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the highest-ranked journal published in Croatia according to the SCImago Journal Rank. In this issue of 
Engineering Power, you can read about the numerical determination of the nominal wake of the Japan Bulk 
Carrier at model scale, propeller open-water characteristics using geometries generated by an automated 

tool and three-dimensional scanning, high-fidelity propulsion modelling in ship hydrodynamics, meteorological forecast 
uncertainties in ship speed-loss predictions, and a comprehensive review of non-Newtonian fluid mechanics in engineering 
and marine applications. I hope you enjoy reading this issue.
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Bruno Zelić, Vice-President of the Croatian Academy of Engineering

FOREWORD
With the rapid development of computational methods, ship hydrodynamics is increasingly driven by high-
fidelity numerical simulations supported by validation. While experimental methods remain essential, ad-
vanced computational fluid dynamics now enables accurate resolution of complex flow phenomena around 
hulls and propellers. Key challenges include reliable prediction of the nominal wake, which governs pro-
peller inflow and overall performance, and sensitivity to geometric representation, which can significantly 
affect open-water characteristics. Coupled simulation frameworks further improve accuracy by capturing 

hull-propeller interactions under steady and unsteady conditions. In addition, growing attention is given to uncertainty in 
operational environments, particularly the influence of weather forecast errors on ship speed and performance predictions. 
Interdisciplinary developments, such as non-Newtonian fluid mechanics, further expand applications in marine engineering.
This edition presents five advances in numerical methods and modelling approaches for ship hydrodynamics and marine 
engineering that contribute to more accurate, reliable, and physically consistent prediction of propulsion performance and 
operational behaviour.
The first study [1] numerically determines the nominal wake of the Japan Bulk Carrier at model scale using the Reynolds 
Averaged Navier-Stokes equations with the Shear Stress Transport k-ω turbulence model, validates the results against ex-
perimental data, and reports generally good agreement, resulting in an overall deviation of −2.72 %. The second study [2] 
investigates propeller open-water characteristics using geometries generated by an automated tool and three-dimensional 
scanning, and demonstrates that the choice of geometric modelling approach significantly affects the predicted thrust, torque, 
and open water efficiency. The third study [3] presents a high-fidelity sliding mesh approach implemented in OpenFOAM 
that couples rigid-body motion with propeller rotation, validated against Duisburg Test Case data with accurate prediction of 
propulsion performance and characteristic frequencies. The fourth study [4] assesses the impact of meteorological forecast 
uncertainties on ship speed-loss predictions by comparing three computational approaches, and finds that errors in significant 
wave height have the strongest influence on speed prediction uncertainty, with model-dependent variations in sensitivity 
across different sea states. The fifth study [5] provides a comprehensive review of non-Newtonian fluid mechanics in en-
gineering and marine applications, highlighting how rheological models and dimensionless analysis support key functions 
such as drag reduction, flow assurance, and damping.
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Abstract
A key element in propeller design is the accurate determination of the nominal wake. Therefore, in the present study 
the nominal wake of the Japan Bulk Carrier is determined numerically at model scale, and the numerical results 
are validated with the available experimental data. The numerical approach is based on the Reynolds Averaged  
Navier–Stokes (RANS) equations closed with the Shear Stress Transport k-ω (SSTKO) turbulence model. The govern-
ing equations are discretized using the Finite Volume Method (FVM) to obtain an algebraic system of equations.  The 
nominal wake is evaluated through numerical simulations that account for the free surface effects. A verification study 
is performed to quantify the numerical uncertainty associated with the mesh resolution and time step using the Grid 
Convergence Index (GCI) method. The validation study consists of a comparison between the numerically obtained ve-
locity components and the corresponding experimental measurements. The contour plots of the dimensionless velocity 
components indicate that the numerically predicted axial velocity is higher than the experimental values, whereas the 
tangential and radial components show good agreement with the experimental data. The circumferentially averaged 
dimensionless axial velocity predicted numerically show good agreement between 0.4R to 0.8R, while at radii from 0.8R 
to 1R, the numerical results overpredict the axial velocity. Finally, the integral values of the nominal wake are calcu-
lated, where the relative deviation between the numerical and experimental results is equal to -2.72 %.

Keywords: CFD, EFD, nominal wake, Japan Bulk Carrier, resistance test

1.	 Introduction
The nominal wake, measured at the propeller disc plane, 
represents one of the most critical aspects of propeller de-
sign. Its accurate determination is essential not only for 
defining the propeller blade section geometry and local 
pitch distribution but also for evaluating the efficiency of 
Energy Saving Devices (ESDs) [1]. Traditionally, full-
scale nominal wake predictions rely on towing tank meas-
urements conducted at the model scale. However, due to 
the limited number of validation studies, no firm conclu-
sions can be drawn regarding the accuracy of different 
wake-scaling procedures. Pronounced scale effects are 
observed because the nominal wake is strongly influenced 
by viscous phenomena [2, 3]. These effects manifest as 
lower axial velocity values at the propeller disc plane in 
model-scale conditions compared to full scale [4].

Zhang et al. [5] investigated the nominal wake at both 
model and full scale using numerical simulations in 
oblique flow and reported a lower mean wake fraction in 

full-scale simulations. The authors attributed this differ-
ence to viscous effects, particularly the relatively thicker 
boundary layer at model scale. Similarly, Dogrul et al. [6] 
performed viscous flow simulations around the KCS and 
KVLCC2 hull forms at different scales and observed re-
duced axial velocities obtained for lower Reynolds num-
bers, further confirming the significant scale dependency 
of the nominal wake.

Conventionally, towing tank experiments are employed to 
determine the nominal wake at model scale. Since such 
measurements in the towing tank are expensive and time-
consuming, Computational Fluid Dynamics (CFD) has 
become an attractive alternative for both model- and full-
scale analyses. As demonstrated by Farkas et al. [4], per-
forming full-scale CFD simulations eliminates the need for 
wake-scaling corrections prescribed by the International 
Towing Tank Conference (ITTC) and avoids the associ-
ated uncertainties. The authors emphasized that full-scale 
CFD simulations offer distinct advantages for stern-flow 
optimization and the validation of ESD performance.
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The influence of surface conditions on propeller perfor-
mance and wake characteristics has also been highlighted 
in recent studies. Farkas et al. [7] performed numerical 
simulations of the open water test to evaluate the effect 
of biofouling on propeller open water characteristics. The 
study led to a new performance prediction method for 
fouled surfaces. The authors pointed out that additional 
investigations are required to assess the influence of sur-
face roughness and fouling on propellers operating in a 
ship’s wake. Subsequently, Farkas et al. [8] investigated 
the influence of biofilm on the nominal wake and demon-
strated that its presence can reduce the integral value of 
the nominal wake of a bulk carrier by up to 7 %.

Wang et al. [9] examined the influence of scale effects on 
the nominal wake of a 4000 TEU containership through 
CFD simulations. The authors compared Double Body 
Simulations (DBS), which neglect the free surface ef-
fects, with Free Surface Simulations (FSS) and found that 
the free surface has a negligible influence on the nominal 
wake. However, a distinct dependence of the mean axial 
wake fraction on the Reynolds number was observed, 
which prompted the authors to propose a new scaling 
method. Guo et al. [10] further examined the nominal 
wake for the case of the KCS by modifying the aft hull 
form to reproduce a full-scale like wake distribution. 
Their results, validated using particle image velocimetry, 
demonstrated that the modified hull configuration effec-
tively minimized scale-induced discrepancies, and the au-
thors proposed a new approach to mitigate scale effects in 
nominal wake prediction.

The aim of the present study is the numerical determina-
tion of the nominal wake of the Japan Bulk Carrier (JBC) 
and the validation of the obtained results with the avail-
able experimental data [11]. The FSS where conducted to 
include the effects of the free surface on the numerically 
obtained nominal wake. The rest of the paper is structured 
as follows: Section 2 describes the case study, outlines the 

mathematical background of the numerical simulations, 
and presents the experimental setup. Section 3 discusses 
the results of the verification and validation studies. Fi-
nally, Section 4 summarizes the main conclusions and 
outlines directions for future work.

2.	 Methods
2.1	 Case study

The JBC is used as a case study in the numerical analysis 
of the nominal wake. The JBC is a capsize bulk carrier 
that has a bulbous bow and a transom stern. It was de-
veloped by the National Maritime Research Institute at 
the Yokohama National University and the Ship Building 
Research Centre of Japan for the purposes of the CFD 
workshop held in 2015 [12]. In Table 1, the main param-
eters can be seen, and the 3D model is shown in Figure 
1. Figure 2 illustrates the location of the propeller plane, 
along with the global coordinate system. The coordinate 
system is defined with its origin at the intersection of the 
aft perpendicular and the waterplane. The x-axis points 
toward the bow, the z-axis is oriented upward, and the y-
axis is directed toward the port side.

Main Parameter Value

Scale 40.264

Length between perpendiculars       , m 6.954

Length of waterline       , m 7.078

Breadth     , m 1.118

Draught    , m 0.410

Displacement volume     , m3 2.733

Table 1. JBC main parameters.
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Fig. 1. Isometric and side views of the 3D model used in the numerical simulations.



4 Engineering Power

2.2	 Experimental setup

The scale was selected to match the one used in the tow-
ing tank tests conducted at the Brodarski Institute in Za-
greb [13]. As a part of the Croatian Science Foundation 
research project “Sustainable slow steaming for low car-
bon shipping”, STARSHIP, an extensive experimental 
campaign was conducted including the resistance, open 
water and self-propulsion tests. The experimental cam-
paign also included the measurements of the nominal 
wake. The nominal wake was obtained by measuring the 
absolute and static pressure using a five-hole Prandtl Pitot 
tube [11]. Figure 3 shows the installed five-hole Prandtl 
Pitot tube in the stern region, near the propeller.

Fig. 3. The five-hole Prandtl Pitot tube installed at the stern.

By subtracting the measured pressure values, the veloc-
ity components were calculated. The velocity components 
were obtained at radial positions equal to 0.35R, 0.55R, 
0.74R, 0.94R, and 1.04R and at angular positions from 
0° to 360° with 10° increments. According to long-term 
practice at the Brodarski Institute, the uncertainty associ-
ated with the measurements of absolute and static pres-
sures at the propeller plane is within ±3 % [14].

2.3	 Mathematical formulation

The numerical simulations are conducted with the com-
mercial software STAR-CCM+ version 2306 [15] in 
which the mathematical model is based on Reynolds av-
eraged Navier-Stokes (RANS) equations which read as 
follows:
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where ρ  is the fluid density, iu  is the averaged Cartesian 
component of the velocity vector, i ju uρ ′ ′  is the Reynolds 
Stress Tensor (RST), p  is the mean pressure, and ijτ  is 
the mean viscous stress tensor.

For the closure of the governing equations, the two-
equation Shear Stress Transport k-ω (SSTKO) turbulence 
model was used [14]. Within the SSTKO turbulence mod-
el two additional equations, one for the turbulent kinetic 
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Fig. 2. Position of the propeller disc and the global coordinate system.
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where µ  is the dynamic viscosity coefficient of the flu-
id, tµ  is the turbulent eddy viscosity, kσ , ωσ , β , and 

*β  are model coefficients, kG , nlG , bG , and Gω  are the 
turbulent, non-linear, buoyancy, and specific dissipation 
production terms, respectively, *f

β
 is the vortex-stretch-

ing modification factor, fβ  is the free-shear modification 
factor, 0k  and 0ω  are the ambient values that counteract 
turbulence decay, and finally, kS  and Sω  are the user-
specified source terms.

The governing differential equations were discretized 
using the Finite Volume Method (FVM). Since the nu-
merical simulations accounted for the presence of a free 
surface, the interaction between the two immiscible flu-
ids, i.e., water and air, was modelled using the Volume of 
Fluid (VOF) method. To ensure accurate resolution of the 
interface between the two phases, the High-Resolution 
Interface Capturing (HRIC) scheme was employed. Also, 
gravity is considered in the numerical simulations.

2.4	 Numerical setup

In the present study, the numerical simulations that in-
clude the free surface effects are conducted, i.e., FSS. The 
numerical simulations are conducted at model scale to be 
able to validate the obtained results by directly compar-
ing them to the experimental measurements. The com-
putational domain in the FSS is generated according to 
the ITTC recommendations [16, 17]. In Figure 4 details 
of the computational domain are shown. The computa-
tional boundaries are placed at a distance large enough to 
prevent any undesired influence on the numerical solu-
tion. Velocity inlet is applied at the inlet, top and bottom 
boundaries, while outlet pressure is defined at the outlet 
boundary. At the side boundaries the symmetry boundary 
condition is used. For the hull and rudder surfaces, the 
no-slip wall boundary condition is applied. To avoid the 
wave reflections from the domain boundaries, the wave 
damping method [18] is applied at the inlet, outlet and 
side boundaries.

Fig. 4. Details of the computational domain.

Fig. 5. Dimensionless wall distance y+  obtained on the hull  
and rudder surfaces of the JBC.
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The computational domain is discretized using unstruc-
tured hexahedral cells. The mesh is further refined in the 
following regions: free surface, Kelvin wake, bow, stern, 
and around the propeller disc.

The boundary layer is solved by applying wall functions 
and thus, the dimensionless wall distance y+  is main-
tained above 30, as shown in Figure 5. The SSTKO turbu-
lence model combined with wall functions was selected 
as a compromise between the computational resources 

needed to conduct the numerical simulations and the ac-
curacy of the numerical results.

To maintain the y+  value above 30, prism layers are gen-
erated in the vicinity of the hull and rudder surfaces. The 
distance between the centre of the first cell near the wall 
and the wall is carefully selected and additional prism lay-
ers are generated to keep a smooth transition to the rest of 
the mesh. Detailed views of the generated mesh with all 
applied refinements are presented in Figures 6 and 7.

Fig. 6. The top and side views of the generated mesh.

The numerical schemes used to solve the temporal, con-
vection and gradient terms are selected following the 
recommendations given by Grlj et al. [19]. First-order 
discretization scheme is used for the temporal discretiza-
tion, while second-order schemes are used for solving the 
convection and gradient terms.
The numerical simulations are carried out assuming 
smooth surfaces for both the hull and the rudder, and a 

fully developed turbulent flow throughout the computa-
tional domain. A freshwater density of 999.49 kg/m³ is 
used to replicate the conditions of the towing tank experi-
ments, while the dynamic viscosity is set to 0.0012584 
Pa·s. Since the towing tank measurements are performed 
at the design speed of the JBC, the inflow velocity in the 
numerical simulations is set to 1.176 m/s, which corre-
sponds to a full-scale speed of 14.5 knots.

Fig. 7. Mesh details at the stern, near the propeller plane.
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3.	 Results
3.1	 Verification study

A verification study is conducted to assess the numeri-
cal uncertainty due to mesh resolution and time step. For 
the verification study, the Grid Convergence Index (GCI) 
method is used [20-22]. Three meshes are generated for 
the verification study, Table 2. The fine time step is de-
fined as 0.125 % LPP/v, while the medium and coarse time 
steps are obtained by multiplying the fine time step by 2 
and 4, respectively.

Mesh Number of 
cells N

Grid spacing 
h, m Time step, s

Fine 3.5M 0.162 0.0074
Medium 1.7M 0.204 0.0148
Coarse 0.6M 0.282 0.0296

Table 2. Mesh sizes and time steps used in the verification study.

The verification study is conducted for the integral value 
of the nominal wake nw . Table 3 shows the obtained re-
sults. The reported numerical uncertainty due to the mesh 
resolution is above 8 %. The reported order of method 
is close to 2, which indicates that the calculated GCI is 
reliable. The high numerical uncertainty can be attributed 
to the geometry of the JBC, which has a large block coef-
ficient and exhibits strong flow recirculation in the stern 
region. Thus, the velocity distribution in the stern region 
varies a lot and to capture the local flow phenomenon ful-
ly, a more robust approach should be considered.

In contrast to the verification study for mesh resolution, 
the time step verification yielded better results, with the 
predicted GCI equal to 0.42 %. The observed order of 
method p, was considerably lower than the theoretical 
value of 2, indicating an overestimation of the computed 
numerical uncertainty. Consequently, the uncertainty as-
sociated with the time step can be considered negligible 
compared to that arising from the mesh resolution.

Parameter Mesh resolution Time step

ε21 0.039 -0.002

ε32 0.040 0.003

R 0.975 -0.570

p 2.196 0.820

0.600 0.646

0.061 0.003

0.076 0.003

8.83 % 0.42 %

Table 3. The verification study results.

3.2	 Validation study

The numerical results presented in this subsection were 
obtained using the fine mesh and time step after the veloc-
ity components at the propeller plane had converged. The 
results presented in this subsection correspond to the final 
time step. Since the experimental velocity data below 0.4R 
were extrapolated, only values for higher radii are shown.

Figure 8 shows the comparison between the numerically 
and experimentally obtained distributions of the dimen-
sionless axial velocity component at the propeller disc. 
The dimensionless axial velocity component predicted 
numerically is higher than the experimental values. A 
reason for this is the presence of rudder in the numerical 
simulations as opposed to the experimental setup. This is 
because the Prandtl Pitot tube was used in the towing tank 
and the installation of the required equipment occupied 
the stern area, specifically the rudder region. The hook 
like shape is visible in both cases, but the speed reduc-
tions obtained in the towing tank are greater compared to 
the speed reduction obtained numerically. In the region 
closer to the hub, the speed reductions predicted numeri-
cally are greater than those obtained experimentally.

Fig. 8. Comparison between the numerical and experimental results of the dimensionless axial velocity component at the propeller disc.
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A more detailed representation of the axial velocity com-
ponent is shown in Figure 9, where the circumferential 
distributions of the dimensionless axial velocity for radii 
ranging from 0.4R to 1R are presented. The numerically 
predicted axial velocity between 0.4R and 0.8R show good 
agreement with the experimental data. At radii from 0.8R 

Fig. 9. The numerically and experimentally obtained circumferential distributions  
of the dimensionless axial velocity component at radii from 0.4R to 1R.

to 1R, however, the numerically obtained axial velocity 
becomes higher than the experimental values. There are 
larger speed reductions at circumferential position from 
80° to 140° and likewise from 220° to 290° at radii from 
0.6R to 0.8R. Also, at radii 0.6R and 0.7R larger discrep-
ancies are evident from 0° to 60° and from 300° to 360°.

Fig. 10. Comparison between the numerical and experimental results of the  
dimensionless tangential velocity component at the propeller disc.
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Figures 10 and 11 show the comparisons of the tangen-
tial and radial velocity components obtained numerically 
and experimentally, respectively. Overall, the numerically 
predicted flow patterns agree well with the experimental 
observations. However, the experimental results exhibit a 
higher tangential velocity component in the region closer 
to the propeller hub compared to the numerical predictions. 
Similarly, in the region near the propeller tip, the tangen-
tial velocity measured in the towing tank is greater than 
that obtained from the numerical simulations. The towing 
tank measurements reveal an increase in the radial velocity 
component above the propeller hub that is not captured in 
the numerical simulations. Moreover, the experimental re-
sults show a more pronounced variation in the magnitude 
of the radial velocity component both above and below the 
hub compared to the numerical predictions.

Figure 12 presents the radial distribution of the circumfer-
entially averaged dimensionless axial velocity component 
comparing the numerical and experimental results. No-
ticeable differences are observed between the numerical 
and experimental results in the range from 0.4R to 0.8R, 
while the discrepancies decrease with increasing radial 
position. At smaller radii, the numerically obtained axial 
velocity is lower than the experimental values, whereas 
between 0.9R and 1R it becomes slightly higher.

Fig. 12. Radial distribution of the circumferentially averaged 
dimensionless axial velocity component.

Finally, the integral value of the nominal wake is calcu-
lated as: 

A1n
vw
v

= − (5)

where v  is the ship speed and Av  is the averaged axial 
velocity component over the propeller disc.

The numerically obtained integral value of the nominal 
wake is equal to 0.640, while the value derived from the 
experimental data is equal to 0.658. This corresponds to a 
relative deviation of only -2.72 %, indicating that despite 
local discrepancies in the axial velocity distribution, the 
overall nominal wake can be accurately predicted by the 
numerical simulations at model scale.

4.	 Conclusions
Numerical simulations of the resistance test were per-
formed for the Japan Bulk Carrier at model scale, with par-
ticular emphasis on the flow characteristics in the propel-
ler disc region. The presented results include contours of 
the dimensionless velocity components, axial, tangential, 
and radial, as well as the radial and circumferential distri-
butions of the dimensionless axial velocity and the integral 
value of the nominal wake. A comprehensive verification 
study was carried out to quantify the numerical uncertain-
ty associated with mesh resolution and time step. The find-
ings revealed that mesh resolution had a major impact on 
the numerical uncertainty, while the influence of the time 
step was comparatively smaller. This can be attributed to 
the presence of recirculation zones in the stern region of 
the Japan Bulk Carrier, which caused fluctuations in the 
computed integral value of the nominal wake.

The validation study, based on the comparison of numerical 
and experimental results, showed that the numerically pre-
dicted dimensionless axial velocity component was general-
ly higher than the experimental measurements, although the 

Fig. 11. Comparison between the numerical and experimental results of the  
dimensionless radial velocity component at the propeller disc.
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characteristic hook like pattern was accurately reproduced. 
The contours of the tangential and radial velocity compo-
nents also exhibited good agreement with the experimental 
data. The numerically obtained radial distribution of the cir-
cumferentially averaged axial velocity was lower than the 
experimental values between 0.4R and 0.8R but exceeded 
them at higher radii. Despite these local discrepancies, the 
relative deviation between the numerically and experimen-
tally obtained integral values of the nominal wake was only 
-2.72 %, demonstrating that the overall wake characteristics 
were well captured by the numerical model.
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Abstract
This study presents a numerical investigation of open water characteristics using propeller geometry obtained through 
different approaches: automated approach with an online generator and three-dimensional scanning. The main objec-
tive is to evaluate the influence of the chosen geometric modelling approach on the predicted propeller open water 
characteristics. The turbulent flow around the propeller is modelled using the steady incompressible Reynolds Averaged 
Navier-Stokes equations and Shear Stress Transport k-ω turbulence model in combination with the γ-Reθt transition 
model, enabling the simulation of both laminar and turbulent flow. Numerical simulations are performed using the 
commercial Computational Fluid Dynamics software STAR-CCM+ 2310. The methodology follows the recommenda-
tions of the International Towing Tank Conference, and verification of the numerical results is carried out through grid 
independence studies. Validation of the numerical results is performed by comparison with experimental open water 
data obtained at the Brodarski Institute in Zagreb. The open water characteristics predicted using the scanned and 
generated propeller are compared in terms of thrust, torque, and open water efficiency. The results provide insight into 
the sensitivity of propeller performance to geometric modelling approach and highlight the importance of accurate 
geometry representation in numerical analyses.

Keywords: CFD, EFD, open water test, containership, Wageningen-B series

1.	 Introduction
Computational Fluid Dynamics (CFD) is widely applied 
in marine engineering for the analysis of the hydrodynam-
ic characteristics of marine propellers. This approach ena-
bles detailed investigation of the flow around a propeller 
without the need for costly and time-consuming towing 
tank tests. Recent studies have shown that CFD simula-
tions can be used for accurate prediction of the Propeller 
Open Water (POW) characteristics.

In numerical simulations based on the Reynolds Averaged 
Navier-Stokes (RANS) equations, various approaches 
can be employed to simulate propeller operation, such as 
the overset mesh method [1, 2] or a steady-state approach 
based on a rotating coordinate system, commonly referred 
to as the Moving Reference Frame (MRF) method [3-6]. 
Numerical simulations allow researchers to study the hy-
drodynamic characteristics of propellers in open water 
conditions at different scales, thereby enabling investiga-
tion of scale effects on propeller performance. Chen et al. 
[1] investigated the scale effects on the highly skewed IN-
SEAN E1619 propeller and observed a significant effect 
on the torque coefficient, as well as on pressure and veloc-
ity distributions, while the effect on the thrust coefficient 
was less pronounced. Specifically, at larger scales, higher 
non-dimensional pressure values were obtained on the 
suction side, whereas the opposite trend was observed on 
the pressure side. Dong et al. [4] studied the scale effects 
on the open water efficiency of the International Towing 
Tank Conference (ITTC) PPTC-II propeller. The authors 
observed influence of scale on the thrust coefficient and 
attributed it to the reduction of boundary-layer thickness 

on the propeller blades at full scale compared to model 
scale. Grlj et al. [6] investigated the scale effects on POW 
characteristics and demonstrated that they can be signifi-
cantly reduced by applying a transition model. Emphasis 
was placed on the application of transition model at model 
scale, which enables improved prediction of laminar and 
turbulent flow near the propeller blades, thereby reducing 
discrepancies in the prediction of open water efficiency. 
The obtained results highlight the importance of careful 
selection of turbulence models to achieve high simulation 
accuracy. Studies addressing the application of transition 
models, particularly the tReθγ −  transition model, indi-
cate that this model improves the prediction of POW char-
acteristics at model scale [7, 8]. By accounting for both 
laminar and turbulent flow, better agreement between the 
numerically obtained boundary-layer flow characteristics 
and experimental data has been achieved for both con-
ventional and highly skewed propellers [9, 10]. Pawar 
and Brizzolara [11] showed that inclusion of a transition 
model at model scale improved agreement between nu-
merical and experimental results for both conventional 
and ducted propellers. Lopes et al. [12] demonstrated that 
omission of additional terms describing crossflow leads 
to almost completely laminar flow around the propeller 
blades. When these terms are included, a significant por-
tion of the flow becomes turbulent, resulting in reduced 
thrust and torque coefficients.

To obtain the 3D model of the propeller for use in the nu-
merical simulations, different methods can be employed. 
It can be generated using automated tools such as the 
online generator for the Wageningen B-series propellers 
[13]. Another approach for obtaining the 3D model of a 
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propeller is reverse engineering if the physical propel-
ler model is available. Guan and Gu [14] reconstructed 
the geometry of a propeller and a ship hull using point 
cloud data obtained from laser scanning of the surfaces. 
Njaastad et al. [15] automated the operation of an in-
dustrial robot to scan full-scale propeller blades using 
a high-precision camera and a laser sensor. The authors 
demonstrated that accurate propeller blade models can be 
obtained through automated scanning methods. In a more 
recent study, Njaastad et al. [16] presented a procedure 
for extracting various geometric parameters of propel-
ler blades using point cloud data as input. The proposed 
method was validated by determining the propeller pa-
rameters for the KVLCC2 ship. Similarly, Zheng et al. 
[17] proposed a method for reconstructing propeller ge-
ometry from point cloud data.

In this study, CFD simulations are used to determine the 
hydrodynamic characteristics in open water of a Fixed 
Pitch Propeller (FPP). Numerical predictions of the POW 
characteristics obtained using a generated propeller ge-
ometry are compared with those obtained using a scanned 
propeller geometry. The remainder of the paper is organ-
ized as follows. Section 2 describes the case study, the ex-
perimental setup, the mathematical and numerical setup, 
and two approaches used to obtain the propeller geometry. 
Section 3 presents the numerical results, while Section 4 
summarizes the main findings of the study.

2.	 Methods
2.1	 Case study

The considered propeller is a FPP used for a post-Pan-
amax 6750 TEU containership with the main parameters 
shown in Table 1.

Main Parameter Value
Scale 35.18
Diameter, D 0.2075 m
Number of blades, Z 4
Expanded area ratio, AE /A0 0.75
Pitch ratio, P/D 0.8901
Hub ratio, d/D 0.1687
Rate of revolution, n 25.01 rps
Direction of rotation Clockwise

Table 1. Propeller main parameters.

The 3D model of the propeller is obtained using two meth-
ods, which are explained in the subsection 2.5 in detail.

2.2	 Experimental setup

The Open Water Tests (OWT) were conducted at the 
Brodarski Institute within the Croatian Science Foun-
dation research project “Sustainable slow steaming for 

low-carbon shipping” [18]. The experimental results are 
taken from Degiuli et al. [19], where the authors pro-
vide a detailed description of the conducted OWT along 
with a comprehensive analysis of the associated experi-
mental uncertainties. The OWT were conducted for ad-
vance coefficients J ranging from 0 to 1 by maintaining 
a constant rate of revolution and varying the advance  
speed vA.

2.3	 Mathematical formulation

The numerical simulations of the OWT are based on the 
RANS equations which read as follows:
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where ρ  is the fluid density, iu  is the averaged Cartesian 
component of the velocity vector, i ju uρ ′ ′  is the Reynolds 
Stress Tensor (RST), p  is the mean pressure, and ijτ  is 
the mean viscous stress tensor.

The Shear Stress Transport k-ω (SSTKO) turbulence 
model is used for the closure of the governing equations. 
Two additional transport equations are solved: one for the 
turbulent kinetic energy k and one for the specific dissipa-
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where µ  is the dynamic viscosity coefficient of the fluid, 
tµ  is the turbulent eddy viscosity, kσ , ωσ , β , and *β  

are model coefficients, kG , nlG , bG , and Gω  are the tur-
bulent, non-linear, buoyancy, and specific dissipation pro-
duction terms, respectively, *f

β
 is the vortex-stretching 

modification factor, fβ  is the free-shear modification 
factor, 0k  and 0ω  are the ambient values that coun-
teract turbulence decay, and finally, kS  and Sω  are the  
user-specified source terms.

Since the numerical simulations are conducted at model 
scale, laminar flow is considered by implementing the 

tReθγ −  transition model [6]. It consists of solving the 
transport equations for intermittency γ  and transition 
momentum thickness Reynolds number tReθ , which read 
as follows:

λ
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where Pγ  and tPθ  are production terms, fσ  and tθσ  are 
model coefficients, and Eγ  is the destruction term.

The system of algebraic equations is obtained by dis-
cretizing the governing equations with the finite volume 
method. The rotation of the propeller is accounted for with 
the steady-state MRF method in which the region around 
the propeller is defined in a rotating coordinate system. 
The numerical simulations are performed until the thrust 
and torque converged for each J.

2.4	 Numerical setup

The computational domain is cylinder shaped with the 
dimensions defined according to the ITTC recommenda-
tions [20]. The inlet boundary is positioned at 4D in front 
of the propeller and a uniform velocity inlet is defined 
as the boundary condition. The outlet boundary is set as 
pressure outlet, and it is positioned at 20D behind the pro-
peller. The outer boundary is set at 4D from the propeller 
and symmetry boundary condition is used. The propeller 
surfaces are set as no-slip wall.

The computational domain is discretized using the hexa-
hedral cells and the regions close to and behind the pro-
peller are more refined. Prism layers are generated from 
the propeller surfaces to keep the non-dimensional wall 
distance y+  below 1. This is because the boundary layer 
must be fully discretised for the transition model to acti-
vate. The computational domain and the generated mesh 
are shown in Figure 1.

Fig. 1. The computational domain and the generated mesh.
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The physical properties of water are set to freshwa-
ter conditions, consistent with the towing tank tests as: 

3999.25 kg/mρ =  and 0.001191 Pa sµ = ⋅  .

2.5	 Geometry

The 3D model of the propeller was obtained using two 
methods: online generator and 3D scanning of the stock 

propeller. Since the analysed propeller is a Wageningen  
B-series propeller, the available online tool [13] was used 
for the generation of the 3D model of the propeller. To ob-
tain the STL file of the 3D model, the only input required 
are the main parameters of the propeller. The graphical 
user interface is shown in Figure 2.

Fig. 2. Wageningen B-series online generator.

Since the stock propeller was available, the 3D scanning 
approach was employed using the ATOS 5x optical digi-
tizer system [21]. The system comprises a scanning head 
equipped with a laser projector that generates a structured-
light pattern. This pattern is projected onto the propeller 
surface and captured by high-resolution stereo cameras 
positioned at calibrated angles within the scanning head, 
as shown in Figure 3. To ensure measurement accuracy, 
the system incorporates real-time temperature compensa-
tion and adaptive exposure to account for environmental 
conditions and surface reflectivity variations. The resulting 

point cloud is generated through analysis and triangulation 
of the reflected light patterns using the Zeiss Inspect™ 
metrology software [22]. The propeller was coated with 
the surface treatment Reflecon Tarnish to obtain a uniform 
white surface, thereby improving the quality of the digiti-
zation process. The propeller was mounted on a rotating 
platform equipped with several uncoded circular markers 
with a diameter of 3 mm, as shown in Figure 4. Based on 
the acquired point cloud, a three-dimensional CAD model 
of the propeller was generated in STL format and subse-
quently smoothed for use in the numerical simulations.

Fig. 3. The 3D scanning process.

0.001191 Pa sµ = ⋅0.001191 Pa sµ = ⋅
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3.	 Results
3.1	 Verification study

The verification study was performed to assess the nu-
merical uncertainty due to mesh resolution using the Grid 
Convergence Index (GCI) method [23]. The calculation 
procedure for the GCI is provided by Grlj et al. [7]. It was 
necessary to calculate the grid spacing h to define the re-
finement ratio r between different mesh resolutions. Table 
2 shows the obtained number of cells N and grid spacing 
h for each mesh size.

Generated Scanned
N h, m N h, m

Coarse, 3 4.797M 9.00 1.734M 8.22
Medium, 2 6.088M 7.20 3.479M 5.81
Fine, 1 8.004M 5.83 8.001M 4.11

Table 2. Details of the meshes used in the verification study.

J R p      , %

0.08 0.0002 -0.0002 -1.36 0.877 0.83
0.16 0.0004 -0.0003 -1.17 0.448 1.52
0.24 0.0004 -0.0003 -1.39 0.956 0.43
0.32 0.0006 -0.0004 -1.45 1.062 0.46
0.40 0.0007 -0.0007 -1.04 0.125 4.40
0.48 0.0007 -0.0004 -1.85 1.775 0.18
0.56 -0.0004 -0.0005 0.70 1.038 0.18
0.64 -0.0004 -0.0005 0.73 0.908 0.19
0.72 -0.0006 -0.0009 0.71 0.997 0.27
0.80 -0.0019 -0.0026 0.73 0.908 0.89
0.88 -0.0053 -0.0056 0.95 0.145 23.89

Table 3. Results of the verification study for the generated 
propeller geometry.

The results of the verification study for the gener-
ated propeller geometry are shown in Table 3. The nu-
merical uncertainty was calculated for the open water  
efficiency Oη . Monotonic convergence is achieved at 
0.56 0.88J< < , while divergence is observed at lower 
J. The order of the method p is lower than 2, which sug-
gests an overprediction of the GCI. Nevertheless, for most 
cases the calculated GCI is below 1 %, with only a few 
exceptions exhibiting higher values such as 1.51 % and  
4.4 % at 0.16J =  and 0.40J = , respectively. The high-
est GCI is obtained at 0.88J = , however in this regime 
the Oη  decreases rapidly. It should be noted that this op-
erating region is not relevant to typical propeller perfor-
mance, therefore, this point is considered an outlier and 
may be excluded from the verification study.

The results of the verification study for the scanned pro-
peller geometry are shown in Table 4. Again, the numeri-
cal uncertainty was calculated for Oη . In this case, the 
obtained results are marginally better than those obtained 
for the generated propeller geometry. Monotonic conver-
gence is obtained over almost the entire range of J. Slight 
oscillatory convergence is observed at 0.08J = , where p 
is well above 2, thus indicating an underprediction of the 
GCI. The obtained GCI is below 4 % for most cases, with 
the exception of the highest J, for which the GCI reaches 
5.35 %. Excluding the lowest J, the minimum GCI value 
of 0.47 % is obtained at 0.40J = . Overall, both verifi-
cation studies indicate that the fine mesh resolutions are 
adequate for the remaining numerical simulations.

Fig. 4. The propeller situated on the rotating platform.

21ε 32ε 21
fineGCI

J , %

0.08 -0.00003 -0.0012 -0.03 10.569 0.001
0.16 -0.0010 -0.0018 0.55 1.711 0.82
0.24 -0.0018 -0.0023 0.79 0.696 2.96
0.32 -0.0018 -0.0031 0.57 1.603 0.79
0.40 -0.0018 -0.0038 0.49 2.090 0.47
0.48 -0.0027 -0.0043 0.63 1.324 1.07
0.56 -0.0036 -0.0050 0.73 0.927 1.94
0.64 -0.0042 -0.0059 0.72 0.944 2.04
0.72 -0.0048 -0.0067 0.71 0.982 2.07
0.80 -0.0070 -0.0097 0.72 0.942 3.10
0.88 -0.0098 -0.0132 0.74 0.864 5.35

21ε 32ε 21
fineGCIpR

Table 4. Results of the verification study for the scanned 
propeller geometry.

3.2	 Validation study

In this subsection, the results of the validation study are 
presented. The relative deviations were calculated with 
the following equation: 

CFD EFD

EFD

100 %RD φ φ
φ
−

⋅= (7)
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where φ  is the considered physical quantity, and the 
subscripts CFD and EFD indicate that the results are 
obtained numerically and experimentally, respective-
ly. First, the obtained results for both geometries and 
those obtained experimentally are compared in Figure 
5. It is evident that the thrust coefficient KT and torque  
coefficient KQ obtained using the generated propeller ge-
ometry exhibit significant deviations from the experimen-
tal results. In contrast, numerical simulations performed 
with the scanned propeller geometry show improved 
agreement for both KT and KQ compared to those obtained 

with generated propeller geometry. However, the numeri-
cally predicted Oη  differs significantly from the experi-
mental values for both geometries, with the discrepan-
cies increasing with J. The improved performance of the 
scanned geometry is attributed to the fact that, during the 
geometry generation process, certain input parameters had 
to be estimated due to the lack of precise measurements. 
Specifically, the authors did not have information on the 
rake angle, the leading and trailing edge fractions, or the 
size of the hub fillet. Moreover, the root and tip thickness-
es were estimated based on the available drawings.

Fig. 5. Open water curves obtained numerically with generated and scanned propeller geometry, and experimentally.

The obtained relative deviations between the numerical 
and experimental results are given in Table 5. It can be 
seen that the relative deviations obtained between the nu-
merical results with the generated propeller geometry and 
the experimental results are well above 10 % for both KT  
and KQ. The relative deviations for the scanned propeller 
are significantly lower than for the generated propeller. The 
relative deviations increase with J and the largest relative 
deviations are obtained for 0.8J > . However, this region 
is not relevant for typical propeller operating conditions.

Generated Scanned
J KT, % KQ, % ηO, % KT, % KQ, % ηO, %

0.08 -10.38 -14.58 4.93 -4.99 -7.03 2.24
0.16 -11.13 -15.77 5.48 -2.24 -5.29 3.22
0.24 -12.83 -17.85 6.08 -1.49 -5.18 3.90
0.32 -13.07 -18.31 6.38 -1.64 -5.72 4.34
0.4 -12.84 -18.71 7.18 -1.82 -6.71 5.25
0.48 -12.67 -19.36 8.27 -2.00 -7.94 6.47
0.56 -12.8 -20.67 9.85 -2.29 -9.69 8.17
0.64 -13.62 -22.1 10.84 -2.89 -11.32 9.51
0.72 -15.85 -24.27 11.05 -4.39 -13.18 10.51
0.8 -21.56 -29.14 10.68 -6.65 -16.58 11.92
0.88 -42.03 -39.27 -4.61 -14.72 -26.03 15.27

Table 5. Relative deviations between the numerically and 
experimentally obtained results.

3.3	 Flow visualization

In this subsection, more details of the obtained flow 
around the propeller at 0.48J =  are given. First, the  
obtained y+  values on the propeller suction and pressure 
side are presented in Figure 6. For both geometries the 
y+  values are below 1 across the entire propeller. In the 

case of the generated propeller geometry, y+  values are 
marginally higher on the pressure side compared to those 
obtained for the scanned propeller geometry. This ensures 
that the boundary layer is fully resolved and that the tran-
sition model is active in the numerical simulations.

Fig. 6. The numerically obtained y+  on the propeller suction 
(top) and pressure (bottom) side for generated (left)  

and scanned (right) propeller geometry.
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Figure 7 presents the velocity magnitude distribution on 
the longitudinal cross section. It can be seen that the ob-
tained velocity behind the propeller is higher in the case 
of the scanned propeller geometry compared to the gener-
ated propeller geometry. More details around the propel-
ler are shown in Figure 8. The detailed view reveals that 

the transition between the blade and the hub is consider-
ably smoother for the scanned propeller geometry than 
for the generated geometry. This is one of the factors con-
tributing to the higher velocities observed downstream of 
the scanned propeller compared to those obtained with the 
generated propeller.

Fig. 9. Detailed view of the pressure around the generated (left) and scanned (right) propeller geometry.

Fig. 8. Detailed view of the velocity magnitude around the generated (left) and scanned (right) propeller geometry.

Fig. 7. The velocity magnitude on the longitudinal cross section obtained with the generated (top)  
and scanned (bottom) propeller geometry.
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Figure 9 shows the pressure fields around the propeller, 
with visible differences at the suction side on the propel-
ler tips. Lower values are obtained for the scanned pro-
peller compared to the generated propeller. Likewise, on 
the pressure side of the generated propeller the pressure is 
higher than for the case of the scanned propeller.

Lastly, the distribution of the skin friction coefficient Cf 
on the propeller surfaces are given in Figure 10. The dif-
ferences between the results obtained with different pro-
peller geometries are minimal. Slightly higher values of 
Cf are observed on the suction side of the scanned propel-
ler compared to those of the generated propeller.

Fig. 10. Distributions of the skin friction coefficient on the suction (left)  
and pressure (right) side of the generated (top) and scanned (bottom) propeller geometry.

4.	 Conclusions
In this study, numerical simulations were performed to 
determine the open water characteristics for generated 
and scanned propeller. The mathematical model is based 
on the Reynolds Averaged Navier-Stokes equations and 
employs the Shear Stress Transport k-ω turbulence model 
in combination with the γ-Reθt transition model. The com-
putational domain is discretized using the finite volume 
method within the commercial CFD software STAR-
CCM+ 2310.

Two approaches to propeller geometry generation are con-
sidered: an automated approach with an online generator 
and 3D scanning of a stock propeller model. Verification 
of the numerical simulations is carried out using the Grid 
Convergence Index method. The verification procedure is 
applied for the open water efficiency of both propellers 
for the range of advance coefficient from 0.08 to 0.88. For 
the generated propeller, most GCI values are below 1 %, 
whereas slightly higher GCI values are observed for the 

scanned propeller. This confirms that the fine meshes are 
adequate for the rest of the numerical simulations.

Validation of the numerical results is performed through 
comparison with experimental data obtained at the 
Brodarski Institute in Zagreb. The results show that nu-
merical simulations with the scanned propeller exhibit 
better agreement with the experimental data than those 
based on the generated propeller with respect to the thrust 
and torque coefficients. A direct comparison between the 
generated and scanned propeller reveals significant dis-
crepancies in the thrust and torque coefficients, while the 
differences in open water efficiency are relatively small. 
These findings clearly indicate that the details of the ac-
tual propeller geometry have a substantial impact on the 
accuracy of numerical predictions.

Overall, this analysis confirms that computational fluid 
dynamics can be used to efficiently and reliably predict 
the propeller open water characteristics, provided that the 
propeller geometry is defined with sufficient accuracy.
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Abstract
This paper presents a  Coupled Sliding Mesh (CSM) propulsion model for high-fidelity ship hydrodynamics simulations 
implemented within OpenFOAM. The model integrates rigid body motion with propeller rotation using Arbitrary Mesh 
Interface and morphing mesh approach. The model is validated against experimental data from self-propulsion tests 
on the Duisburg Test Case hull model at SINTEF, Norway, including calm water and three regular head wave cases. 
Grid comparative assessment demonstrated accurate capture of the self-propulsion point, with resistance deviating less 
than 1% from propeller thrust. Frequency domain analysis revealed successful capture of characteristic frequencies: 
wave encounter frequency, first shaft harmonic, and blade passing frequency. This study demonstrates that high-fidelity 
propulsion assessments can be achieved using open-source CFD tools for complex propeller-hull interaction problems.

Keywords: ship hydrodynamics, propeller modelling, OpenFOAM, CFD, self-propulsion

1.	 Introduction
Computer power and numerical tools for ship hydrody-
namics have developed rapidly in recent years. As a result, 
evaluating ship propulsion performance has shifted from 
traditional experimental testing toward computational 
approaches. Towing tanks, however, remain an indispen-
sable asset that complements these computational tools. 
Among the available numerical methods, Computational 
Fluid Dynamics (CFD) based on Reynolds-averaging has 
become the dominant approach for solving a wide range 
of problems in ship hydrodynamics.

This paper addresses the modeling of propeller effects us-
ing a high-fidelity approach within the OpenFOAM toolbox 
[1]. OpenFOAM is an open-source CFD software based on 
a second-order collocated Finite Volume (FV) method. It 
has gained wide acceptance in research and academia due 
to its flexibility, allowing for extensive customization and 
user-developed improvements. Regarding the specific CFD 
modelling of the propeller effects, it is necessary to outline 
the most common methods used. The most straightforward 
approach represents propeller thrust and torque through 
virtual forces, eliminating the need to explicitly model the 
propeller geometry. These techniques fall under body force 
methods, alternatively referred to as actuator disk or virtual 
disk approaches. The core principle involves distributing 
forces within the propeller zone in a manner that remains 
consistent across different propeller designs. This consist-
ency in force distribution was first examined nearly a cen-
tury ago and given in [2], where findings continue to serve 
to this day for the body force group of methods.

The application of such propeller model has been success-
fully validated across many codes [3,4,5]. Since the main 
aim of this paper lies in a fully discretized propeller model 
in contrast to simplified body force method, an extensive 

review of the body force methods application is omitted. 
The most notable disadvantage of the body force meth-
ods is their inability to capture local flow features both 
upstream and downstream of the propeller plane. This is 
however compensated with high computational efficien-
cy. A second group of methods for modelling propeller 
effects is based on a complete representation of propel-
ler geometry with direct modelling of the rotation. Within 
the FV framework, propeller rotation can be modelled us-
ing overset technology [6,7] or via Arbitrary Mesh Inter-
face (AMI) [8]. Also, a Moving Reference Frame (MRF) 
method is often applied in order to initialize the solution 
of the flow around the propeller [9,10].

In this paper, a novel numerical propulsion model is out-
lined that has been implemented in OpenFOAM code. 
The model is based on coupling motions between rigid 
body motion of the hull and a priori known rotating mo-
tion of the propeller, while using the advantages of both 
AMI interface and morphing mesh approach. The model 
is tagged with an acronym Coupled Sliding Mesh (CSM). 
Brief outline of the mathematical model of fluid flow is 
given in Section 2. In Section 3, experimental data with 
corresponding setup on the DTC hull model, originating 
from SINTEF, Norway is given. This is followed with a 
more detailed description of the CSM numerical propul-
sion model in Section 4. In Section 5, results of the self-
propulsion tests in calm water and waves with propeller 
being modelled using CSM approach is given with a focus 
on the torque frequency content.  While the CSM model 
and time-averaged self-propulsion results for the DTC 
hull have been previously reported by the authors [14], 
the present work extends that study through a systematic 
frequency-domain analysis of the propeller torque signal, 
identifying shaft harmonics and blade passing frequency 
components under calm water and regular head wave con-
ditions. Lastly, conclusions and future work are outlined.
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2.	 Mathematical model of fluid flow
In this Section, a mathematical model of fluid flow is giv-
en. Fluid flow is governed by Navier-Stokes (NS) equa-
tions for incompressible flows, the continuity equation (1) 
and momentum equation (2):
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1. Introduction 

Computer power and numerical tools for ship 
hydrodynamics have developed rapidly in recent years. 
As a result, evaluating ship propulsion performance has 
shifted from traditional experimental testing toward 
computational approaches. Towing tanks, however, 
remain an indispensable asset that complements these 
computational tools. Among the available numerical 
methods, Computational Fluid Dynamics (CFD) based on 
Reynolds-averaging has become the dominant approach 
for solving a wide range of problems in ship 
hydrodynamics. 

This paper addresses the modeling of propeller effects 
using a high-fidelity approach within the OpenFOAM 
toolbox [1]. OpenFOAM is an open-source CFD software 
based on a second-order collocated Finite Volume (FV) 
method. It has gained wide acceptance in research and 
academia due to its flexibility, allowing for extensive 
customization and user-developed improvements. 
Regarding the specific CFD modelling of the propeller 
effects, it is necessary to outline the most common 
methods used. The most straightforward approach 
represents propeller thrust and torque through virtual 
forces, eliminating the need to explicitly model the 
propeller geometry. These techniques fall under body 
force methods, alternatively referred to as actuator disk or 
virtual disk approaches. The core principle involves 
distributing forces within the propeller zone in a manner 
that remains consistent across different propeller designs. 
This consistency in force distribution was first examined 
nearly a century ago and given in [2], where findings 
continue to serve to this day for the body force group of 
methods. 

The application of such propeller model has been 
successfully validated across many codes [3,4,5]. Since 
the main aim of this paper lies in a fully discretized 
propeller model in contrast to simplified body force 
method, an extensive review of the body force methods 
application is omitted. The most notable disadvantage of 
the body force methods is their inability to capture local 
flow features both upstream and downstream of the 
propeller plane. This is however compensated with high 

computational efficiency. A second group of methods for 
modelling propeller effects is based on a complete 
representation of propeller geometry with direct modelling 
of the rotation. Within the FV framework, propeller 
rotation can be modelled using overset technology [6,7] or 
via Arbitrary Mesh Interface (AMI) [8]. Also, a Moving 
Reference Frame (MRF) method is often applied in order 
to initialize the solution of the flow around the propeller 
[9,10]. 

In this paper, a novel numerical propulsion model is 
outlined that has been implemented in OpenFOAM code. 
The model is based on coupling motions between rigid 
body motion of the hull and a priori known rotating motion 
of the propeller, while using the advantages of both AMI 
interface and morphing mesh approach. The model is 
tagged with an acronym Coupled Sliding Mesh (CSM). 
Brief outline of the mathematical model of fluid flow is 
given in Section 2. In Section 3, experimental data with 
corresponding setup on the DTC hull model, originating 
from SINTEF, Norway is given. This is followed with a 
more detailed description of the CSM numerical 
propulsion model in Section 4. In Section 5, results of the 
self-propulsion tests in calm water and waves with 
propeller being modelled using CSM approach is given 
with a focus on the torque frequency content.  While the 
CSM model and time-averaged self-propulsion results for 
the DTC hull have been previously reported by the authors 
[14], the present work extends that study through a 
systematic frequency-domain analysis of the propeller 
torque signal, identifying shaft harmonics and blade 
passing frequency components under calm water and 
regular head wave conditions. Lastly, conclusions and 
future work are outlined. 
2. Mathematical model of fluid flow 

In this Section, a mathematical model of fluid flow is 
given. Fluid flow is governed by Navier-Stokes (NS) 
equations for incompressible flows, the continuity equation 
(1) and momentum equation (2): 
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 𝜕𝜕𝜕𝜕𝜕𝜕𝜕𝜕
𝜕𝜕𝜕𝜕𝜕𝜕𝜕𝜕
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(1)
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Abstract 
This paper presents a  Coupled Sliding Mesh (CSM) propulsion model for high-fidelity ship hydrodynamics simulations 
implemented within OpenFOAM. The model integrates rigid body motion with propeller rotation using Arbitrary Mesh 
Interface and morphing mesh approach. The model is validated against experimental data from self-propulsion tests on 
the Duisburg Test Case hull model at SINTEF, Norway, including calm water and three regular head wave cases. Grid 
comparative assessment demonstrated accurate capture of the self-propulsion point, with resistance deviating less than 
1% from propeller thrust. Frequency domain analysis revealed successful capture of characteristic frequencies: wave 
encounter frequency, first shaft harmonic, and blade passing frequency. This study demonstrates that high-fidelity 
propulsion assessments can be achieved using open-source CFD tools for complex propeller-hull interaction problems. 
Keywords: ship hydrodynamics, propeller modelling, OpenFOAM, CFD, self-propulsion 

 
 

1. Introduction 

Computer power and numerical tools for ship 
hydrodynamics have developed rapidly in recent years. 
As a result, evaluating ship propulsion performance has 
shifted from traditional experimental testing toward 
computational approaches. Towing tanks, however, 
remain an indispensable asset that complements these 
computational tools. Among the available numerical 
methods, Computational Fluid Dynamics (CFD) based on 
Reynolds-averaging has become the dominant approach 
for solving a wide range of problems in ship 
hydrodynamics. 

This paper addresses the modeling of propeller effects 
using a high-fidelity approach within the OpenFOAM 
toolbox [1]. OpenFOAM is an open-source CFD software 
based on a second-order collocated Finite Volume (FV) 
method. It has gained wide acceptance in research and 
academia due to its flexibility, allowing for extensive 
customization and user-developed improvements. 
Regarding the specific CFD modelling of the propeller 
effects, it is necessary to outline the most common 
methods used. The most straightforward approach 
represents propeller thrust and torque through virtual 
forces, eliminating the need to explicitly model the 
propeller geometry. These techniques fall under body 
force methods, alternatively referred to as actuator disk or 
virtual disk approaches. The core principle involves 
distributing forces within the propeller zone in a manner 
that remains consistent across different propeller designs. 
This consistency in force distribution was first examined 
nearly a century ago and given in [2], where findings 
continue to serve to this day for the body force group of 
methods. 

The application of such propeller model has been 
successfully validated across many codes [3,4,5]. Since 
the main aim of this paper lies in a fully discretized 
propeller model in contrast to simplified body force 
method, an extensive review of the body force methods 
application is omitted. The most notable disadvantage of 
the body force methods is their inability to capture local 
flow features both upstream and downstream of the 
propeller plane. This is however compensated with high 

computational efficiency. A second group of methods for 
modelling propeller effects is based on a complete 
representation of propeller geometry with direct modelling 
of the rotation. Within the FV framework, propeller 
rotation can be modelled using overset technology [6,7] or 
via Arbitrary Mesh Interface (AMI) [8]. Also, a Moving 
Reference Frame (MRF) method is often applied in order 
to initialize the solution of the flow around the propeller 
[9,10]. 

In this paper, a novel numerical propulsion model is 
outlined that has been implemented in OpenFOAM code. 
The model is based on coupling motions between rigid 
body motion of the hull and a priori known rotating motion 
of the propeller, while using the advantages of both AMI 
interface and morphing mesh approach. The model is 
tagged with an acronym Coupled Sliding Mesh (CSM). 
Brief outline of the mathematical model of fluid flow is 
given in Section 2. In Section 3, experimental data with 
corresponding setup on the DTC hull model, originating 
from SINTEF, Norway is given. This is followed with a 
more detailed description of the CSM numerical 
propulsion model in Section 4. In Section 5, results of the 
self-propulsion tests in calm water and waves with 
propeller being modelled using CSM approach is given 
with a focus on the torque frequency content.  While the 
CSM model and time-averaged self-propulsion results for 
the DTC hull have been previously reported by the authors 
[14], the present work extends that study through a 
systematic frequency-domain analysis of the propeller 
torque signal, identifying shaft harmonics and blade 
passing frequency components under calm water and 
regular head wave conditions. Lastly, conclusions and 
future work are outlined. 
2. Mathematical model of fluid flow 

In this Section, a mathematical model of fluid flow is 
given. Fluid flow is governed by Navier-Stokes (NS) 
equations for incompressible flows, the continuity equation 
(1) and momentum equation (2): 

∇ ∙ 𝐮𝐮𝐮𝐮 = 0              (1) 

 𝜕𝜕𝜕𝜕𝜕𝜕𝜕𝜕
𝜕𝜕𝜕𝜕𝜕𝜕𝜕𝜕

+ (𝐮𝐮𝐮𝐮 𝐮𝐮 )𝐮𝐮𝐮𝐮 𝐮 𝐮𝐮𝐮𝐮𝐮2𝐮𝐮𝐮𝐮 = − 1
𝜌𝜌𝜌𝜌
∇𝑝𝑝𝑝𝑝 + 𝐠𝐠𝐠𝐠           (2) (2)

where u represents the local fluid velocity. The left-hand 
side of the Navier-Stokes equation comprises three com-
ponents: The total derivative representing temporal veloc-
ity changes, the convective transport term, and the viscous 
diffusion term. The term denotes the pressure gradient, g 
represents gravitational acceleration, and indicates the 
effective kinematic viscosity. To solve these governing 
equations, a multi-phase solver is employed, designed for 
two incompressible, isothermal, immiscible fluid phases 
(water and air). The air-water interface is captured using 
the Volume of Fluid (VOF) methodology, which introduc-
es an indicator function α into the governing equations. 
This scalar field α modifies the Navier-Stokes equations 
by affecting the density ρ and effective kinematic viscos-
ity, as shown in equations (3) and (4), respectively.
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For accurate interface capturing, isoAdvector scheme is 
used [11]. The temporal discretization employs a first-
order temporal scheme for calm water simulations while 
a second-order accurate backward scheme is set for 
transient simulations in waves. Convective fluxes are 
discretized using a linear scheme that transitions to an 
upwind-biased approach in regions with strong 
gradients, following the local flow direction. Diffusive 
gradient terms utilize Gaussian linear interpolation for 
their discretization. The pressure-velocity coupling is 
handled through the PIMPLE algorithm, configured with 
four iterations per time step: two dedicated to pressure 
residual reduction and two for the momentum equation 
solution.  
 
Hydrodynamic coupling between the rigid body motion 
of the ship  and the surrounding fluid is achieved using a 
six-degree-of-freedom solver, with constraints applied to 
the surge, sway, yaw, and roll motions. Mathematical 
closure of the Navier-Stokes equations, i.e., resolving 
turbulent fluxes, within the Reynolds-averaging concept 
is achieved using k-ω SST model. Regarding linear 
solvers, for solving large sparse matrices that are yielded 
from a FV mesh, a conjugate gradient (CG) method is 
chosen with a Cholesky preconditioner. Residual 
tolerance is set to 1−6. Velocity components and 
turbulence terms are solved using a smooth solver, i.e., 
Gauss–Seidel smoother with a residual tolerance of 1−8. 
With depiction of linear solvers this Section is 
concluded. Next Section outlines experimental data on 
the Duisburg Test Case (DTC) hull model in both calm 
water and regular head waves. 
3. Experimental data 

In this Section, experimental data using the DTC hull 
model, originally developed in [12] is presented. A 
comprehensive series of model tests was conducted at 
SINTEF in Trondheim, Norway, one of Europe's largest 
independent research institutions. Complete 
experimental procedures are documented in [13,14]. 
Rigid body motion tracking is performed using an Oqus 
optical positioning system, while propeller thrust and 
torque are recorded via a dynamometer. The reflective 
markers required for optical tracking, along with the 
umbilical cable supplying power and enabling data 

transmission, are visible in Figure 1. 
 

 
Fig. 1. DTC model. Reprinted with permission of the 

author [13,14] 
 
 Constructed at 1:63.65 scale, the model features a five-
bladed fixed-pitch propeller and a twisted rudder equipped 
with a costa bulb. Rather than being towed, the ship 
operates in free-running mode, employing an autopilot 
system. Main particulars along with inertial characteristics 
of the model are shown in Table 1. 

Main Parameter Value 
Scale, λ 63.65 

Length between perpendiculars PPL , m 5.577 
Breadth B, m 0.801 
Draught T, m 0.228 

Displacement, ∆, kg 672.6 
Pitch moment of inertia, I55 kgm2 1266.3 
Long. center of gravity, LCG, m 2.721 

Table 1. DTC main parameters. 

Self-propulsion test in calm water is performed at a propeller 
revolution rate of 11.5 rps with achieved speed of 1.03 m/s. 
Experiments in waves are performed at the same propeller 
revolution rate, under wave conditions listed in Table 2. 

Wave case 1st 2nd 3rd 

Wave height, H, m 0.06 0.087 0.119 

Wave period, T, s 0.82 1.24 1.49 

H/LPP, - 0.011 0.0157 0.02 

λe/LPP, - 0.187 0.303 0.46 

Table 2. Experimental conditions of self-propulsion tests 
in waves 

Next Section deals with a numerical model developed 
within OpenFOAM framework with its main intention of 
enabling high-fidelity propulsion assessments. 
4. Coupled Sliding Mesh (CSM) model 

This Section describes the coupled sliding mesh model for 
hydrodynamic simulations utilizing both rigid body 
motions with propeller rotation. The new functionality is 
implemented in the existing OpenFOAM class that 
computes fluid-induced rigid body responses in CFD 
simulations. The main novelty in the CSM model is the 
coupled propeller rotation with rigid body motion, 
utilizing the usage of both AMI and morphing mesh. The 
main motivation for this numerical model is to avoid using 
overset mesh methodology which is based on volumetric 
interpolations of fields, opposing to the face-based 

(3)
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For accurate interface capturing, isoAdvector scheme is 
used [11]. The temporal discretization employs a first-or-
der temporal scheme for calm water simulations while a 
second-order accurate backward scheme is set for transient 
simulations in waves. Convective fluxes are discretized 
using a linear scheme that transitions to an upwind-biased 
approach in regions with strong gradients, following 
the local flow direction. Diffusive gradient terms utilize 
Gaussian linear interpolation for their discretization. The 
pressure-velocity coupling is handled through the PIM-
PLE algorithm, configured with four iterations per time 
step: two dedicated to pressure residual reduction and two 
for the momentum equation solution. 

Hydrodynamic coupling between the rigid body motion 
of the ship  and the surrounding fluid is achieved using 
a six-degree-of-freedom solver, with constraints applied 
to the surge, sway, yaw, and roll motions. Mathematical 
closure of the Navier-Stokes equations, i.e., resolving tur-
bulent fluxes, within the Reynolds-averaging concept is 
achieved using k-ω SST model. Regarding linear solvers, 
for solving large sparse matrices that are yielded from a 
FV mesh, a conjugate gradient (CG) method is chosen 
with a Cholesky preconditioner. Residual tolerance is 

set to 1−6. Velocity components and turbulence terms are 
solved using a smooth solver, i.e., Gauss–Seidel smoother 
with a residual tolerance of 1−8. With depiction of linear 
solvers this Section is concluded. Next Section outlines 
experimental data on the Duisburg Test Case (DTC) hull 
model in both calm water and regular head waves.

3.	 Experimental data
In this Section, experimental data using the DTC hull 
model, originally developed in [12] is presented. A com-
prehensive series of model tests was conducted at SIN-
TEF in Trondheim, Norway, one of Europe’s largest in-
dependent research institutions. Complete experimental 
procedures are documented in [13,14]. Rigid body motion 
tracking is performed using an Oqus optical positioning 
system, while propeller thrust and torque are recorded via 
a dynamometer. The reflective markers required for optical 
tracking, along with the umbilical cable supplying power 
and enabling data transmission, are visible in Figure 1.

Fig. 1. DTC model. Reprinted with permission  
of the author [13,14]

Constructed at 1:63.65 scale, the model features a five-
bladed fixed-pitch propeller and a twisted rudder equipped 
with a costa bulb. Rather than being towed, the ship oper-
ates in free-running mode, employing an autopilot sys-
tem. Main particulars along with inertial characteristics of 
the model are shown in Table 1.

Main Parameter Value
Scale, λ 63.65

Length between perpendiculars        , m 5.577
Breadth B, m 0.801
Draught T, m 0.228

Displacement, Δ, kg 672.6
Pitch moment of inertia, I55 kgm2 1266.3
Long. center of gravity, LCG, m 2.721

Table 1. DTC main parameters.

Self-propulsion test in calm water is performed at a propeller 
revolution rate of 11.5 rps with achieved speed of 1.03 m/s. 
Experiments in waves are performed at the same propeller 
revolution rate, under wave conditions listed in Table 2.

PPL
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Wave case 1st 2nd 3rd

Wave height, H, m 0.06 0.087 0.119
Wave period, T, s 0.82 1.24 1.49

H/LPP, - 0.011 0.0157 0.02
λe/LPP, - 0.187 0.303 0.46

Table 2. Experimental conditions of self-propulsion  
tests in waves

Next Section deals with a numerical model developed 
within OpenFOAM framework with its main intention of 
enabling high-fidelity propulsion assessments.

4.	 Coupled Sliding Mesh (CSM) model
This Section describes the coupled sliding mesh model 
for hydrodynamic simulations utilizing both rigid body 
motions with propeller rotation. The new functionality is 
implemented in the existing OpenFOAM class that com-
putes fluid-induced rigid body responses in CFD simula-
tions. The main novelty in the CSM model is the coupled 
propeller rotation with rigid body motion, utilizing the 
usage of both AMI and morphing mesh. The main moti-
vation for this numerical model is to avoid using overset 
mesh methodology which is based on volumetric inter-
polations of fields, opposing to the face-based interpola-
tions that sliding mesh offers. A discretized propeller in 
the stern of the DTC model is shown in Figure 2.

Fig. 2. Typical mesh topology for CSM model

Volumetric interpolations, as indicated in [15], are highly 
sensitive to the chosen interpolation procedure. Low-or-
der interpolation scheme seem to cause mass imbalances 
within the domain which can have profound effects on 
the accuracy and validity of the simulations. High-order 
schemes perform slightly better, producing smoother 
fields, but are still prone to errors. Also, using overset 
mesh will inherently require significantly higher cell 
count. The usage of overset methodology is in some sense 
required when the geometries are complex and AMI in-
terfaces are difficult to obtain. The main limitation of the 
model is that it does not overcome the well-known com-
putational requirements necessary for any fully-resolving 
rotating geometries in CFD where the time step is dic-
tated by the angle increment of the propeller within one 

iteration. This increment is usually of the order of 1°-5°, 
depending on the propeller rate of revolution. The com-
putational workflow of the algorithm is given in Figure 3.

Fig. 3. Computational workflow of the CSM class

For the detailed description of the computational work-
flow and modifications to the existing OpenFOAM class-
es the interested reader is referred to [16].

5.	 Results and discussion
The results presented in this Section are partly given in 
author’s previous work, presented in [17]. However, in 
this study, frequency content of the torque signal exhib-
ited from the CSM model are explored further. In order to 
quantify the discretization errors, self-propulsion test in 
calm water is conducted on two grid sizes. The traditional 
grid sensitivity study is omitted due to high computational 
load of the simulations. In Figure 4, discretized stern re-
gion of the DTC hull along with the entire computational 
domain shown in Figure 5. The computational domain 
extends 1 ship lengths upstream, 3 lengths downstream, 
and 1 lengths in the transverse and vertical directions. The 
time-step size is set to 1 ms, corresponding to a propeller 
rotation increment of approximately 4° per time step. The 
inlet and oultet boundary conditions account for active 
wave generation [18]. For the frequency domain analysis, 
a DFT is applied over a window that corresponds to the 
wave encounter period using Hann window function.

Fig. 4. Stern region of the DTC hull
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Fig. 5. Computational domain in transverse view

The results of the self-propulsion test in calm water, con-
ducted on two grid sizes is given in Table 3. The coarse 
grid contains approximately 5.6 million cells and the fine 
grid 9.8 million cells. The refinement is applied uniformly 
with an approximate ratio of . The boundary layer is dis-
cretized in order to yield a non-dimensional distance com-
monly known as y+ around 30 for the flow around the 
hull while more stringent discretization is placed upon the 
propeller blades in order to achieve a value of 5.

Experiment Coarse 
grid

Fine 
grid

Thrust, T, N 14.126 14.965 14.321
Torque, Q, Nm 0.323 0.327 0.311

Table 3. Results of the self-propulsion test

It is important to emphasize that the self-propulsion point 
is correctly captured. The total resistance in both coarse 
and fine grid deviated no more than 1% compared to the 
propeller thrust. The swirling flow exhibited from the pro-
peller motion, with colour scale showing the dimension-
less flow speed is given in Figure 6

Fig. 6. Flow structures behind propeller

The comprehensive results of the self-propulsion in 
waves along with propeller-hull interactions are given in 
[19]. Instead, the focus of showcasing the results of self-
propulsion tests is the frequency content that is embedded 
in torque signals of the propeller. The frequency content 
observed in the time domain signal of the propeller torque 
can be directly related to the propeller rotational charac-
teristics [19,20]. For a propeller with N blades rotating at 
frot , the Blade Passing Frequency can be formulated as:

In the present case of the DTC hull operating with a five-
bladed propeller at a frequency of 11.5 rps (Hz), the re-
sulting BPF occurs at 57.5 Hz. In addition, shaft harmon-
ics occur at integer multiples of the rotation frequency frot, 
formulated simply as:

Shaft harmonics are associated with non-uniform inflow 
and unsteady loading of the propeller in behind-hull con-
ditions. The frequency content of the torque signal com-
puted by CFD and experiment, across all three wave cases 
are given in Figures. 7., 8., and 9. respectively. The con-
version from time to frequency domain has been done us-
ing Discrete Fourier Transform (DFT) method.

Fig. 7. Frequency content of the torque signal  
for the 1st wave case

Fig. 8. Frequency content of the torque signal  
for the 2nd wave case

Fig. 9. Frequency content of the torque signal  
for the 3rd wave case
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The frequency domain analysis of the propeller torque 
provides additional insight into the unsteady loading 
mechanisms acting on the propeller in waves, which can-
not be fully assessed from time-averaged quantities alone. 
For all three wave cases, the dominant low-frequency 
peak corresponds to the wave encounter frequency, in-
dicating that the propeller loading is strongly modulated 
by the incoming wave system. Across all cases, distinct 
peaks are observed at the first and second shaft harmonics, 
as well as at the blade-passing frequency. However, 2nd 
shaft harmonic is consistently captured in the experiment 
while only a slight peak from the CFD results is observed 
for case 2, Figure 7. This might be attributed to numeri-
cal noise or general polyhedral mesh discretization. The 
Blade Passing Frequency at 57.5 Hz occurs consistently in 
CFD computations for every case while it is not captured 
by the dynamometer in the experiments. Higher harmon-
ics of the blade passing frequency were not captured both 
in CFD and experiments. While the dominant frequency 
peaks are correctly identified by the CFD model, ampli-
tude discrepancies at higher frequencies, particularly be-
yond the first shaft harmonic are attributed to the current 
grid resolution and are considered acceptable given the 
simplified grid sensitivity that is performed.

These frequency components show that the CFD model 
captures both the large-scale unsteadiness from ship mo-
tion and wake non-uniformity, along with the high-fre-
quency local blade loading effects. The CFD and experi-
mental results agree well in identifying these characteristic 
frequencies, indicating that the main physical mechanisms 
are correctly represented. However, amplitude differences 
appear, particularly at higher frequencies. It is important 
to emphasize that the spatial discretization of the propeller 
blades has a significant impact on the exerted forces. In 
this study, an open-source tool snappyHexMesh is used, 
that is based on designing robust body-fitted polyhedral 
mesh around arbitrary geometries. For discretizing the 
propeller, strictly polyhedral cell type is not an ideal dis-
cretization approach, since it can produce artificially rough 
surface due to its polyhedral algorithm. The consequence 
of having polyhedral cells around the propeller blade can 
result in additional numerical noise due to summation of 
forces on cells that can exhibit significantly different face 
normals [21]. The advantages of block-structured mesh in 
reducing such numerical artifacts have been well docu-
mented [22], though their generation for complex propel-
ler geometries remains a challenge. Nevertheless, in this 
work it is shown that even with open-source tools, a high-
fidelity result can be yielded in complex propulsion assess-
ment in ship hydrodynamics.

6.	 Conclusions
This paper presented a novel Coupled Sliding Mesh 
(CSM) propulsion model implemented within the Open-
FOAM framework for high-fidelity ship hydrodynamics 
simulations. The model couples rigid body motion of the 
hull with propeller rotation using Arbitrary Mesh Inter-
face (AMI) technology and morphing mesh approach, 
avoiding the volumetric interpolations inherent to overset 
methodologies that can introduce mass imbalances and 

require higher cell counts. The CSM model was validated 
against experimental data from self-propulsion tests on the 
DTC hull model conducted at SINTEF, Norway, covering 
both calm water and three regular wave cases. Grid com-
parative analysis on two mesh resolutions demonstrated 
that the self-propulsion point was correctly captured, with 
total resistance deviating no more than 1% from propeller 
thrust in both coarse and fine grids.

Frequency domain analysis of propeller torque signals 
revealed that the CSM model successfully captures the 
characteristic frequencies associated with propeller-hull 
interactions. For all wave cases, the dominant low-fre-
quency peak corresponding to the wave encounter fre-
quency was observed, indicating strong modulation of 
propeller loading by the wave system. The first shaft har-
monic and blade passing frequency at 57.5 Hz were con-
sistently captured in CFD results, demonstrating that the 
model correctly represents both large-scale unsteadiness 
from ship motion and high-frequency local blade loading 
effects. However, the second shaft harmonic and higher 
harmonics of the blade passing frequency showed weaker 
agreement with experiments, likely attributed to numeri-
cal noise, DFT parameters, and limitations of the poly-
hedral mesh discretization around propeller blades using 
snappyHexMesh. Despite these limitations, the study 
demonstrates that high-fidelity propulsion assessments in 
ship hydrodynamics can be achieved using open-source 
tools and the CSM approach, providing a viable alterna-
tive to overset methodologies for complex propeller-hull 
interaction problems.
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Abstract
Accurate prediction of weather-induced ship speed loss requires understanding how meteorological forecast uncertain-
ties propagate through vessel performance models. This study presents a comparative assessment of three computa-
tional approaches for attainable speed estimation: the Wärtsilä NTPRO 5000 navigation simulator with JONSWAP and 
Pierson-Moskowitz spectral implementations, and HydroComp NavCad hydrodynamic software. Over 2,000 simula-
tions were conducted for a 28,050 DWT bulk carrier across varying wave heights (0-12 m), encounter angles (0°-180°), 
and operational speeds (12.0-14.5 knots). Correlation analysis between meteorological predictor variables and ship 
speed response uncertainties revealed that significant wave height errors exhibit the strongest coupling with speed 
prediction errors (r = 0.65-0.97), while encounter angle geometry substantially modulates uncertainty propagation 
patterns. The Pierson-Moskowitz implementation demonstrated the most balanced error characteristics, whereas JON-
SWAP produced more polarised correlations at extended forecast horizons. Results indicate that uncertainty quantifi-
cation approaches must account for both model-specific sensitivities and spatially varying forecast skill degradation.

Keywords: Weather forecast degradation; Attainable speed modelling; Uncertainty quantification; Correlation analysis.

1.	 Introduction
The attainable ship speed under varying weather condi-
tions has been studied using empirical and semi-empirical 
methods [1,2], physics-based approaches [3,4], and, more 
recently, data-driven and intelligent models [7,8]. These 
methods have enabled increasingly accurate speed predic-
tion and demonstrated the potential for substantial fuel 
savings and emission reductions through weather-aware 
optimisation [5,6]. Multi-objective frameworks [9], deep 
reinforcement learning for routing [10], and adaptive con-
trol strategies [11] further extend these capabilities. How-
ever, most of these approaches remain deterministic and do 
not account for the propagation of forecast errors through 
vessel response models.Although uncertainty sources in 
ship routing have been extensively reviewed [12], exist-
ing probabilistic frameworks are typically first-order and 
rely on linearization [13], which is inadequate for highly 
nonlinear ship responses. Links between ensemble fore-
cast uncertainty and fuel consumption have been explored 
[14], yet often with simplified resistance models. Uncer-
tainty has also been recognised in collision avoidance 
and trajectory prediction [15], underscoring its relevance 
across maritime operations. While forecast errors are 
known to grow non-linearly with lead time [5], their trans-
formation through ship performance models remains in-
sufficiently characterised. Most existing frameworks still 
treat weather forecasting and ship performance as inde-
pendent components, neglecting the coupled interactions 
that govern voyage-level uncertainty. This study addresses 
these limitations by systematically quantifying how me-
teorological forecast uncertainties propagate through 
three distinct ship performance modelling approaches. 
The primary contributions include: (i) comparative uncer-

tainty analysis across Wärtsilä NTPRO 5000 navigation 
simulator implementations utilizing both JONSWAP and 
Pierson-Moskowitz spectral formulations, alongside Hy-
droComp NavCad hydrodynamic software; (ii) correlation 
analysis establishing quantitative relationships between 
predictor variable (meteorological) and response variable 
(ship speed) uncertainties across varying sea states and 
encounter geometries; and (iii) practical demonstration of 
the framework through a transatlantic case study incorpo-
rating estimated time of arrival uncertainty quantification 
under realistic winter North Atlantic conditions.

2.	 Ship Performance Simulation Framework
Quantifying attainable ship speed under stochastic weath-
er conditions requires reliable computational tools that 
capture the interactions between ship hydrodynamics and 
environmental forces. This study employs three distinct 
modelling approaches to generate comprehensive speed-
loss predictions, enabling a comparative assessment of 
uncertainty-propagation characteristics.

2.1.	Data collection using simulations

Two complementary computational environments were 
employed for attainable ship speed prediction, represent-
ing fundamentally different modelling paradigms.

The Wärtsilä NaviTrainer NTPRO 5000 full-mission bridge 
simulator served as the primary experimental platform. 
This DNV Class A-certified system solves vessel motion 
equations in real time across six degrees of freedom, cap-
turing complex interactions among hull hydrodynamics, 
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propulsion forces, and environmental disturbances [16,17]. 
Hydrodynamic forces are decomposed into positional and 
damping components, determined from experimentally de-
rived coefficients obtained from tank tests. Environmental 
loading is computed using distinct models for wind and 
wave effects, with wave-induced forces comprising first-
order oscillatory components and second-order mean drift 
forces that contribute to steady speed loss. Two spectral 
formulations were implemented: the Pierson-Moskowitz 
spectrum for fully developed seas and the JONSWAP spec-
trum for fetch-limited conditions [18]. 

Throughout simulations, an autopilot system maintained 
commanded heading rather than track-keeping mode, 
while speed loss emerged naturally from the force bal-
ance between thrust and environmental loading. This con-
figuration was chosen deliberately: the lookup tables are 
intended to characterise the intrinsic wind–wave-induced 
speed loss for each encounter geometry, isolated from the 
additional rudder-activity losses that occur when a vessel 
compensates for drift along a predefined track. In opera-
tional routing, such track-keeping losses and drift-induced 
heading corrections can be superimposed on the lookup-
table values as separate corrections at the routing stage.

Parallel simulations utilised HydroComp NavCad, em-
ploying quasi-static resistance decomposition methods 
based on ITTC-1978 correlation procedures [19, 20]. Un-
like the time-domain NTPRO approach, NavCad separates 
total resistance into distinct physical components such as 
bare-hull viscous resistance, wave-making resistance, ap-
pendage drag, and environmental added resistance, which 
are individually computed and summed. Wave-added 
resistance predictions employ regression-based methods 
derived from systematic model test series, with the Aerts-
sen approach [21] enabling direct speed-loss estimation 
for weather-routing applications. 

2.2.	Reference vessel and simulation matrix

A 28,050 DWT bulk carrier served as the reference ves-
sel for all simulations, selected for its representative char-
acteristics among medium-sized commercial cargo ships 
operating transatlantic routes [22]. The principal particu-
lars are summarised in Table 1.

Table 1. Principal particulars of the reference bulk carrier

Parameter Value Unit
Length between perpendiculars (LPP) 160.40 m
Beam (B) 27.20 m
Depth (D) 13.60 m
Design draft (T) 9.819 m
Deadweight (DWT) 28,050 tons
Gross tonnage (GT) 17,009 -
Main engine power (MCR) 6,150 kW
Propeller diameter 5.25 m
Service speed ~14.0 knots

The propulsion system consists of a two-stroke marine 
diesel engine rated at 6,150 kW at 136 rpm under nominal 
conditions, derated to 5,850 kW at 129 rpm for heavy fuel 
oil operation. Power transmission is achieved through 
a direct-drive shaft system connected to a four-bladed 
fixed-pitch propeller with a mean pitch of 3.686 m and 
a 35-degree skew angle optimised for bulk carrier opera-
tions. These specifications were integrated into both com-
putational platforms to ensure consistent representation of 
vessel response characteristics.

The simulation matrix was designed to comprehensively 
cover operationally relevant conditions encountered on 
North Atlantic routes. Environmental parameters included:

(i)	 Significant wave heights: 13 wave heights
	 spanning HS ∈{0, 1, 2, ..., 12} metres, 
	 corresponding to WMO Sea State Codes 0-8

(ii)	 Wave encounter angles: 13 orientations 
	 αwaves ∈{0°, 15°, 30°, ..., 180°} covering head seas
	 (0°), bow-quartering (15°-75°), beam seas (90°),
	 stern-quartering (105°-165°), and following seas
	 (180°)

(iii)	 Intended reference ship speeds:
	 Vref. ∈{12.0, 13.5, 14.5} knots

(iv)	 Loading conditions: Full load and ballast
	 configurations

(v)	 Wave spectra: Pierson-Moskowitz and JONSWAP. 

Wind speed was not varied as an independent parameter 
but was coupled to significant wave height through the 
Beaufort–Douglas sea-state correspondence, consistent 
with the fully developed sea assumption of the Pierson–
Moskowitz spectrum and the wind–wave coupling intrin-
sic to the JONSWAP formulation. Wind direction was 
kept aligned with the wave direction, reflecting typical 
North Atlantic conditions in which swell and wind sea co-
propagate; this simplification is the same as that adopted 
in the underlying simulation framework [23]. This param-
eterisation yielded 2,028 unique simulation scenarios for 
NTPRO 5000 (accounting for both spectral formulations 
and loading conditions) and 1,014 scenarios for NavCad 
(single spectral treatment) [23]. While simulations were 
conducted for encounter angles 0°-180°, results were ex-
tended to the full 360° range by applying symmetry prin-
ciples, as port and starboard wave encounters produce 
mirror-image responses.

2.3. Attainable Speed Formulation

Neglecting ocean current effects, the attainable ship speed 
Vatt. can be expressed as a function of intended reference 
speed and prevailing sea state conditions

Vol. 14(1) 2019 –––––––––––––––––––––––––––––––––––––––––––––––––––––––––––––––––––––––––––––––– 3 
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where Vref. denotes the intended reference speed (knots), 
HS represents significant wave height (m), Tp indicates 
peak wave period (s), and αwaves specifies the encounter 
wave angle (degrees). The functional relationship is 
determined empirically, with results organised into lookup 
tables that enable rapid interpolation for arbitrary input 
combinations. 
The sea conditions can be actual, for actual values of 
𝐻𝐻S

(act.), 𝑇𝑇P
 (act.)and 𝛼𝛼waves

(act.) , and forecasted, for forecast values 
of 𝐻𝐻S

(for.), 𝑇𝑇P
 (for.)and 𝛼𝛼waves

(for.) . The attainable ship speed 
𝑉𝑉att.,actual in actual conditions is 
 

𝑉𝑉att.,actual = 𝑓𝑓(𝑉𝑉ref., 𝐻𝐻S
(act.), 𝑇𝑇P

 (act.) , 𝛼𝛼waves
(act.) ) (2)        

  
i.e. the predicted attainable ship speed 𝑉𝑉att.,predicted in 
forecasted conditions is  
 

𝑉𝑉att.,predicted = 𝑓𝑓(𝑉𝑉ref., 𝐻𝐻S
(for.) , 𝑇𝑇P

 (for.) , 𝛼𝛼waves
(for.) ). (3) 

 
For operational implementation, attainable speed values 
are obtained through bilinear interpolation between 
discrete simulation points, ensuring smooth transitions for 
intermediate wave heights and encounter angles. The 
encounter wave angle is computed from ship heading ψ 
and meteorological wave direction βwaves according to 
 

𝛼𝛼waves = {𝛽𝛽waves − 𝜓𝜓,                      𝑓𝑓𝑓𝑓𝑓𝑓 𝜓𝜓 ≤ 𝛽𝛽waves  
2𝜋𝜋 + 𝛽𝛽waves − 𝜓𝜓, 𝑓𝑓𝑓𝑓𝑓𝑓 𝜓𝜓 > 𝛽𝛽waves

. (4) 

Commented [rw1]: Please provide a reference for 
Aertssen approach or formula. You can find some of the 
sources using below or use a different one. 
upcommons.upc.edu/server/api/core/bitstreams/b9ee5c0e-
369c-49f8-85e3-ee0520ed2cc0/content  
An optimization method of calculating speed-lose at sea | 
IEEE Conference Publication | IEEE Xplore  
SERVICE PERFORMANCE AND SEAKEEPING TRIALS ON A 
LARGE CONTAINERSHIP - TRID  

(1)

where Vref. denotes the intended reference speed (knots), 
HS represents significant wave height (m), Tp indicates 
peak wave period (s), and αwaves specifies the encounter 



28 Engineering Power

wave angle (degrees). The functional relationship is de-
termined empirically, with results organised into lookup 
tables that enable rapid interpolation for arbitrary input 
combinations.

The sea conditions can be actual, for actual values of 
HS

(act.), TP
(act.) and 
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enabling direct speed-loss estimation for weather-routing 
applications.  
2.2. Reference vessel and simulation matrix 
A 28,050 DWT bulk carrier served as the reference 
vessel for all simulations, selected for its representative 
characteristics among medium-sized commercial cargo 
ships operating transatlantic routes [22]. The principal 
particulars are summarised in Table 1. 
 
Table 1. Principal particulars of the reference bulk carrier 

Parameter Value Unit 
Length between perpendiculars 
(LPP) 

160.40 m 

Beam (B) 27.20 m 
Depth (D) 13.60 m 
Design draft (T) 9.819 m 
Deadweight (DWT) 28,050 tons 
Gross tonnage (GT) 17,009 - 
Main engine power (MCR) 6,150 kW 
Propeller diameter 5.25 m 
Service speed ~14.0 knots 

 
The propulsion system consists of a two-stroke marine 
diesel engine rated at 6,150 kW at 136 rpm under 
nominal conditions, derated to 5,850 kW at 129 rpm for 
heavy fuel oil operation. Power transmission is achieved 
through a direct-drive shaft system connected to a four-
bladed fixed-pitch propeller with a mean pitch of 3.686 
m and a 35-degree skew angle optimised for bulk carrier 
operations. These specifications were integrated into 
both computational platforms to ensure consistent 
representation of vessel response characteristics. 
The simulation matrix was designed to comprehensively 
cover operationally relevant conditions encountered on 
North Atlantic routes. Environmental parameters 
included: 
(i)  Significant wave heights: 13 wave heights 
 spanning HS ∈{0, 1, 2, ..., 12} metres, 
 corresponding to WMO Sea State Codes 0-8 

(ii) Wave encounter angles: 13 orientations  
 αwaves ∈{0°, 15°, 30°, ..., 180°} covering head seas 
 (0°), bow-quartering (15°-75°), beam seas (90°), 
 stern-quartering (105°-165°), and following seas 
 (180°) 
(iii) Intended reference ship speeds: 
 Vref. ∈{12.0, 13.5, 14.5} knots 
(iv) Loading conditions: Full load and ballast 
 configurations 
(v)  Wave spectra: Pierson-Moskowitz and JONSWAP.  
Wind speed was not varied as an independent parameter 
but was coupled to significant wave height through the 
Beaufort–Douglas sea-state correspondence, consistent 
with the fully developed sea assumption of the Pierson–
Moskowitz spectrum and the wind–wave coupling 
intrinsic to the JONSWAP formulation. Wind direction 
was kept aligned with the wave direction, reflecting 
typical North Atlantic conditions in which swell and wind 
sea co-propagate; this simplification is the same as that 
adopted in the underlying simulation framework [23]. This 
parameterisation yielded 2,028 unique simulation 
scenarios for NTPRO 5000 (accounting for both spectral 
formulations and loading conditions) and 1,014 scenarios 
for NavCad (single spectral treatment) [23]. While 
simulations were conducted for encounter angles 0°-180°, 
results were extended to the full 360° range by applying 
symmetry principles, as port and starboard wave 
encounters produce mirror-image responses. 
2.3. Attainable Speed Formulation 
Neglecting ocean current effects, the attainable ship speed 
Vatt. can be expressed as a function of intended reference 
speed and prevailing sea state conditions 
 

𝑉𝑉att. = 𝑓𝑓(𝑉𝑉ref., 𝐻𝐻S, 𝑇𝑇𝑝𝑝, 𝛼𝛼waves) (1) 
 
where Vref. denotes the intended reference speed (knots), 
HS represents significant wave height (m), Tp indicates 
peak wave period (s), and αwaves specifies the encounter 
wave angle (degrees). The functional relationship is 
determined empirically, with results organised into lookup 
tables that enable rapid interpolation for arbitrary input 
combinations. 
The sea conditions can be actual, for actual values of 
𝐻𝐻S

(act.), 𝑇𝑇P
 (act.)and 𝛼𝛼waves

(act.) , and forecasted, for forecast values 
of 𝐻𝐻S

(for.), 𝑇𝑇P
 (for.)and 𝛼𝛼waves

(for.) . The attainable ship speed 
𝑉𝑉att.,actual in actual conditions is 
 

𝑉𝑉att.,actual = 𝑓𝑓(𝑉𝑉ref., 𝐻𝐻S
(act.), 𝑇𝑇P

 (act.) , 𝛼𝛼waves
(act.) ) (2)        

  
i.e. the predicted attainable ship speed 𝑉𝑉att.,predicted in 
forecasted conditions is  
 

𝑉𝑉att.,predicted = 𝑓𝑓(𝑉𝑉ref., 𝐻𝐻S
(for.) , 𝑇𝑇P

 (for.) , 𝛼𝛼waves
(for.) ). (3) 

 
For operational implementation, attainable speed values 
are obtained through bilinear interpolation between 
discrete simulation points, ensuring smooth transitions for 
intermediate wave heights and encounter angles. The 
encounter wave angle is computed from ship heading ψ 
and meteorological wave direction βwaves according to 
 

𝛼𝛼waves = {𝛽𝛽waves − 𝜓𝜓,                      𝑓𝑓𝑓𝑓𝑓𝑓 𝜓𝜓 ≤ 𝛽𝛽waves  
2𝜋𝜋 + 𝛽𝛽waves − 𝜓𝜓, 𝑓𝑓𝑓𝑓𝑓𝑓 𝜓𝜓 > 𝛽𝛽waves

. (4) 
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spectrum for fully developed seas and the JONSWAP 
spectrum for fetch-limited conditions [18].  
Throughout simulations, an autopilot system maintained 
commanded heading rather than track-keeping mode, 
while speed loss emerged naturally from the force 
balance between thrust and environmental loading. This 
configuration was chosen deliberately: the lookup tables 
are intended to characterise the intrinsic wind–wave-
induced speed loss for each encounter geometry, isolated 
from the additional rudder-activity losses that occur 
when a vessel compensates for drift along a predefined 
track. In operational routing, such track-keeping losses 
and drift-induced heading corrections can be 
superimposed on the lookup-table values as separate 
corrections at the routing stage. 
Parallel simulations utilised HydroComp NavCad, 
employing quasi-static resistance decomposition 
methods based on ITTC-1978 correlation procedures 
[19, 20]. Unlike the time-domain NTPRO approach, 
NavCad separates total resistance into distinct physical 
components such as bare-hull viscous resistance, wave-
making resistance, appendage drag, and environmental 
added resistance, which are individually computed and 
summed. Wave-added resistance predictions employ 
regression-based methods derived from systematic 
model test series, with the Aertssen approach [21] 
enabling direct speed-loss estimation for weather-routing 
applications.  
2.2. Reference vessel and simulation matrix 
A 28,050 DWT bulk carrier served as the reference 
vessel for all simulations, selected for its representative 
characteristics among medium-sized commercial cargo 
ships operating transatlantic routes [22]. The principal 
particulars are summarised in Table 1. 
 
Table 1. Principal particulars of the reference bulk carrier 

Parameter Value Unit 
Length between perpendiculars 
(LPP) 

160.40 m 

Beam (B) 27.20 m 
Depth (D) 13.60 m 
Design draft (T) 9.819 m 
Deadweight (DWT) 28,050 tons 
Gross tonnage (GT) 17,009 - 
Main engine power (MCR) 6,150 kW 
Propeller diameter 5.25 m 
Service speed ~14.0 knots 

 
The propulsion system consists of a two-stroke marine 
diesel engine rated at 6,150 kW at 136 rpm under 
nominal conditions, derated to 5,850 kW at 129 rpm for 
heavy fuel oil operation. Power transmission is achieved 
through a direct-drive shaft system connected to a four-
bladed fixed-pitch propeller with a mean pitch of 3.686 
m and a 35-degree skew angle optimised for bulk carrier 
operations. These specifications were integrated into 
both computational platforms to ensure consistent 
representation of vessel response characteristics. 
The simulation matrix was designed to comprehensively 
cover operationally relevant conditions encountered on 
North Atlantic routes. Environmental parameters 
included: 
(i)  Significant wave heights: 13 wave heights 
 spanning HS ∈{0, 1, 2, ..., 12} metres, 
 corresponding to WMO Sea State Codes 0-8 

(ii) Wave encounter angles: 13 orientations  
 αwaves ∈{0°, 15°, 30°, ..., 180°} covering head seas 
 (0°), bow-quartering (15°-75°), beam seas (90°), 
 stern-quartering (105°-165°), and following seas 
 (180°) 
(iii) Intended reference ship speeds: 
 Vref. ∈{12.0, 13.5, 14.5} knots 
(iv) Loading conditions: Full load and ballast 
 configurations 
(v)  Wave spectra: Pierson-Moskowitz and JONSWAP.  
Wind speed was not varied as an independent parameter 
but was coupled to significant wave height through the 
Beaufort–Douglas sea-state correspondence, consistent 
with the fully developed sea assumption of the Pierson–
Moskowitz spectrum and the wind–wave coupling 
intrinsic to the JONSWAP formulation. Wind direction 
was kept aligned with the wave direction, reflecting 
typical North Atlantic conditions in which swell and wind 
sea co-propagate; this simplification is the same as that 
adopted in the underlying simulation framework [23]. This 
parameterisation yielded 2,028 unique simulation 
scenarios for NTPRO 5000 (accounting for both spectral 
formulations and loading conditions) and 1,014 scenarios 
for NavCad (single spectral treatment) [23]. While 
simulations were conducted for encounter angles 0°-180°, 
results were extended to the full 360° range by applying 
symmetry principles, as port and starboard wave 
encounters produce mirror-image responses. 
2.3. Attainable Speed Formulation 
Neglecting ocean current effects, the attainable ship speed 
Vatt. can be expressed as a function of intended reference 
speed and prevailing sea state conditions 
 

𝑉𝑉att. = 𝑓𝑓(𝑉𝑉ref., 𝐻𝐻S, 𝑇𝑇𝑝𝑝, 𝛼𝛼waves) (1) 
 
where Vref. denotes the intended reference speed (knots), 
HS represents significant wave height (m), Tp indicates 
peak wave period (s), and αwaves specifies the encounter 
wave angle (degrees). The functional relationship is 
determined empirically, with results organised into lookup 
tables that enable rapid interpolation for arbitrary input 
combinations. 
The sea conditions can be actual, for actual values of 
𝐻𝐻S

(act.), 𝑇𝑇P
 (act.)and 𝛼𝛼waves

(act.) , and forecasted, for forecast values 
of 𝐻𝐻S
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(for.) . The attainable ship speed 
𝑉𝑉att.,actual in actual conditions is 
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(act.), 𝑇𝑇P
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i.e. the predicted attainable ship speed 𝑉𝑉att.,predicted in 
forecasted conditions is  
 

𝑉𝑉att.,predicted = 𝑓𝑓(𝑉𝑉ref., 𝐻𝐻S
(for.) , 𝑇𝑇P

 (for.) , 𝛼𝛼waves
(for.) ). (3) 

 
For operational implementation, attainable speed values 
are obtained through bilinear interpolation between 
discrete simulation points, ensuring smooth transitions for 
intermediate wave heights and encounter angles. The 
encounter wave angle is computed from ship heading ψ 
and meteorological wave direction βwaves according to 
 

𝛼𝛼waves = {𝛽𝛽waves − 𝜓𝜓,                      𝑓𝑓𝑓𝑓𝑓𝑓 𝜓𝜓 ≤ 𝛽𝛽waves  
2𝜋𝜋 + 𝛽𝛽waves − 𝜓𝜓, 𝑓𝑓𝑓𝑓𝑓𝑓 𝜓𝜓 > 𝛽𝛽waves
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spectrum for fully developed seas and the JONSWAP 
spectrum for fetch-limited conditions [18].  
Throughout simulations, an autopilot system maintained 
commanded heading rather than track-keeping mode, 
while speed loss emerged naturally from the force 
balance between thrust and environmental loading. This 
configuration was chosen deliberately: the lookup tables 
are intended to characterise the intrinsic wind–wave-
induced speed loss for each encounter geometry, isolated 
from the additional rudder-activity losses that occur 
when a vessel compensates for drift along a predefined 
track. In operational routing, such track-keeping losses 
and drift-induced heading corrections can be 
superimposed on the lookup-table values as separate 
corrections at the routing stage. 
Parallel simulations utilised HydroComp NavCad, 
employing quasi-static resistance decomposition 
methods based on ITTC-1978 correlation procedures 
[19, 20]. Unlike the time-domain NTPRO approach, 
NavCad separates total resistance into distinct physical 
components such as bare-hull viscous resistance, wave-
making resistance, appendage drag, and environmental 
added resistance, which are individually computed and 
summed. Wave-added resistance predictions employ 
regression-based methods derived from systematic 
model test series, with the Aertssen approach [21] 
enabling direct speed-loss estimation for weather-routing 
applications.  
2.2. Reference vessel and simulation matrix 
A 28,050 DWT bulk carrier served as the reference 
vessel for all simulations, selected for its representative 
characteristics among medium-sized commercial cargo 
ships operating transatlantic routes [22]. The principal 
particulars are summarised in Table 1. 
 
Table 1. Principal particulars of the reference bulk carrier 

Parameter Value Unit 
Length between perpendiculars 
(LPP) 

160.40 m 

Beam (B) 27.20 m 
Depth (D) 13.60 m 
Design draft (T) 9.819 m 
Deadweight (DWT) 28,050 tons 
Gross tonnage (GT) 17,009 - 
Main engine power (MCR) 6,150 kW 
Propeller diameter 5.25 m 
Service speed ~14.0 knots 

 
The propulsion system consists of a two-stroke marine 
diesel engine rated at 6,150 kW at 136 rpm under 
nominal conditions, derated to 5,850 kW at 129 rpm for 
heavy fuel oil operation. Power transmission is achieved 
through a direct-drive shaft system connected to a four-
bladed fixed-pitch propeller with a mean pitch of 3.686 
m and a 35-degree skew angle optimised for bulk carrier 
operations. These specifications were integrated into 
both computational platforms to ensure consistent 
representation of vessel response characteristics. 
The simulation matrix was designed to comprehensively 
cover operationally relevant conditions encountered on 
North Atlantic routes. Environmental parameters 
included: 
(i)  Significant wave heights: 13 wave heights 
 spanning HS ∈{0, 1, 2, ..., 12} metres, 
 corresponding to WMO Sea State Codes 0-8 

(ii) Wave encounter angles: 13 orientations  
 αwaves ∈{0°, 15°, 30°, ..., 180°} covering head seas 
 (0°), bow-quartering (15°-75°), beam seas (90°), 
 stern-quartering (105°-165°), and following seas 
 (180°) 
(iii) Intended reference ship speeds: 
 Vref. ∈{12.0, 13.5, 14.5} knots 
(iv) Loading conditions: Full load and ballast 
 configurations 
(v)  Wave spectra: Pierson-Moskowitz and JONSWAP.  
Wind speed was not varied as an independent parameter 
but was coupled to significant wave height through the 
Beaufort–Douglas sea-state correspondence, consistent 
with the fully developed sea assumption of the Pierson–
Moskowitz spectrum and the wind–wave coupling 
intrinsic to the JONSWAP formulation. Wind direction 
was kept aligned with the wave direction, reflecting 
typical North Atlantic conditions in which swell and wind 
sea co-propagate; this simplification is the same as that 
adopted in the underlying simulation framework [23]. This 
parameterisation yielded 2,028 unique simulation 
scenarios for NTPRO 5000 (accounting for both spectral 
formulations and loading conditions) and 1,014 scenarios 
for NavCad (single spectral treatment) [23]. While 
simulations were conducted for encounter angles 0°-180°, 
results were extended to the full 360° range by applying 
symmetry principles, as port and starboard wave 
encounters produce mirror-image responses. 
2.3. Attainable Speed Formulation 
Neglecting ocean current effects, the attainable ship speed 
Vatt. can be expressed as a function of intended reference 
speed and prevailing sea state conditions 
 

𝑉𝑉att. = 𝑓𝑓(𝑉𝑉ref., 𝐻𝐻S, 𝑇𝑇𝑝𝑝, 𝛼𝛼waves) (1) 
 
where Vref. denotes the intended reference speed (knots), 
HS represents significant wave height (m), Tp indicates 
peak wave period (s), and αwaves specifies the encounter 
wave angle (degrees). The functional relationship is 
determined empirically, with results organised into lookup 
tables that enable rapid interpolation for arbitrary input 
combinations. 
The sea conditions can be actual, for actual values of 
𝐻𝐻S

(act.), 𝑇𝑇P
 (act.)and 𝛼𝛼waves

(act.) , and forecasted, for forecast values 
of 𝐻𝐻S

(for.), 𝑇𝑇P
 (for.)and 𝛼𝛼waves

(for.) . The attainable ship speed 
𝑉𝑉att.,actual in actual conditions is 
 

𝑉𝑉att.,actual = 𝑓𝑓(𝑉𝑉ref., 𝐻𝐻S
(act.), 𝑇𝑇P

 (act.) , 𝛼𝛼waves
(act.) ) (2)        

  
i.e. the predicted attainable ship speed 𝑉𝑉att.,predicted in 
forecasted conditions is  
 

𝑉𝑉att.,predicted = 𝑓𝑓(𝑉𝑉ref., 𝐻𝐻S
(for.) , 𝑇𝑇P

 (for.) , 𝛼𝛼waves
(for.) ). (3) 

 
For operational implementation, attainable speed values 
are obtained through bilinear interpolation between 
discrete simulation points, ensuring smooth transitions for 
intermediate wave heights and encounter angles. The 
encounter wave angle is computed from ship heading ψ 
and meteorological wave direction βwaves according to 
 

𝛼𝛼waves = {𝛽𝛽waves − 𝜓𝜓,                      𝑓𝑓𝑓𝑓𝑓𝑓 𝜓𝜓 ≤ 𝛽𝛽waves  
2𝜋𝜋 + 𝛽𝛽waves − 𝜓𝜓, 𝑓𝑓𝑓𝑓𝑓𝑓 𝜓𝜓 > 𝛽𝛽waves
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For operational implementation, attainable speed values 
are obtained through bilinear interpolation between dis-
crete simulation points, ensuring smooth transitions for 
intermediate wave heights and encounter angles. The en-
counter wave angle is computed from ship heading ψ and 
meteorological wave direction βwaves according to
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spectrum for fully developed seas and the JONSWAP 
spectrum for fetch-limited conditions [18].  
Throughout simulations, an autopilot system maintained 
commanded heading rather than track-keeping mode, 
while speed loss emerged naturally from the force 
balance between thrust and environmental loading. This 
configuration was chosen deliberately: the lookup tables 
are intended to characterise the intrinsic wind–wave-
induced speed loss for each encounter geometry, isolated 
from the additional rudder-activity losses that occur 
when a vessel compensates for drift along a predefined 
track. In operational routing, such track-keeping losses 
and drift-induced heading corrections can be 
superimposed on the lookup-table values as separate 
corrections at the routing stage. 
Parallel simulations utilised HydroComp NavCad, 
employing quasi-static resistance decomposition 
methods based on ITTC-1978 correlation procedures 
[19, 20]. Unlike the time-domain NTPRO approach, 
NavCad separates total resistance into distinct physical 
components such as bare-hull viscous resistance, wave-
making resistance, appendage drag, and environmental 
added resistance, which are individually computed and 
summed. Wave-added resistance predictions employ 
regression-based methods derived from systematic 
model test series, with the Aertssen approach [21] 
enabling direct speed-loss estimation for weather-routing 
applications.  
2.2. Reference vessel and simulation matrix 
A 28,050 DWT bulk carrier served as the reference 
vessel for all simulations, selected for its representative 
characteristics among medium-sized commercial cargo 
ships operating transatlantic routes [22]. The principal 
particulars are summarised in Table 1. 
 
Table 1. Principal particulars of the reference bulk carrier 

Parameter Value Unit 
Length between perpendiculars 
(LPP) 

160.40 m 

Beam (B) 27.20 m 
Depth (D) 13.60 m 
Design draft (T) 9.819 m 
Deadweight (DWT) 28,050 tons 
Gross tonnage (GT) 17,009 - 
Main engine power (MCR) 6,150 kW 
Propeller diameter 5.25 m 
Service speed ~14.0 knots 

 
The propulsion system consists of a two-stroke marine 
diesel engine rated at 6,150 kW at 136 rpm under 
nominal conditions, derated to 5,850 kW at 129 rpm for 
heavy fuel oil operation. Power transmission is achieved 
through a direct-drive shaft system connected to a four-
bladed fixed-pitch propeller with a mean pitch of 3.686 
m and a 35-degree skew angle optimised for bulk carrier 
operations. These specifications were integrated into 
both computational platforms to ensure consistent 
representation of vessel response characteristics. 
The simulation matrix was designed to comprehensively 
cover operationally relevant conditions encountered on 
North Atlantic routes. Environmental parameters 
included: 
(i)  Significant wave heights: 13 wave heights 
 spanning HS ∈{0, 1, 2, ..., 12} metres, 
 corresponding to WMO Sea State Codes 0-8 

(ii) Wave encounter angles: 13 orientations  
 αwaves ∈{0°, 15°, 30°, ..., 180°} covering head seas 
 (0°), bow-quartering (15°-75°), beam seas (90°), 
 stern-quartering (105°-165°), and following seas 
 (180°) 
(iii) Intended reference ship speeds: 
 Vref. ∈{12.0, 13.5, 14.5} knots 
(iv) Loading conditions: Full load and ballast 
 configurations 
(v)  Wave spectra: Pierson-Moskowitz and JONSWAP.  
Wind speed was not varied as an independent parameter 
but was coupled to significant wave height through the 
Beaufort–Douglas sea-state correspondence, consistent 
with the fully developed sea assumption of the Pierson–
Moskowitz spectrum and the wind–wave coupling 
intrinsic to the JONSWAP formulation. Wind direction 
was kept aligned with the wave direction, reflecting 
typical North Atlantic conditions in which swell and wind 
sea co-propagate; this simplification is the same as that 
adopted in the underlying simulation framework [23]. This 
parameterisation yielded 2,028 unique simulation 
scenarios for NTPRO 5000 (accounting for both spectral 
formulations and loading conditions) and 1,014 scenarios 
for NavCad (single spectral treatment) [23]. While 
simulations were conducted for encounter angles 0°-180°, 
results were extended to the full 360° range by applying 
symmetry principles, as port and starboard wave 
encounters produce mirror-image responses. 
2.3. Attainable Speed Formulation 
Neglecting ocean current effects, the attainable ship speed 
Vatt. can be expressed as a function of intended reference 
speed and prevailing sea state conditions 
 

𝑉𝑉att. = 𝑓𝑓(𝑉𝑉ref., 𝐻𝐻S, 𝑇𝑇𝑝𝑝, 𝛼𝛼waves) (1) 
 
where Vref. denotes the intended reference speed (knots), 
HS represents significant wave height (m), Tp indicates 
peak wave period (s), and αwaves specifies the encounter 
wave angle (degrees). The functional relationship is 
determined empirically, with results organised into lookup 
tables that enable rapid interpolation for arbitrary input 
combinations. 
The sea conditions can be actual, for actual values of 
𝐻𝐻S

(act.), 𝑇𝑇P
 (act.)and 𝛼𝛼waves

(act.) , and forecasted, for forecast values 
of 𝐻𝐻S

(for.), 𝑇𝑇P
 (for.)and 𝛼𝛼waves

(for.) . The attainable ship speed 
𝑉𝑉att.,actual in actual conditions is 
 

𝑉𝑉att.,actual = 𝑓𝑓(𝑉𝑉ref., 𝐻𝐻S
(act.), 𝑇𝑇P

 (act.) , 𝛼𝛼waves
(act.) ) (2)        

  
i.e. the predicted attainable ship speed 𝑉𝑉att.,predicted in 
forecasted conditions is  
 

𝑉𝑉att.,predicted = 𝑓𝑓(𝑉𝑉ref., 𝐻𝐻S
(for.) , 𝑇𝑇P

 (for.) , 𝛼𝛼waves
(for.) ). (3) 

 
For operational implementation, attainable speed values 
are obtained through bilinear interpolation between 
discrete simulation points, ensuring smooth transitions for 
intermediate wave heights and encounter angles. The 
encounter wave angle is computed from ship heading ψ 
and meteorological wave direction βwaves according to 
 

𝛼𝛼waves = {𝛽𝛽waves − 𝜓𝜓,                      𝑓𝑓𝑓𝑓𝑓𝑓 𝜓𝜓 ≤ 𝛽𝛽waves  
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While the theoretical formulation for attainable ship 
speed includes peak wave period Tp as an independent 
variable, practical implementation couples period to sig-
nificant wave height through the spectral relationships. In 
the Pierson-Moskowitz formulation, peak period is not 
independently controllable but rather a derived quantity 
determined by the spectrum parameterisation. Similarly, 
JONSWAP implementation maintains period-height cou-
pling through wind-wave relationships. This simplifica-
tion reflects the physical reality that wave height and peri-
od evolve together according to fetch, duration, and wind 
speed characteristics [18], and is justified for the North 
Atlantic routes studied (e.g., Rotterdam–New York), 
where swell and wind seas typically align.

Simulation outputs occasionally yielded undefined (NaN) 
values representing sea states where the autopilot system 
could no longer maintain the demanded course, i.e. con-
ditions characterised by excessive yaw rates, severe roll 
and pitch amplitudes, or loss of directional stability. These 
values effectively define operational boundaries beyond 
which navigation becomes hazardous, serving as indica-
tors for route optimisation algorithms to identify avoid-
ance zones or mandate course and speed alterations.

3.	 Weather Forecast Uncertainty
The meteorological dataset was organised into four fore-
cast lead-time classes, each aligned with a distinct level 
of operational decision-making. The short-range window 
(0–24 h) represents immediate onboard planning and was 

sampled at 0, 6, 12, 18, and 24 hours. Tactical voyage 
adjustments are supported by the medium-range window 
(24–72 h), comprising forecasts at 30, 36, 42, 48, 54, 60, 
66, and 72 hours. The extended-range horizon (72–120 
h) addresses strategic routing decisions and includes pre-
dictions at 78, 84, 90, 96, 102, 108, 114, and 120 hours. 
Finally, the long-range window (120–168 h) provides 
advance planning capability through outputs at 126, 132, 
138, 144, 150, 156, 162, and 168 hours. This structured 
temporal partitioning enables a systematic evaluation of 
forecast skill decay with increasing lead time, which is 
essential for analysing how uncertainty propagates into 
attainable ship speed estimates.

For each lead-time class, both forecasted and observed 
values were collected for six meteorological variables 
directly influencing ship performance: significant wave 
height Hs (m), representing the mean height of the highest 
one-third of waves; peak wave period Tp (s), characterising 
the dominant spectral component; wind speed Vwind (m/s) 
at the 10 m reference level; wave direction βwaves (deg), de-
fined as the direction from which waves propagate relative 
to geographic north; wind direction βwind (deg), defined 
analogously for the atmospheric flow; and the encounter 
angle αwaves (deg), describing the relative orientation be-
tween vessel heading and incoming wave direction.

All data processing and uncertainty analysis were im-
plemented within a Python-based workflow tailored for 
large-scale meteorological datasets, employing special-
ised libraries (cfgrib and eccodes for GRIB decoding, 
xarray and pandas for spatio-temporal alignment, and 
NumPy, SciPy and scikit-learn for statistical evaluation) 
within Python 3.13.

4.	 Uncertainty metrics
The Root Mean Square Error (RMSE) [24], can be de-
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4. Uncertainty metrics 
The Root Mean Square Error (RMSE) [24], can be defined 
as 

RMSE = √
1
𝑛𝑛∑(𝐹𝐹𝑖𝑖 − 𝑂𝑂𝑖𝑖)2

𝑛𝑛

𝑖𝑖=1
. (5) 

The quadratic form of the RMSE places a 
disproportionately high weight on large deviations, 
rendering the metric especially responsive to sporadic but 
severe errors. This property is advantageous for revealing 
extreme discrepancies in predicted ship speed that may 
have a decisive influence on routing outcomes and 
schedule reliability. 
In contrast, the Mean Absolute Error (MAE) offers a linear 
measure of the average error magnitude [24] and is defined 
as 

MAE = 1
𝑛𝑛∑|𝐹𝐹𝑖𝑖 − 𝑂𝑂𝑖𝑖|

𝑛𝑛

𝑖𝑖=1
. (6) 

Bias quantifies systematic forecast tendencies, which 
reveals if a model consistently over- or under-predicts, and 
is noted as [25] 

Bias = 1
𝑛𝑛∑(𝐹𝐹𝑖𝑖 − 𝑂𝑂𝑖𝑖)

𝑛𝑛

𝑖𝑖=1
. (7) 

 
Unlike RMSE and MAE, the bias may approach zero even 
in the presence of substantial errors, provided that positive 
and negative deviations compensate each other. 
Consequently, bias must be evaluated in conjunction with 
magnitude-based metrics in order to discriminate between 
true predictive accuracy and mere cancellation of 
opposing errors [25]. 
The Index of Agreement (Willmott’s Index) [26] is a 
normalised metric ranging from 0 to 1 that quantifies the 
degree of correspondence between model predictions and 
observations relative to their variability. It is defined as 

IoA = 1 −
∑ (𝐹𝐹𝑖𝑖 − 𝑂𝑂𝑖𝑖)2

𝑛𝑛
𝑖𝑖=1

∑ (|𝐹𝐹𝑖𝑖 − 𝑂̅𝑂| + |𝑂𝑂𝑖𝑖 − 𝑂̅𝑂|)2𝑛𝑛
𝑖𝑖=1

. (8) 

The Fractions Skill Score (FSS) is a spatial verification 
metric for high-resolution forecasts of threshold-based 
events [27]. Ranging from 0 (no skill) to 1 (perfect 
agreement), it evaluates forecast performance by 
comparing the fractional occurrence of an event within 
local neighbourhoods rather than at individual grid points. 
Forecast and observed fields are first binarised, after 
which a moving window computes the local event 
fractions in both fields. The FSS is then defined as [27]
 

FSS = 1− MSE𝑓𝑓
MSE𝑓𝑓,𝑟𝑟𝑟𝑟𝑟𝑟

= 1 − ∑ [𝑂𝑂(𝑛𝑛)−𝐹𝐹(𝑛𝑛)]2𝑁𝑁
𝑛𝑛=1

∑ [𝑂𝑂2(𝑛𝑛)+𝐹𝐹2(𝑛𝑛)]𝑁𝑁
𝑛𝑛=1

(9) 
 
where MSEf denotes the mean squared error between the 
forecast fractions F(n) and the observed fractions O(n) for 
neighbourhoods n = 1,…,N, and MSEf,ref is the reference 
MSE corresponding to a no-skill forecast, i.e. the worst-
case scenario. Here, N denotes the total number of 
neighbourhoods. 
The Continuous Ranked Probability Score (CRPS) 
generalises forecast verification to probabilistic 
predictions by evaluating the agreement between a 
forecast distribution and the corresponding observed value 
[28] 
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The quadratic form of the RMSE places a disproportion-
ately high weight on large deviations, rendering the metric 
especially responsive to sporadic but severe errors. This 
property is advantageous for revealing extreme discrep-
ancies in predicted ship speed that may have a decisive 
influence on routing outcomes and schedule reliability.

In contrast, the Mean Absolute Error (MAE) offers a lin-
ear measure of the average error magnitude [24] and is 
defined as
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case scenario. Here, N denotes the total number of 
neighbourhoods. 
The Continuous Ranked Probability Score (CRPS) 
generalises forecast verification to probabilistic 
predictions by evaluating the agreement between a 
forecast distribution and the corresponding observed value 
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spectrum for fully developed seas and the JONSWAP 
spectrum for fetch-limited conditions [18].  
Throughout simulations, an autopilot system maintained 
commanded heading rather than track-keeping mode, 
while speed loss emerged naturally from the force 
balance between thrust and environmental loading. This 
configuration was chosen deliberately: the lookup tables 
are intended to characterise the intrinsic wind–wave-
induced speed loss for each encounter geometry, isolated 
from the additional rudder-activity losses that occur 
when a vessel compensates for drift along a predefined 
track. In operational routing, such track-keeping losses 
and drift-induced heading corrections can be 
superimposed on the lookup-table values as separate 
corrections at the routing stage. 
Parallel simulations utilised HydroComp NavCad, 
employing quasi-static resistance decomposition 
methods based on ITTC-1978 correlation procedures 
[19, 20]. Unlike the time-domain NTPRO approach, 
NavCad separates total resistance into distinct physical 
components such as bare-hull viscous resistance, wave-
making resistance, appendage drag, and environmental 
added resistance, which are individually computed and 
summed. Wave-added resistance predictions employ 
regression-based methods derived from systematic 
model test series, with the Aertssen approach [21] 
enabling direct speed-loss estimation for weather-routing 
applications.  
2.2. Reference vessel and simulation matrix 
A 28,050 DWT bulk carrier served as the reference 
vessel for all simulations, selected for its representative 
characteristics among medium-sized commercial cargo 
ships operating transatlantic routes [22]. The principal 
particulars are summarised in Table 1. 
 
Table 1. Principal particulars of the reference bulk carrier 

Parameter Value Unit 
Length between perpendiculars 
(LPP) 

160.40 m 

Beam (B) 27.20 m 
Depth (D) 13.60 m 
Design draft (T) 9.819 m 
Deadweight (DWT) 28,050 tons 
Gross tonnage (GT) 17,009 - 
Main engine power (MCR) 6,150 kW 
Propeller diameter 5.25 m 
Service speed ~14.0 knots 

 
The propulsion system consists of a two-stroke marine 
diesel engine rated at 6,150 kW at 136 rpm under 
nominal conditions, derated to 5,850 kW at 129 rpm for 
heavy fuel oil operation. Power transmission is achieved 
through a direct-drive shaft system connected to a four-
bladed fixed-pitch propeller with a mean pitch of 3.686 
m and a 35-degree skew angle optimised for bulk carrier 
operations. These specifications were integrated into 
both computational platforms to ensure consistent 
representation of vessel response characteristics. 
The simulation matrix was designed to comprehensively 
cover operationally relevant conditions encountered on 
North Atlantic routes. Environmental parameters 
included: 
(i)  Significant wave heights: 13 wave heights 
 spanning HS ∈{0, 1, 2, ..., 12} metres, 
 corresponding to WMO Sea State Codes 0-8 

(ii) Wave encounter angles: 13 orientations  
 αwaves ∈{0°, 15°, 30°, ..., 180°} covering head seas 
 (0°), bow-quartering (15°-75°), beam seas (90°), 
 stern-quartering (105°-165°), and following seas 
 (180°) 
(iii) Intended reference ship speeds: 
 Vref. ∈{12.0, 13.5, 14.5} knots 
(iv) Loading conditions: Full load and ballast 
 configurations 
(v)  Wave spectra: Pierson-Moskowitz and JONSWAP.  
Wind speed was not varied as an independent parameter 
but was coupled to significant wave height through the 
Beaufort–Douglas sea-state correspondence, consistent 
with the fully developed sea assumption of the Pierson–
Moskowitz spectrum and the wind–wave coupling 
intrinsic to the JONSWAP formulation. Wind direction 
was kept aligned with the wave direction, reflecting 
typical North Atlantic conditions in which swell and wind 
sea co-propagate; this simplification is the same as that 
adopted in the underlying simulation framework [23]. This 
parameterisation yielded 2,028 unique simulation 
scenarios for NTPRO 5000 (accounting for both spectral 
formulations and loading conditions) and 1,014 scenarios 
for NavCad (single spectral treatment) [23]. While 
simulations were conducted for encounter angles 0°-180°, 
results were extended to the full 360° range by applying 
symmetry principles, as port and starboard wave 
encounters produce mirror-image responses. 
2.3. Attainable Speed Formulation 
Neglecting ocean current effects, the attainable ship speed 
Vatt. can be expressed as a function of intended reference 
speed and prevailing sea state conditions 
 

𝑉𝑉att. = 𝑓𝑓(𝑉𝑉ref., 𝐻𝐻S, 𝑇𝑇𝑝𝑝, 𝛼𝛼waves) (1) 
 
where Vref. denotes the intended reference speed (knots), 
HS represents significant wave height (m), Tp indicates 
peak wave period (s), and αwaves specifies the encounter 
wave angle (degrees). The functional relationship is 
determined empirically, with results organised into lookup 
tables that enable rapid interpolation for arbitrary input 
combinations. 
The sea conditions can be actual, for actual values of 
𝐻𝐻S

(act.), 𝑇𝑇P
 (act.)and 𝛼𝛼waves

(act.) , and forecasted, for forecast values 
of 𝐻𝐻S

(for.), 𝑇𝑇P
 (for.)and 𝛼𝛼waves

(for.) . The attainable ship speed 
𝑉𝑉att.,actual in actual conditions is 
 

𝑉𝑉att.,actual = 𝑓𝑓(𝑉𝑉ref., 𝐻𝐻S
(act.), 𝑇𝑇P

 (act.) , 𝛼𝛼waves
(act.) ) (2)        

  
i.e. the predicted attainable ship speed 𝑉𝑉att.,predicted in 
forecasted conditions is  
 

𝑉𝑉att.,predicted = 𝑓𝑓(𝑉𝑉ref., 𝐻𝐻S
(for.) , 𝑇𝑇P

 (for.) , 𝛼𝛼waves
(for.) ). (3) 

 
For operational implementation, attainable speed values 
are obtained through bilinear interpolation between 
discrete simulation points, ensuring smooth transitions for 
intermediate wave heights and encounter angles. The 
encounter wave angle is computed from ship heading ψ 
and meteorological wave direction βwaves according to 
 

𝛼𝛼waves = {𝛽𝛽waves − 𝜓𝜓,                      𝑓𝑓𝑓𝑓𝑓𝑓 𝜓𝜓 ≤ 𝛽𝛽waves  
2𝜋𝜋 + 𝛽𝛽waves − 𝜓𝜓, 𝑓𝑓𝑓𝑓𝑓𝑓 𝜓𝜓 > 𝛽𝛽waves

. (4) 
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Bias quantifies systematic forecast tendencies, which re-
veals if a model consistently over- or under-predicts, and 
is noted as [25]
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significant wave height through the spectral 
relationships. In the Pierson-Moskowitz formulation, 
peak period is not independently controllable but rather 
a derived quantity determined by the spectrum 
parameterisation. Similarly, JONSWAP implementation 
maintains period-height coupling through wind-wave 
relationships. This simplification reflects the physical 
reality that wave height and period evolve together 
according to fetch, duration, and wind speed 
characteristics [18], and is justified for the North Atlantic 
routes studied (e.g., Rotterdam–New York), where swell 
and wind seas typically align. 
Simulation outputs occasionally yielded undefined 
(NaN) values representing sea states where the autopilot 
system could no longer maintain the demanded course, 
i.e. conditions characterised by excessive yaw rates, 
severe roll and pitch amplitudes, or loss of directional 
stability. These values effectively define operational 
boundaries beyond which navigation becomes 
hazardous, serving as indicators for route optimisation 
algorithms to identify avoidance zones or mandate 
course and speed alterations. 
3. Weather Forecast Uncertainty 
The meteorological dataset was organised into four 
forecast lead-time classes, each aligned with a distinct 
level of operational decision-making. The short-range 
window (0–24 h) represents immediate onboard 
planning and was sampled at 0, 6, 12, 18, and 24 hours. 
Tactical voyage adjustments are supported by the 
medium-range window (24–72 h), comprising forecasts 
at 30, 36, 42, 48, 54, 60, 66, and 72 hours. The extended-
range horizon (72–120 h) addresses strategic routing 
decisions and includes predictions at 78, 84, 90, 96, 102, 
108, 114, and 120 hours. Finally, the long-range window 
(120–168 h) provides advance planning capability 
through outputs at 126, 132, 138, 144, 150, 156, 162, and 
168 hours. This structured temporal partitioning enables 
a systematic evaluation of forecast skill decay with 
increasing lead time, which is essential for analysing 
how uncertainty propagates into attainable ship speed 
estimates. 
For each lead-time class, both forecasted and observed 
values were collected for six meteorological variables 
directly influencing ship performance: significant wave 
height Hs (m), representing the mean height of the 
highest one-third of waves; peak wave period Tp (s), 
characterising the dominant spectral component; wind 
speed Vwind (m/s) at the 10 m reference level; wave 
direction βwaves (deg), defined as the direction from 
which waves propagate relative to geographic north; 
wind direction βwind (deg), defined analogously for the 
atmospheric flow; and the encounter angle αwaves (deg), 
describing the relative orientation between vessel 
heading and incoming wave direction. 
All data processing and uncertainty analysis were 
implemented within a Python-based workflow tailored 
for large-scale meteorological datasets, employing 
specialised libraries (cfgrib and eccodes for GRIB 
decoding, xarray and pandas for spatio-temporal 
alignment, and NumPy, SciPy and scikit-learn for 
statistical evaluation) within Python 3.13. 

4. Uncertainty metrics 
The Root Mean Square Error (RMSE) [24], can be defined 
as 

RMSE = √
1
𝑛𝑛∑(𝐹𝐹𝑖𝑖 − 𝑂𝑂𝑖𝑖)2

𝑛𝑛

𝑖𝑖=1
. (5) 

The quadratic form of the RMSE places a 
disproportionately high weight on large deviations, 
rendering the metric especially responsive to sporadic but 
severe errors. This property is advantageous for revealing 
extreme discrepancies in predicted ship speed that may 
have a decisive influence on routing outcomes and 
schedule reliability. 
In contrast, the Mean Absolute Error (MAE) offers a linear 
measure of the average error magnitude [24] and is defined 
as 

MAE = 1
𝑛𝑛∑|𝐹𝐹𝑖𝑖 − 𝑂𝑂𝑖𝑖|
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Bias quantifies systematic forecast tendencies, which 
reveals if a model consistently over- or under-predicts, and 
is noted as [25] 

Bias = 1
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Unlike RMSE and MAE, the bias may approach zero even 
in the presence of substantial errors, provided that positive 
and negative deviations compensate each other. 
Consequently, bias must be evaluated in conjunction with 
magnitude-based metrics in order to discriminate between 
true predictive accuracy and mere cancellation of 
opposing errors [25]. 
The Index of Agreement (Willmott’s Index) [26] is a 
normalised metric ranging from 0 to 1 that quantifies the 
degree of correspondence between model predictions and 
observations relative to their variability. It is defined as 
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∑ (𝐹𝐹𝑖𝑖 − 𝑂𝑂𝑖𝑖)2

𝑛𝑛
𝑖𝑖=1

∑ (|𝐹𝐹𝑖𝑖 − 𝑂̅𝑂| + |𝑂𝑂𝑖𝑖 − 𝑂̅𝑂|)2𝑛𝑛
𝑖𝑖=1

. (8) 

The Fractions Skill Score (FSS) is a spatial verification 
metric for high-resolution forecasts of threshold-based 
events [27]. Ranging from 0 (no skill) to 1 (perfect 
agreement), it evaluates forecast performance by 
comparing the fractional occurrence of an event within 
local neighbourhoods rather than at individual grid points. 
Forecast and observed fields are first binarised, after 
which a moving window computes the local event 
fractions in both fields. The FSS is then defined as [27]
 

FSS = 1− MSE𝑓𝑓
MSE𝑓𝑓,𝑟𝑟𝑟𝑟𝑟𝑟

= 1 − ∑ [𝑂𝑂(𝑛𝑛)−𝐹𝐹(𝑛𝑛)]2𝑁𝑁
𝑛𝑛=1

∑ [𝑂𝑂2(𝑛𝑛)+𝐹𝐹2(𝑛𝑛)]𝑁𝑁
𝑛𝑛=1

(9) 
 
where MSEf denotes the mean squared error between the 
forecast fractions F(n) and the observed fractions O(n) for 
neighbourhoods n = 1,…,N, and MSEf,ref is the reference 
MSE corresponding to a no-skill forecast, i.e. the worst-
case scenario. Here, N denotes the total number of 
neighbourhoods. 
The Continuous Ranked Probability Score (CRPS) 
generalises forecast verification to probabilistic 
predictions by evaluating the agreement between a 
forecast distribution and the corresponding observed value 
[28] 
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Unlike RMSE and MAE, the bias may approach zero 
even in the presence of substantial errors, provided that 
positive and negative deviations compensate each other. 
Consequently, bias must be evaluated in conjunction with 
magnitude-based metrics in order to discriminate between 
true predictive accuracy and mere cancellation of oppos-
ing errors [25].

The Index of Agreement (Willmott’s Index) [26] is a nor-
malised metric ranging from 0 to 1 that quantifies the de-
gree of correspondence between model predictions and 
observations relative to their variability. It is defined as

–––––––––––––––––––––––––––––––––––––––––––––––––––––––––––––––––––––––––––––– Engineering Power 
 
 
While the theoretical formulation for attainable ship 
speed includes peak wave period Tp as an independent 
variable, practical implementation couples period to 
significant wave height through the spectral 
relationships. In the Pierson-Moskowitz formulation, 
peak period is not independently controllable but rather 
a derived quantity determined by the spectrum 
parameterisation. Similarly, JONSWAP implementation 
maintains period-height coupling through wind-wave 
relationships. This simplification reflects the physical 
reality that wave height and period evolve together 
according to fetch, duration, and wind speed 
characteristics [18], and is justified for the North Atlantic 
routes studied (e.g., Rotterdam–New York), where swell 
and wind seas typically align. 
Simulation outputs occasionally yielded undefined 
(NaN) values representing sea states where the autopilot 
system could no longer maintain the demanded course, 
i.e. conditions characterised by excessive yaw rates, 
severe roll and pitch amplitudes, or loss of directional 
stability. These values effectively define operational 
boundaries beyond which navigation becomes 
hazardous, serving as indicators for route optimisation 
algorithms to identify avoidance zones or mandate 
course and speed alterations. 
3. Weather Forecast Uncertainty 
The meteorological dataset was organised into four 
forecast lead-time classes, each aligned with a distinct 
level of operational decision-making. The short-range 
window (0–24 h) represents immediate onboard 
planning and was sampled at 0, 6, 12, 18, and 24 hours. 
Tactical voyage adjustments are supported by the 
medium-range window (24–72 h), comprising forecasts 
at 30, 36, 42, 48, 54, 60, 66, and 72 hours. The extended-
range horizon (72–120 h) addresses strategic routing 
decisions and includes predictions at 78, 84, 90, 96, 102, 
108, 114, and 120 hours. Finally, the long-range window 
(120–168 h) provides advance planning capability 
through outputs at 126, 132, 138, 144, 150, 156, 162, and 
168 hours. This structured temporal partitioning enables 
a systematic evaluation of forecast skill decay with 
increasing lead time, which is essential for analysing 
how uncertainty propagates into attainable ship speed 
estimates. 
For each lead-time class, both forecasted and observed 
values were collected for six meteorological variables 
directly influencing ship performance: significant wave 
height Hs (m), representing the mean height of the 
highest one-third of waves; peak wave period Tp (s), 
characterising the dominant spectral component; wind 
speed Vwind (m/s) at the 10 m reference level; wave 
direction βwaves (deg), defined as the direction from 
which waves propagate relative to geographic north; 
wind direction βwind (deg), defined analogously for the 
atmospheric flow; and the encounter angle αwaves (deg), 
describing the relative orientation between vessel 
heading and incoming wave direction. 
All data processing and uncertainty analysis were 
implemented within a Python-based workflow tailored 
for large-scale meteorological datasets, employing 
specialised libraries (cfgrib and eccodes for GRIB 
decoding, xarray and pandas for spatio-temporal 
alignment, and NumPy, SciPy and scikit-learn for 
statistical evaluation) within Python 3.13. 

4. Uncertainty metrics 
The Root Mean Square Error (RMSE) [24], can be defined 
as 

RMSE = √
1
𝑛𝑛∑(𝐹𝐹𝑖𝑖 − 𝑂𝑂𝑖𝑖)2
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. (5) 

The quadratic form of the RMSE places a 
disproportionately high weight on large deviations, 
rendering the metric especially responsive to sporadic but 
severe errors. This property is advantageous for revealing 
extreme discrepancies in predicted ship speed that may 
have a decisive influence on routing outcomes and 
schedule reliability. 
In contrast, the Mean Absolute Error (MAE) offers a linear 
measure of the average error magnitude [24] and is defined 
as 

MAE = 1
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Bias quantifies systematic forecast tendencies, which 
reveals if a model consistently over- or under-predicts, and 
is noted as [25] 

Bias = 1
𝑛𝑛∑(𝐹𝐹𝑖𝑖 − 𝑂𝑂𝑖𝑖)
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Unlike RMSE and MAE, the bias may approach zero even 
in the presence of substantial errors, provided that positive 
and negative deviations compensate each other. 
Consequently, bias must be evaluated in conjunction with 
magnitude-based metrics in order to discriminate between 
true predictive accuracy and mere cancellation of 
opposing errors [25]. 
The Index of Agreement (Willmott’s Index) [26] is a 
normalised metric ranging from 0 to 1 that quantifies the 
degree of correspondence between model predictions and 
observations relative to their variability. It is defined as 

IoA = 1 −
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. (8) 

The Fractions Skill Score (FSS) is a spatial verification 
metric for high-resolution forecasts of threshold-based 
events [27]. Ranging from 0 (no skill) to 1 (perfect 
agreement), it evaluates forecast performance by 
comparing the fractional occurrence of an event within 
local neighbourhoods rather than at individual grid points. 
Forecast and observed fields are first binarised, after 
which a moving window computes the local event 
fractions in both fields. The FSS is then defined as [27]
 

FSS = 1− MSE𝑓𝑓
MSE𝑓𝑓,𝑟𝑟𝑟𝑟𝑟𝑟
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∑ [𝑂𝑂2(𝑛𝑛)+𝐹𝐹2(𝑛𝑛)]𝑁𝑁
𝑛𝑛=1

(9) 
 
where MSEf denotes the mean squared error between the 
forecast fractions F(n) and the observed fractions O(n) for 
neighbourhoods n = 1,…,N, and MSEf,ref is the reference 
MSE corresponding to a no-skill forecast, i.e. the worst-
case scenario. Here, N denotes the total number of 
neighbourhoods. 
The Continuous Ranked Probability Score (CRPS) 
generalises forecast verification to probabilistic 
predictions by evaluating the agreement between a 
forecast distribution and the corresponding observed value 
[28] 
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The Fractions Skill Score (FSS) is a spatial verification 
metric for high-resolution forecasts of threshold-based 
events [27]. Ranging from 0 (no skill) to 1 (perfect agree-
ment), it evaluates forecast performance by comparing the 
fractional occurrence of an event within local neighbour-
hoods rather than at individual grid points. Forecast and 
observed fields are first binarised, after which a moving 
window computes the local event fractions in both fields. 
The FSS is then defined as [27]
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While the theoretical formulation for attainable ship 
speed includes peak wave period Tp as an independent 
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significant wave height through the spectral 
relationships. In the Pierson-Moskowitz formulation, 
peak period is not independently controllable but rather 
a derived quantity determined by the spectrum 
parameterisation. Similarly, JONSWAP implementation 
maintains period-height coupling through wind-wave 
relationships. This simplification reflects the physical 
reality that wave height and period evolve together 
according to fetch, duration, and wind speed 
characteristics [18], and is justified for the North Atlantic 
routes studied (e.g., Rotterdam–New York), where swell 
and wind seas typically align. 
Simulation outputs occasionally yielded undefined 
(NaN) values representing sea states where the autopilot 
system could no longer maintain the demanded course, 
i.e. conditions characterised by excessive yaw rates, 
severe roll and pitch amplitudes, or loss of directional 
stability. These values effectively define operational 
boundaries beyond which navigation becomes 
hazardous, serving as indicators for route optimisation 
algorithms to identify avoidance zones or mandate 
course and speed alterations. 
3. Weather Forecast Uncertainty 
The meteorological dataset was organised into four 
forecast lead-time classes, each aligned with a distinct 
level of operational decision-making. The short-range 
window (0–24 h) represents immediate onboard 
planning and was sampled at 0, 6, 12, 18, and 24 hours. 
Tactical voyage adjustments are supported by the 
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a systematic evaluation of forecast skill decay with 
increasing lead time, which is essential for analysing 
how uncertainty propagates into attainable ship speed 
estimates. 
For each lead-time class, both forecasted and observed 
values were collected for six meteorological variables 
directly influencing ship performance: significant wave 
height Hs (m), representing the mean height of the 
highest one-third of waves; peak wave period Tp (s), 
characterising the dominant spectral component; wind 
speed Vwind (m/s) at the 10 m reference level; wave 
direction βwaves (deg), defined as the direction from 
which waves propagate relative to geographic north; 
wind direction βwind (deg), defined analogously for the 
atmospheric flow; and the encounter angle αwaves (deg), 
describing the relative orientation between vessel 
heading and incoming wave direction. 
All data processing and uncertainty analysis were 
implemented within a Python-based workflow tailored 
for large-scale meteorological datasets, employing 
specialised libraries (cfgrib and eccodes for GRIB 
decoding, xarray and pandas for spatio-temporal 
alignment, and NumPy, SciPy and scikit-learn for 
statistical evaluation) within Python 3.13. 

4. Uncertainty metrics 
The Root Mean Square Error (RMSE) [24], can be defined 
as 

RMSE = √
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𝑛𝑛∑(𝐹𝐹𝑖𝑖 − 𝑂𝑂𝑖𝑖)2
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The quadratic form of the RMSE places a 
disproportionately high weight on large deviations, 
rendering the metric especially responsive to sporadic but 
severe errors. This property is advantageous for revealing 
extreme discrepancies in predicted ship speed that may 
have a decisive influence on routing outcomes and 
schedule reliability. 
In contrast, the Mean Absolute Error (MAE) offers a linear 
measure of the average error magnitude [24] and is defined 
as 
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Bias quantifies systematic forecast tendencies, which 
reveals if a model consistently over- or under-predicts, and 
is noted as [25] 
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Unlike RMSE and MAE, the bias may approach zero even 
in the presence of substantial errors, provided that positive 
and negative deviations compensate each other. 
Consequently, bias must be evaluated in conjunction with 
magnitude-based metrics in order to discriminate between 
true predictive accuracy and mere cancellation of 
opposing errors [25]. 
The Index of Agreement (Willmott’s Index) [26] is a 
normalised metric ranging from 0 to 1 that quantifies the 
degree of correspondence between model predictions and 
observations relative to their variability. It is defined as 

IoA = 1 −
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. (8) 

The Fractions Skill Score (FSS) is a spatial verification 
metric for high-resolution forecasts of threshold-based 
events [27]. Ranging from 0 (no skill) to 1 (perfect 
agreement), it evaluates forecast performance by 
comparing the fractional occurrence of an event within 
local neighbourhoods rather than at individual grid points. 
Forecast and observed fields are first binarised, after 
which a moving window computes the local event 
fractions in both fields. The FSS is then defined as [27]
 

FSS = 1− MSE𝑓𝑓
MSE𝑓𝑓,𝑟𝑟𝑟𝑟𝑟𝑟

= 1 − ∑ [𝑂𝑂(𝑛𝑛)−𝐹𝐹(𝑛𝑛)]2𝑁𝑁
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𝑛𝑛=1

(9) 
 
where MSEf denotes the mean squared error between the 
forecast fractions F(n) and the observed fractions O(n) for 
neighbourhoods n = 1,…,N, and MSEf,ref is the reference 
MSE corresponding to a no-skill forecast, i.e. the worst-
case scenario. Here, N denotes the total number of 
neighbourhoods. 
The Continuous Ranked Probability Score (CRPS) 
generalises forecast verification to probabilistic 
predictions by evaluating the agreement between a 
forecast distribution and the corresponding observed value 
[28] 
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where MSEf denotes the mean squared error between the 
forecast fractions F(n) and the observed fractions O(n) for 
neighbourhoods n = 1,…,N, and MSEf,ref is the reference 
MSE corresponding to a no-skill forecast, i.e. the worst-
case scenario. Here, N denotes the total number of neigh-
bourhoods.

The Continuous Ranked Probability Score (CRPS) gener-
alises forecast verification to probabilistic predictions by 
evaluating the agreement between a forecast distribution 
and the corresponding observed value [28]

 
CRPS = 𝜎𝜎 [𝑧𝑧(2𝛷𝛷(𝑧𝑧) − 1) + 2𝜙𝜙(𝑧𝑧) − 1

√𝜋𝜋] (10) 
 
where  𝜎𝜎 = 𝛼𝛼|𝑓𝑓| is the assumed standard deviation, 𝛼𝛼 is 
the uncertainty factor (10 % by default), f is the forecast 
value,  𝑧𝑧 = 𝑂𝑂−𝜇𝜇

𝜎𝜎  is the standardised difference, O is the 
actual observed value, 𝛷𝛷(𝑧𝑧) is the standard normal 
cumulative distribution function (CDF), and 
 

𝜙𝜙(𝑧𝑧) = 1
√2𝜋𝜋

𝑒𝑒−𝑧𝑧2
2 (11) 

 
is the standard normal probability density function 
(PDF). CRPS generalises the Mean Squared Error to 
probabilistic forecasts by evaluating entire predictive 
distributions [28]. A value of zero is ideal and occurs 
when all probability is assigned to the observed outcome 
[28,29]. For deterministic forecasts, CRPS reduces 
exactly to MAE, making it a proper scoring rule that 
reflects both accuracy and uncertainty. 
The Uncertainty Growth Rate (UGR) measures how 
forecast uncertainty increases with lead time, providing 
insight into the limits of predictability [30]. A linear form 
of UGR may be distinguished 
 

UGRlin.(ℎ) =  
d(RMSE(ℎ))

dℎ (12) 

 
where RMSE(ℎ) is the RMSE at lead time h, 𝑁𝑁ℎ is the 
number of forecast observation pairs at lead time h, 
 𝐹𝐹𝑖𝑖

(ℎ)is the i-th forecast value at lead time h, is the i-th 
observed value. 
For directional quantities such as meteorological wave 
direction and encounter wave angle, uncertainty was 
quantified using the Circular Mean Absolute Error, 
defined as 
 

CMAE =  
180

𝜋𝜋 ⋅ 1
𝑛𝑛 ∑|atan2(sin𝛥𝛥𝑖𝑖, cos𝛥𝛥𝑖𝑖)|

𝑛𝑛

𝑖𝑖=1
(13) 

 
It accounts for the circular nature of angles, ensuring that 
only the smallest directional difference is evaluated. 
5. Uncertainty Analysis 
For every location and time, a forecast–observation pair 
is formed by combining the forecasted value with the 
corresponding observed value of the same variable. 
These pairs are grouped in their respective sea-state bins. 
Over the analysed four-month period (January–April 
2025), each bin accumulates a large number of such 
pairs, from which uncertainty metrics are computed. This 
approach assumes that forecast errors within a given sea 
state are statistically stationary and independent of 
geographic location, temporal evolution, and synoptic 
regime. Although temporal correlations are not 
preserved when grid points transition between bins, this 
methodology is well aligned with ship routing practice. 
A vessel encounters sea states spatially along its route 
rather than at fixed locations, and routing decisions 
therefore require error statistics that are conditioned on 
sea state rather than on position. Spatial pooling provides 
robust statistics for each sea state while remaining 
computationally efficient. 
The non-directional variables exhibit systematic forecast 
degradation with lead time for significant wave height, 

wave period, and wind speed. For wave height, RMSE 
increases from approximately 0.05–0.12 m at 24 h to 0.64–
1.04 m at 168 h in moderate seas, showing near-linear 
growth, while severe sea states display accelerated error 
growth beyond 72 h. MAE remains about 15–20 % lower 
than RMSE across all conditions, indicating the persistent 
presence of operationally relevant outliers. In calmer seas, 
relative uncertainty becomes pronounced despite small 
absolute errors, whereas in higher sea states, predictability 
limits emerge at longer horizons. 
Wave period forecasts are markedly more stable, with 
RMSE increasing from roughly 0.11–0.17 s at 24 h to 
1.16–1.40 s at 168 h in moderate conditions, and 
exhibiting weaker dependence on sea state. Probabilistic 
verification confirms good calibration throughout. These 
patterns demonstrate that forecast uncertainty evolves in a 
variable- and sea-state-dependent manner, providing a 
necessary basis for analysing its propagation into 
attainable ship-speed predictions. 
Wind speed exhibits the highest relative uncertainty 
among all analysed variables. In moderate seas, RMSE 
increases from approximately 0.45–0.85 m/s at 24 h to 
3.04–4.37 m/s at 168 h, while in higher sea states it can 
exceed 8.0 m/s at maximum lead times. The associated 
exponential UGR of about 1.3–1.45 % per hour is 
comparable to the 1.5–1.8 % observed for wave height, 
indicating similar predictability limits. Across all 
variables, forecast uncertainty shows a non-linear 
dependence on sea state. Although absolute errors 
generally grow with severity, relative uncertainty follows 
a U-shaped pattern, with the largest values in very calm 
and extreme conditions. This demonstrates that forecast 
reliability depends not only on lead time but also on 
environmental intensity.  
Directional variables require circular metrics, with CMAE 
accounting for angular discontinuity. An example of 
results is shown in Figure 1. Wind direction variability 
differs markedly across sea states: in moderate seas, 
CMAE increases from about 3.5–4.8° at 24 h to 38–46° at 
168 h, while in calm conditions it can exceed 50° even at 
short lead times. In severe weather, stronger atmospheric 
forcing yields 20–30 % lower CMAE than in moderate 
seas. The steepest growth occurs in the 24–72 h window, 
where CMAE increases by 5–20°, coinciding with key 
tactical planning horizons. Wave direction forecasts are 
markedly more stable. In moderate seas, CMAE grows 
from roughly 1.3–3.4° at 24 h to 16.6–31.4° at 168 h, with 
calm conditions reaching about 40° only at long lead 
times. In sea states 6–9, CMAE remains below 30° even 
at extended horizons. Encounter wave angle exhibits the 
most complex behaviour, with CMAE ranging from 1.3–
3.4° at 24 h to 16.6–31.4° at 168 h in moderate seas. 
Uncertainty is up to 40 % higher in following seas than in 
head seas, as small directional errors can shift conditions 
from benign to hazardous. In sea states above 7, CMAE 
may increase by up to 25° within a single 24-hour update, 
indicating predictability barriers not captured by current 
ensemble systems and highlighting a critical asymmetry 
for route optimization. 
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where σ=α | f | is the assumed standard deviation, is the 
uncertainty factor (10 % by default), f is the forecast val-
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It accounts for the circular nature of angles, ensuring that 
only the smallest directional difference is evaluated. 
5. Uncertainty Analysis 
For every location and time, a forecast–observation pair 
is formed by combining the forecasted value with the 
corresponding observed value of the same variable. 
These pairs are grouped in their respective sea-state bins. 
Over the analysed four-month period (January–April 
2025), each bin accumulates a large number of such 
pairs, from which uncertainty metrics are computed. This 
approach assumes that forecast errors within a given sea 
state are statistically stationary and independent of 
geographic location, temporal evolution, and synoptic 
regime. Although temporal correlations are not 
preserved when grid points transition between bins, this 
methodology is well aligned with ship routing practice. 
A vessel encounters sea states spatially along its route 
rather than at fixed locations, and routing decisions 
therefore require error statistics that are conditioned on 
sea state rather than on position. Spatial pooling provides 
robust statistics for each sea state while remaining 
computationally efficient. 
The non-directional variables exhibit systematic forecast 
degradation with lead time for significant wave height, 

wave period, and wind speed. For wave height, RMSE 
increases from approximately 0.05–0.12 m at 24 h to 0.64–
1.04 m at 168 h in moderate seas, showing near-linear 
growth, while severe sea states display accelerated error 
growth beyond 72 h. MAE remains about 15–20 % lower 
than RMSE across all conditions, indicating the persistent 
presence of operationally relevant outliers. In calmer seas, 
relative uncertainty becomes pronounced despite small 
absolute errors, whereas in higher sea states, predictability 
limits emerge at longer horizons. 
Wave period forecasts are markedly more stable, with 
RMSE increasing from roughly 0.11–0.17 s at 24 h to 
1.16–1.40 s at 168 h in moderate conditions, and 
exhibiting weaker dependence on sea state. Probabilistic 
verification confirms good calibration throughout. These 
patterns demonstrate that forecast uncertainty evolves in a 
variable- and sea-state-dependent manner, providing a 
necessary basis for analysing its propagation into 
attainable ship-speed predictions. 
Wind speed exhibits the highest relative uncertainty 
among all analysed variables. In moderate seas, RMSE 
increases from approximately 0.45–0.85 m/s at 24 h to 
3.04–4.37 m/s at 168 h, while in higher sea states it can 
exceed 8.0 m/s at maximum lead times. The associated 
exponential UGR of about 1.3–1.45 % per hour is 
comparable to the 1.5–1.8 % observed for wave height, 
indicating similar predictability limits. Across all 
variables, forecast uncertainty shows a non-linear 
dependence on sea state. Although absolute errors 
generally grow with severity, relative uncertainty follows 
a U-shaped pattern, with the largest values in very calm 
and extreme conditions. This demonstrates that forecast 
reliability depends not only on lead time but also on 
environmental intensity.  
Directional variables require circular metrics, with CMAE 
accounting for angular discontinuity. An example of 
results is shown in Figure 1. Wind direction variability 
differs markedly across sea states: in moderate seas, 
CMAE increases from about 3.5–4.8° at 24 h to 38–46° at 
168 h, while in calm conditions it can exceed 50° even at 
short lead times. In severe weather, stronger atmospheric 
forcing yields 20–30 % lower CMAE than in moderate 
seas. The steepest growth occurs in the 24–72 h window, 
where CMAE increases by 5–20°, coinciding with key 
tactical planning horizons. Wave direction forecasts are 
markedly more stable. In moderate seas, CMAE grows 
from roughly 1.3–3.4° at 24 h to 16.6–31.4° at 168 h, with 
calm conditions reaching about 40° only at long lead 
times. In sea states 6–9, CMAE remains below 30° even 
at extended horizons. Encounter wave angle exhibits the 
most complex behaviour, with CMAE ranging from 1.3–
3.4° at 24 h to 16.6–31.4° at 168 h in moderate seas. 
Uncertainty is up to 40 % higher in following seas than in 
head seas, as small directional errors can shift conditions 
from benign to hazardous. In sea states above 7, CMAE 
may increase by up to 25° within a single 24-hour update, 
indicating predictability barriers not captured by current 
ensemble systems and highlighting a critical asymmetry 
for route optimization. 
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regime. Although temporal correlations are not 
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robust statistics for each sea state while remaining 
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forcing yields 20–30 % lower CMAE than in moderate 
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where CMAE increases by 5–20°, coinciding with key 
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only the smallest directional difference is evaluated. 
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approach assumes that forecast errors within a given sea 
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geographic location, temporal evolution, and synoptic 
regime. Although temporal correlations are not 
preserved when grid points transition between bins, this 
methodology is well aligned with ship routing practice. 
A vessel encounters sea states spatially along its route 
rather than at fixed locations, and routing decisions 
therefore require error statistics that are conditioned on 
sea state rather than on position. Spatial pooling provides 
robust statistics for each sea state while remaining 
computationally efficient. 
The non-directional variables exhibit systematic forecast 
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growth, while severe sea states display accelerated error 
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than RMSE across all conditions, indicating the persistent 
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relative uncertainty becomes pronounced despite small 
absolute errors, whereas in higher sea states, predictability 
limits emerge at longer horizons. 
Wave period forecasts are markedly more stable, with 
RMSE increasing from roughly 0.11–0.17 s at 24 h to 
1.16–1.40 s at 168 h in moderate conditions, and 
exhibiting weaker dependence on sea state. Probabilistic 
verification confirms good calibration throughout. These 
patterns demonstrate that forecast uncertainty evolves in a 
variable- and sea-state-dependent manner, providing a 
necessary basis for analysing its propagation into 
attainable ship-speed predictions. 
Wind speed exhibits the highest relative uncertainty 
among all analysed variables. In moderate seas, RMSE 
increases from approximately 0.45–0.85 m/s at 24 h to 
3.04–4.37 m/s at 168 h, while in higher sea states it can 
exceed 8.0 m/s at maximum lead times. The associated 
exponential UGR of about 1.3–1.45 % per hour is 
comparable to the 1.5–1.8 % observed for wave height, 
indicating similar predictability limits. Across all 
variables, forecast uncertainty shows a non-linear 
dependence on sea state. Although absolute errors 
generally grow with severity, relative uncertainty follows 
a U-shaped pattern, with the largest values in very calm 
and extreme conditions. This demonstrates that forecast 
reliability depends not only on lead time but also on 
environmental intensity.  
Directional variables require circular metrics, with CMAE 
accounting for angular discontinuity. An example of 
results is shown in Figure 1. Wind direction variability 
differs markedly across sea states: in moderate seas, 
CMAE increases from about 3.5–4.8° at 24 h to 38–46° at 
168 h, while in calm conditions it can exceed 50° even at 
short lead times. In severe weather, stronger atmospheric 
forcing yields 20–30 % lower CMAE than in moderate 
seas. The steepest growth occurs in the 24–72 h window, 
where CMAE increases by 5–20°, coinciding with key 
tactical planning horizons. Wave direction forecasts are 
markedly more stable. In moderate seas, CMAE grows 
from roughly 1.3–3.4° at 24 h to 16.6–31.4° at 168 h, with 
calm conditions reaching about 40° only at long lead 
times. In sea states 6–9, CMAE remains below 30° even 
at extended horizons. Encounter wave angle exhibits the 
most complex behaviour, with CMAE ranging from 1.3–
3.4° at 24 h to 16.6–31.4° at 168 h in moderate seas. 
Uncertainty is up to 40 % higher in following seas than in 
head seas, as small directional errors can shift conditions 
from benign to hazardous. In sea states above 7, CMAE 
may increase by up to 25° within a single 24-hour update, 
indicating predictability barriers not captured by current 
ensemble systems and highlighting a critical asymmetry 
for route optimization. 
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A vessel encounters sea states spatially along its route 
rather than at fixed locations, and routing decisions 
therefore require error statistics that are conditioned on 
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robust statistics for each sea state while remaining 
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verification confirms good calibration throughout. These 
patterns demonstrate that forecast uncertainty evolves in a 
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necessary basis for analysing its propagation into 
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generally grow with severity, relative uncertainty follows 
a U-shaped pattern, with the largest values in very calm 
and extreme conditions. This demonstrates that forecast 
reliability depends not only on lead time but also on 
environmental intensity.  
Directional variables require circular metrics, with CMAE 
accounting for angular discontinuity. An example of 
results is shown in Figure 1. Wind direction variability 
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CMAE increases from about 3.5–4.8° at 24 h to 38–46° at 
168 h, while in calm conditions it can exceed 50° even at 
short lead times. In severe weather, stronger atmospheric 
forcing yields 20–30 % lower CMAE than in moderate 
seas. The steepest growth occurs in the 24–72 h window, 
where CMAE increases by 5–20°, coinciding with key 
tactical planning horizons. Wave direction forecasts are 
markedly more stable. In moderate seas, CMAE grows 
from roughly 1.3–3.4° at 24 h to 16.6–31.4° at 168 h, with 
calm conditions reaching about 40° only at long lead 
times. In sea states 6–9, CMAE remains below 30° even 
at extended horizons. Encounter wave angle exhibits the 
most complex behaviour, with CMAE ranging from 1.3–
3.4° at 24 h to 16.6–31.4° at 168 h in moderate seas. 
Uncertainty is up to 40 % higher in following seas than in 
head seas, as small directional errors can shift conditions 
from benign to hazardous. In sea states above 7, CMAE 
may increase by up to 25° within a single 24-hour update, 
indicating predictability barriers not captured by current 
ensemble systems and highlighting a critical asymmetry 
for route optimization. 
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rather than at fixed locations, and routing decisions 
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sea state rather than on position. Spatial pooling provides 
robust statistics for each sea state while remaining 
computationally efficient. 
The non-directional variables exhibit systematic forecast 
degradation with lead time for significant wave height, 

wave period, and wind speed. For wave height, RMSE 
increases from approximately 0.05–0.12 m at 24 h to 0.64–
1.04 m at 168 h in moderate seas, showing near-linear 
growth, while severe sea states display accelerated error 
growth beyond 72 h. MAE remains about 15–20 % lower 
than RMSE across all conditions, indicating the persistent 
presence of operationally relevant outliers. In calmer seas, 
relative uncertainty becomes pronounced despite small 
absolute errors, whereas in higher sea states, predictability 
limits emerge at longer horizons. 
Wave period forecasts are markedly more stable, with 
RMSE increasing from roughly 0.11–0.17 s at 24 h to 
1.16–1.40 s at 168 h in moderate conditions, and 
exhibiting weaker dependence on sea state. Probabilistic 
verification confirms good calibration throughout. These 
patterns demonstrate that forecast uncertainty evolves in a 
variable- and sea-state-dependent manner, providing a 
necessary basis for analysing its propagation into 
attainable ship-speed predictions. 
Wind speed exhibits the highest relative uncertainty 
among all analysed variables. In moderate seas, RMSE 
increases from approximately 0.45–0.85 m/s at 24 h to 
3.04–4.37 m/s at 168 h, while in higher sea states it can 
exceed 8.0 m/s at maximum lead times. The associated 
exponential UGR of about 1.3–1.45 % per hour is 
comparable to the 1.5–1.8 % observed for wave height, 
indicating similar predictability limits. Across all 
variables, forecast uncertainty shows a non-linear 
dependence on sea state. Although absolute errors 
generally grow with severity, relative uncertainty follows 
a U-shaped pattern, with the largest values in very calm 
and extreme conditions. This demonstrates that forecast 
reliability depends not only on lead time but also on 
environmental intensity.  
Directional variables require circular metrics, with CMAE 
accounting for angular discontinuity. An example of 
results is shown in Figure 1. Wind direction variability 
differs markedly across sea states: in moderate seas, 
CMAE increases from about 3.5–4.8° at 24 h to 38–46° at 
168 h, while in calm conditions it can exceed 50° even at 
short lead times. In severe weather, stronger atmospheric 
forcing yields 20–30 % lower CMAE than in moderate 
seas. The steepest growth occurs in the 24–72 h window, 
where CMAE increases by 5–20°, coinciding with key 
tactical planning horizons. Wave direction forecasts are 
markedly more stable. In moderate seas, CMAE grows 
from roughly 1.3–3.4° at 24 h to 16.6–31.4° at 168 h, with 
calm conditions reaching about 40° only at long lead 
times. In sea states 6–9, CMAE remains below 30° even 
at extended horizons. Encounter wave angle exhibits the 
most complex behaviour, with CMAE ranging from 1.3–
3.4° at 24 h to 16.6–31.4° at 168 h in moderate seas. 
Uncertainty is up to 40 % higher in following seas than in 
head seas, as small directional errors can shift conditions 
from benign to hazardous. In sea states above 7, CMAE 
may increase by up to 25° within a single 24-hour update, 
indicating predictability barriers not captured by current 
ensemble systems and highlighting a critical asymmetry 
for route optimization. 

Commented [rw3]: To which month and year the 
observed period refers? 

(13)

It accounts for the circular nature of angles, ensuring that 
only the smallest directional difference is evaluated.

5.	 Uncertainty Analysis
For every location and time, a forecast–observation pair is 
formed by combining the forecasted value with the corre-
sponding observed value of the same variable. These pairs 
are grouped in their respective sea-state bins.

Over the analysed four-month period (January–April 
2025), each bin accumulates a large number of such pairs, 
from which uncertainty metrics are computed. This ap-
proach assumes that forecast errors within a given sea 
state are statistically stationary and independent of geo-
graphic location, temporal evolution, and synoptic re-
gime. Although temporal correlations are not preserved 
when grid points transition between bins, this methodol-
ogy is well aligned with ship routing practice. A vessel 
encounters sea states spatially along its route rather than 
at fixed locations, and routing decisions therefore require 
error statistics that are conditioned on sea state rather than 
on position. Spatial pooling provides robust statistics for 
each sea state while remaining computationally efficient.

The non-directional variables exhibit systematic forecast 
degradation with lead time for significant wave height, 
wave period, and wind speed. For wave height, RMSE 
increases from approximately 0.05–0.12 m at 24 h to 
0.64–1.04 m at 168 h in moderate seas, showing near-
linear growth, while severe sea states display accelerated 
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error growth beyond 72 h. MAE remains about 15–20 % 
lower than RMSE across all conditions, indicating the 
persistent presence of operationally relevant outliers. In 
calmer seas, relative uncertainty becomes pronounced de-
spite small absolute errors, whereas in higher sea states, 
predictability limits emerge at longer horizons.

Wave period forecasts are markedly more stable, with 
RMSE increasing from roughly 0.11–0.17 s at 24 h to 
1.16–1.40 s at 168 h in moderate conditions, and exhibit-
ing weaker dependence on sea state. Probabilistic verifi-
cation confirms good calibration throughout. These pat-
terns demonstrate that forecast uncertainty evolves in a 
variable- and sea-state-dependent manner, providing a 
necessary basis for analysing its propagation into attain-
able ship-speed predictions.

Wind speed exhibits the highest relative uncertainty 
among all analysed variables. In moderate seas, RMSE 
increases from approximately 0.45–0.85 m/s at 24 h to 
3.04–4.37 m/s at 168 h, while in higher sea states it can 
exceed 8.0 m/s at maximum lead times. The associated 
exponential UGR of about 1.3–1.45 % per hour is com-
parable to the 1.5–1.8 % observed for wave height, indi-
cating similar predictability limits. Across all variables, 
forecast uncertainty shows a non-linear dependence on 
sea state. Although absolute errors generally grow with 
severity, relative uncertainty follows a U-shaped pattern, 
with the largest values in very calm and extreme condi-
tions. This demonstrates that forecast reliability depends 
not only on lead time but also on environmental intensity. 

Directional variables require circular metrics, with CMAE 
accounting for angular discontinuity. An example of re-
sults is shown in Figure 1. Wind direction variability dif-
fers markedly across sea states: in moderate seas, CMAE 
increases from about 3.5–4.8° at 24 h to 38–46° at 168 h, 
while in calm conditions it can exceed 50° even at short 
lead times. In severe weather, stronger atmospheric forc-
ing yields 20–30 % lower CMAE than in moderate seas. 
The steepest growth occurs in the 24–72 h window, where 
CMAE increases by 5–20°, coinciding with key tactical 
planning horizons. Wave direction forecasts are markedly 
more stable. In moderate seas, CMAE grows from rough-
ly 1.3–3.4° at 24 h to 16.6–31.4° at 168 h, with calm con-
ditions reaching about 40° only at long lead times. In sea 
states 6–9, CMAE remains below 30° even at extended 
horizons. Encounter wave angle exhibits the most com-
plex behaviour, with CMAE ranging from 1.3–3.4° at 24 
h to 16.6–31.4° at 168 h in moderate seas. Uncertainty is 
up to 40 % higher in following seas than in head seas, as 
small directional errors can shift conditions from benign 
to hazardous. In sea states above 7, CMAE may increase 
by up to 25° within a single 24-hour update, indicating 
predictability barriers not captured by current ensemble 
systems and highlighting a critical asymmetry for route 
optimization.

Cross-correlation analysis shows that encounter-angle 
uncertainty cannot be approximated as a linear combina-
tion of wind and wave direction errors. Their coupling var-

(a)

(b)

(c)

Fig. 1. Uncertainty measures for directional meteorological 
predictors in sea state WMO five, corresponding to significant 

wave heights between two point five and four metres: wind 
direction (a), wave direction (b), and encounter wave angle (c).

ies strongly with sea state, with correlation coefficients 
increasing from about 0.3 in calm conditions (sea states 
0–2) to 0.85 in storms (sea states 7–9), reflecting the dom-
inance of unified atmospheric systems in severe weather. 
When combined with the inherent 15° heading variability 
of autopilot control, this interaction produces compound 
uncertainties that exceed root-sum-square estimates by 
15–25 %. 

Uncertainty propagation to attainable ship speed var-
ies across modelling approaches and operational condi-
tions. For an intended speed of 14.5 kn in moderate seas, 
the JONSWAP-based NTPRO model exhibits RMSE 
growth from approximately 0.06–0.11 kn at 24 h to about 
0.45–0.82 kn at 168 h, following an almost linear trend 
with acceleration beyond 72 h. MAE remains around  
20 % lower, indicating the influence of occasional large 
deviations, while bias remains close to zero and agree-
ment indices indicate stable performance.



Vol. 20(4) 2025 31

The Pierson–Moskowitz implementation yields slight-
ly higher uncertainty, with RMSE approaching 0.93 kn 
at maximum lead time, reflecting increased sensitivity 
to wave-field variability. Its spatial skill degrades more 
rapidly, and probabilistic calibration weakens beyond 
the medium range. NavCad produces the lowest over-
all uncertainty, with RMSE reaching roughly 0.76 kn at  
168 h. Its stepped growth pattern reflects the quasi-static 
nature of the resistance model, while a small positive bias 
of about 0.25 kn indicates a tendency to overestimate 
speed loss. The relatively constant uncertainty growth 
rate of approximately 2% per hour suggests predictable 
behaviour, which is advantageous for risk-aware routing.

Correlation analysis was performed across all simula-
tion cases to quantify how meteorological forecast errors 
propagate into attainable ship speed uncertainty. Pearson 
coefficients were computed between corresponding un-
certainty metrics of predictor and response variables for 
3 modelling approaches (NTPRO–JONSWAP, NTPRO–
PM, NavCad), 2 reference speeds (12.0 and 14.5 kn), sea 
states 0–7, and 5 encounter-angle groups.

Three robust patterns emerge. First, a clear hierarchy gov-
erns uncertainty transfer: wave height shows the strongest 
and most consistent correlations with speed errors (typi-
cally 0.65–0.97 for RMSE and MAE), followed by wave 
period (0.45–0.85), while wind-related variables exhibit 
the widest variability (0.26–0.99). This reflects the domi-
nant role of wave-induced resistance in speed loss. Sec-
ond, the strength of the correlation depends strongly on 
the encounter geometry. Head seas (0–30°) yield the high-
est positive correlations, beam seas (75–105°) the weak-
est and most scattered, and following seas (150–180°) 
exhibit bimodal behaviour with either strong positive or 
negative coupling, indicating threshold effects in stern-
wave interactions. Third, coupling intensifies with lead 
time: short-range forecasts (0–24 h) show moderate cor-
relations (0.65–0.85), whereas long-range horizons (120–
168 h) produce either very strong (>0.95) or very weak 
(<0.30) relationships, revealing increasing determinism 
or complete decoupling as forecast skill degrades.

For the 14.5 kn case under the Pierson–Moskowitz mod-
el, wave-height RMSE and MAE correlations remain 
consistently high (0.223–0.973), peaking in head seas 
(0.870–0.970) and increasing with lead time. Bias correla-
tions are strongly negative (−0.713 to −1.000), indicating 
that wave-height overprediction directly induces speed 
underprediction. Wind-speed correlations are weaker by 
8–10 % (0.259–0.996) and show predominantly positive 
bias, implying that wind overprediction tends to coincide 
with speed overprediction and suggesting limitations in 
aerodynamic modelling.

The JONSWAP implementation produces more polarised 
behaviour, with frequent near-perfect correlations (±1.000) 
at extended lead times, indicating overly deterministic un-
certainty transfer under fully developed sea assumptions. 
CRPS correlations are largely negative in the head and fol-
lowing seas (−0.949 to −0.134), implying that improved 
probabilistic wind forecasts may reduce speed prediction 
reliability under strongly nonlinear conditions. UGR cor-
relations vary widely (−0.858 to 0.890), with the strongest 

positive coupling in stern-quartering seas and extreme neg-
ative values in bow-quartering seas at short horizons, high-
lighting the strong geometry dependence of predictability.

6.	 Discussion and Conclusions
This study demonstrates that weather forecast uncertainty 
propagates into attainable ship speed in a structured yet 
highly nonlinear manner. By organising forecast observa-
tion pairs within sea-state bins, the proposed framework 
aligns uncertainty quantification with the way vessels ex-
perience weather in practice, spatially along their routes 
rather than at fixed locations. This enables statistically ro-
bust, operationally meaningful error characterisation that 
is directly applicable to routing algorithms.

The results show that forecast degradation is strongly 
variable-dependent. Significant wave height exhibits 
near-linear error growth in moderate conditions and ac-
celerated degradation in severe seas, whereas wave period 
remains comparatively stable and well-calibrated. Wind 
speed displays the highest relative uncertainty, with non-
linear dependence on sea state and pronounced errors in 
both very calm and extreme conditions. Directional varia-
bles reveal even more complex behaviour: wind direction 
uncertainty is highly sensitive to sea state and forecast 
horizon, whereas wave direction remains comparatively 
stable due to the coherence of swell systems. Encounter 
wave angle, synthesising meteorological and navigational 
uncertainty, exhibits strong asymmetry between head and 
following seas, with up to 40 % higher uncertainty in fol-
lowing conditions. This asymmetry has direct implica-
tions for routing, as small directional errors can shift a 
vessel from benign following seas into hazardous quarter-
ing regimes.

Propagation to attainable ship speed preserves and ampli-
fies these structures. All models exhibit increasing speed 
uncertainty with lead time, but with distinct characteris-
tics. The JONSWAP-based implementation  shows quasi-
linear growth with limited bias, the Pierson–Moskowitz 
implementation is more sensitive to spatial variability and 
degrades faster beyond the medium range, while NavCad 
produces lower absolute uncertainty but introduces a sys-
tematic tendency to overestimate speed loss. These differ-
ences highlight that uncertainty is not solely a property of 
the forecast, but also of the vessel response model through 
which it is filtered.

Several limitations should be acknowledged. The analy-
sis is restricted to a single vessel type and operational 
speed range. Although the simulation matrix covers wave 
heights up to 12 m, the correlation analysis focuses on sea 
states 0-7, reflecting typical routing conditions rather than 
survival scenarios. Extreme environments, where vessels 
would normally reroute, are therefore underrepresented. 
Ocean currents were neglected, and the coupling between 
wind and wave errors is based on the characteristics of the 
GFS-based dataset and the North Atlantic region. 

Future work should extend the framework to multiple ship 
types and loading conditions, incorporate ocean current 
fields and fuel consumption models, and evaluate ocean 
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area-specific behaviour across different forecast systems. 
Finally, embedding the proposed uncertainty models into 
real-time optimisation algorithms will allow systematic 
assessment of risk-aware routing strategies in operational 
environments.

This work reframes weather routing from a determinis-
tic optimisation problem into an uncertainty-aware deci-
sion process. Coupling meteorological predictability with 
vessel response provides a physically grounded basis for 
risk-informed navigation, where efficiency and reliability 
are treated as inseparable objectives.
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Abstract
This review critically examines the role of non-Newtonian fluid mechanics across engineering systems, with particular 
emphasis on how knowledge developed in process industries can be applied and re-evaluated in marine technology. 
The paper first outlines the rheological framework commonly used to describe non-Newtonian behavior, including 
shear-dependent, yield-stress, viscoelastic, and thixotropic constitutive models, together with key dimensionless groups 
relevant to engineering interpretation: the Reynolds number in its generalized form, the Bingham number, the Deborah 
number, and the Weissenberg number. It then reviews representative engineering applications in process transport, 
drilling fluids, nanofluids, and additive manufacturing, not as isolated examples but as sources of cross-sector lessons 
for marine systems.
Special attention is given to maritime applications, including polymer-based drag reduction, brash-ice interaction, 
dredging slurries, heavy fuel oil handling, lubrication, firefighting foams, and adaptive damping systems. The review 
addresses bottlenecks in experimental characterization, computational modeling, and scale-up, with acknowledgment 
of where current models become uncertain or application-dependent. The available evidence suggests that the prin-
cipal engineering value of non-Newtonian fluids lies in functions such as drag reduction, suspension stability, restart-
pressure control, damping, and flow assurance; however, these benefits depend strongly on constitutive-model selection, 
parameter definition, formulation, and operating conditions. By integrating fundamental rheology with application-
oriented comparison, this paper aims to provide a practically useful synthesis for engineers working at the interface of 
process and marine systems.

Keywords: non-Newtonian fluids; rheology; marine engineering; process engineering; drag reduction; ice-ship inter-
action; drilling fluids; nanofluids; viscoelasticity; thixotropy; CFD; EFD

1.	 Introduction
In classical fluid dynamics, the assumption of constant 
viscosity greatly simplifies flow analysis. This Newtoni-
an approximation is appropriate for water, air, and many 
low-molecular-weight liquids, and it remains the foun-
dation of a large portion of conventional engineering de-
sign. In many industrial and natural systems, however, 
the relationship between stress and strain rate is not lin-
ear, and the apparent viscosity may depend on shear rate, 
time, temperature, field intensity, or deformation history. 
These materials are broadly classified as non-Newtonian 
fluids [1].

Such behavior is far from exceptional in engineering 
practice. Polymer melts, food pastes, slurries, drilling 
muds, greases, printing inks, foams, and field-responsive 
suspensions all exhibit rheological features that cannot be 
captured by a single constant viscosity [2-5]. In these sys-
tems, rheology is not merely an academic material prop-
erty; it directly governs pressure drop, mixing efficiency, 
cuttings transport, restart pressure, heat-transfer perfor-
mance, structural fidelity in deposition-based manufactur-
ing, and energy consumption. Neglecting non-Newtonian 
behavior in design can therefore lead to pump under siz-
ing, blockage events, unstable deposits, or unexpectedly 
high energy penalties.

The same point applies in marine engineering. External 
applications such as polymer drag reduction, brash-ice 
resistance, and dredging slurry transport involve fluids 
or fluid-like media whose resistance depends strongly 
on shear and yield behavior [9-13]. Internal ship systems 
also rely on rheologically complex materials, including 
heavy fuel oils, lubricants, firefighting foams, and magne-
torheological suspensions [18-21]. The central challenge 
is therefore not simply to recognize that non-Newtonian 
fluids exist, but to identify which rheological feature gov-
erns a given engineering function, to select a constitutive 
model that faithfully represents that feature, and to vali-
date predictions at operational scale.

1.1	 Scope and Rationale

This review examines non-Newtonian fluid mechanics 
across a broad range of engineering applications, with 
a cross-sector structure that connects process industry 
paradigms to marine technology challenges. It combines 
cross-sector breadth with a unifying engineering ques-
tion: how specific rheological features translate into prac-
tical design consequences.

The rationale for combining process industries with ma-
rine technology is that both domains confront closely re-
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lated rheology-driven problems: pressure-drop prediction 
in shear-thinning transport, mobilization of yield-stress 
materials after stoppage, thixotropic structural recovery 
during intermittent operation, turbulence modification 
by viscoelastic additives, and the persistent difficulty of 
extrapolating laboratory rheology to full-scale systems. 
Process engineering offers mature paradigms and well-
studied analogues for these issues, while marine engi-
neering provides a demanding application environment in 
which the same constitutive ideas must operate under mo-
tion, scale effects, environmental constraints, and safety-
critical conditions. Where these parallels are imperfect, or 
where the marine problem introduces genuinely distinct 
physics, those differences are noted explicitly.

1.2 Review Methodology

The literature for this review was assembled through a 
targeted survey of Scopus, Web of Science, and Google 
Scholar, supplemented by standard rheology texts and 
widely cited engineering references. Searches combined 
general keywords such as non-Newtonian fluids, rheology, 
and constitutive model with application-specific terms in-
cluding drag reduction, brash ice, dredging slurry, heavy 
fuel oil, drilling mud, nanofluid, direct ink writing, mag-
netorheological fluid, CFD validation, and scale-up. Pref-
erence was given to foundational sources, widely cited 
review articles, and application papers that linked rheo-
logical behavior to identifiable engineering consequences.

The final selection is intended to be representative rath-
er than exhaustive. In choosing references, priority was 
given to sources that clearly describe constitutive-model 
choice, discuss engineering implications, or identify im-
portant limitations in scaling, validation, or applicability. 

Figure 1 Rheology-to-design-consequence framework adopted  
in this review. Each row maps a dominant non-Newtonian 

behavior to its representative constitutive model, the engineering 
metric it governs, and the resulting operational consequence. 

Rows correspond to the five behavior classes examined  
in the paper: shear-thinning, yield stress, thixotropy, 

viscoelasticity, and field-responsive behavior.

Where the literature in a sub-area remains sparse, that 
limitation is stated directly rather than masked by weakly 
related citations.

1.3	 Specific Objectives and Paper Organization

The specific objectives of this review are:

To outline commonly used constitutive models for the 
principal classes of non-Newtonian behavior, including 
thixotropic and viscoelastic descriptions, together with 
the dimensionless groups commonly used in engineering 
interpretation.

To critically review representative applications in process 
and energy engineering, with emphasis on measurable 
engineering impacts, constitutive-model selection, and 
model limitations.

To examine marine applications in which non-Newtonian 
behavior materially affects vessel performance, onboard 
systems, or operational safety.

To identify recurring engineering bottlenecks - restart, 
scaling, validation, sustainability - and to connect them 
explicitly to constitutive behavior and model uncertainty.

The paper is organized as follows. Section 2 presents the 
rheological framework and defines the constitutive mod-
els and dimensionless groups used in engineering analy-
sis. Section 3 reviews applications in mechanical and pro-
cess engineering and extracts the lessons most relevant 
to marine systems. Section 4 examines applications in 
shipbuilding and marine technology. Section 5 discusses 
overarching challenges in validation, scaling, and imple-
mentation. Section 6 provides concluding remarks based 
on the literature reviewed here.

Figure 2 Engineering roles of non-Newtonian fluids across 
process and marine systems. The conceptual map links  

dominant rheological features – shear-thinning, yield stress, 
thixotropy, viscoelasticity, and field-responsive behavior  

– to major application clusters in both process  
and marine engineering domains.
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2.	 Rheological Framework and Mathemati-
cal Formulation

2.1	 Governing Equations

The motion of an incompressible non-Newtonian fluid is 
governed by conservation of mass and linear momentum. 
The momentum equation may be written as [3]:
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(Eq. 1)

where ρ is the density [kg m⁻³], u is the velocity vector 
[m s⁻¹], p is the pressure [Pa], τ is the extra-stress tensor 
[Pa], and g is the gravitational acceleration [m s⁻²]. The 
distinction between Newtonian and non-Newtonian be-
havior lies in the constitutive relation defining τ. For gen-
eralized Newtonian descriptions, the apparent viscosity η 
depends on the scalar shear rate γ̇ [s⁻¹], the magnitude of 
the rate-of-strain tensor. The engineering task is to select 
a constitutive model whose parameters are consistent with 
the stress range, time scale, and operating temperature of 
the application [4].

2.2	 Time-Independent Constitutive Models
2.2.1	 Power-Law (Ostwald-de Waele) Model

This law can be modelled as:
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where K is the consistency index [Pa sⁿ] and n is the flow 
behavior index [−]. When n < 1 the fluid is shear-thinning, 
when n > 1 it is shear-thickening. The model is analyti-
cally convenient but diverges at zero shear rate and does 
not capture viscosity plateaus; it is therefore a local ap-
proximation over a limited shear-rate window [4]. Rep-
resentative values include drilling muds with K = 0.3–1.5 
Pa sⁿ and n = 0.4–0.7, and dilute polymer solutions with 
n = 0.7–0.9.

2.2.2	 Bingham Plastic Model

Bingham model can be written as:
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where τ₀ is the yield stress [Pa] and μₚ is the plastic vis-
cosity [Pa s]. The model is widely used for drilling fluids, 
greases, and idealized slurries; its engineering value lies 
in restart and mobilization analysis. The Bingham number 
Bn = τ₀ L / (μₚ U), where L is a characteristic length [m] 
and U is a characteristic velocity [m s⁻¹], characterizes the 
relative importance of yield stress to viscous stress. When 
Bn >> 1, plug flow and blockage risk become more im-
portant; when Bn ≈ O(1), yield and viscous effects inter-
act nonlinearly [4]. A practical limitation is that the model 
may underpredict startup demands for gelled materials 
with significant elastic storage.

2.2.3	 Herschel-Bulkley Model  

This model can be modelled as:
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The Herschel-Bulkley model combines finite yield stress 
with non-linear post-yield behavior, making it more phys-
ically realistic than the Bingham model for concentrated 
slurries, dredging mixtures, brash-ice analogues, and 
many drilling muds [5, 12, 13]. Typical parameter ranges 
reported for dredging-type slurries include τ₀ = 5–50 Pa, 
K = 0.05–0.5 Pa sⁿ, and n = 0.4–0.7.

2.3	 Shear-Thinning Models with Finite Viscosity  
Plateaus
2.3.1	 Cross and Carreau Models

When a wider shear-rate range must be represented, mod-
els with explicit low-shear (η₀) and high-shear (η∞) vis-
cosity plateaus are preferred. The Cross model:
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operating temperature of the application [4]. 
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This law can be modelled as: 
 
𝜏𝜏 = 𝐾𝐾𝐾𝐾ⁿ̇     (Eq. 2) 
 
where K is the consistency index [Pa sⁿ] and n is the 
flow behavior index [−]. When n < 1 the fluid is shear-
thinning, when n > 1 it is shear-thickening. The model 
is analytically convenient but diverges at zero shear 
rate and does not capture viscosity plateaus; it is 
therefore a local approximation over a limited shear-
rate window [4]. Representative values include drilling 
muds with K = 0.3–1.5 Pa sⁿ and n = 0.4–0.7, and dilute 
polymer solutions with n = 0.7–0.9. 
 
2.2.2 Bingham Plastic Model 
Bingham model can be written as: 
 
𝜏𝜏 = 𝜏𝜏0 + 𝜇𝜇ₚ𝛾𝛾(𝜏𝜏 > 𝜏𝜏0)̇ ; 𝛾̇𝛾 = 0(𝜏𝜏 ≤ 𝜏𝜏0)(Eq. 3, 4) 
 
where τ₀ is the yield stress [Pa] and μₚ is the plastic 
viscosity [Pa s]. The model is widely used for drilling 
fluids, greases, and idealized slurries; its engineering 
value lies in restart and mobilization analysis. The 
Bingham number Bn = τ₀ L / (μₚ U), where L is a 
characteristic length [m] and U is a characteristic 
velocity [m s⁻¹], characterizes the relative importance 
of yield stress to viscous stress. When Bn ≫ 1, plug 
flow and blockage risk become more important; when 
Bn ≈ O(1), yield and viscous effects interact 
nonlinearly [4]. A practical limitation is that the model 
may underpredict startup demands for gelled materials 

with significant elastic storage. 
 
2.2.3 Herschel-Bulkley Model   
This model can be modelled as: 
 
𝜏𝜏 = 𝜏𝜏0 + 𝐾𝐾𝐾𝐾ⁿ̇(𝜏𝜏 > 𝜏𝜏0)     (Eq. 5) 
 
The Herschel-Bulkley model combines finite yield 
stress with non-linear post-yield behavior, making it 
more physically realistic than the Bingham model for 
concentrated slurries, dredging mixtures, brash-ice 
analogues, and many drilling muds [5, 12, 13]. Typical 
parameter ranges reported for dredging-type slurries 
include τ₀ = 5–50 Pa, K = 0.05–0.5 Pa sⁿ, and n = 0.4–
0.7. 

2.3 Shear-Thinning Models with Finite 
Viscosity Plateaus 
2.3.1 Cross and Carreau Models 
When a wider shear-rate range must be represented, 
models with explicit low-shear (η₀) and high-shear 
(η∞) viscosity plateaus are preferred. The Cross 
model: 
 
𝜂𝜂(𝛾̇𝛾) = 𝜂𝜂∞+ (𝜂𝜂0 − 𝜂𝜂∞)/[1 + (𝑚𝑚𝛾̇𝛾)ᵖ]     (Eq. 6) 
 
and the Carreau model: 
 
𝜂𝜂(𝛾̇𝛾) = 𝜂𝜂∞+ (𝜂𝜂0 − 𝜂𝜂∞)[1 + (𝜆𝜆𝛾̇𝛾)2]−((1−𝑛𝑛)/2)    (Eq. 
7) 
 
where λ is a characteristic relaxation time [s]. The 
Carreau model is numerically well-conditioned and 
preferred in CFD implementations where the power-
law singularity at zero shear rate creates convergence 
problems. These models are appropriate for 
concentrated suspensions, foams, and lubricants whose 
apparent viscosity spans several orders of magnitude 
[4]. The comparison of the above-defined models is 
also visually explained by Figure 3. 

2.4 Thixotropic Constitutive Models 
Many engineering fluids - drilling muds, waxy crudes, 
firefighting foams - exhibit time-dependent structural 
recovery following shear. Simple steady-state 
viscosity functions are therefore insufficient to capture 
behavior during startup, stoppage, or intermittent 
operation. Thixotropy is represented by coupling a 
viscosity or stress equation to an internal structural 
variable λ (distinct from the relaxation time in Eq. 7), 
which evolves according to a kinetic equation [3, 28]: 
 
𝑑𝑑𝑑𝑑/𝑑𝑑𝑑𝑑 = 𝑎𝑎(1 − 𝜆𝜆) − 𝑏𝑏𝑏𝑏𝑏𝑏ᵞ̇     (Eq. 8) 
 
where a and b are build-up and break-down rate 
constants and m is a fitting exponent. The apparent 
viscosity then depends on both γ̇ and the instantaneous 

(Eq. 6)

and the Carreau model:
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where λ is a characteristic relaxation time [s]. The Carreau 
model is numerically well-conditioned and preferred in 
CFD implementations where the power-law singularity at 
zero shear rate creates convergence problems. These mod-
els are appropriate for concentrated suspensions, foams, 
and lubricants whose apparent viscosity spans several or-
ders of magnitude [4]. The comparison of the above-de-
fined models is also visually explained by Figure 3.

2.4	 Thixotropic Constitutive Models

Many engineering fluids - drilling muds, waxy crudes, 
firefighting foams - exhibit time-dependent structural 
recovery following shear. Simple steady-state viscosity 
functions are therefore insufficient to capture behavior 
during startup, stoppage, or intermittent operation. Thix-
otropy is represented by coupling a viscosity or stress 
equation to an internal structural variable λ (distinct from 
the relaxation time in Eq. 7), which evolves according to 
a kinetic equation [3, 28]:
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(Eq. 8)

where a and b are build-up and break-down rate constants 
and m is a fitting exponent. The apparent viscosity then 
depends on both γ̇ and the instantaneous structural state λ. 
Elastoviscoplastic formulations extend this framework by 
including elastic stress storage in the gel network, which 
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can dominate restart behavior in waxy crudes and concen-
trated muds where purely viscoplastic Bingham estimates 
may underpredict the required restart pressure [28]. These 
models require transient rheometry for calibration but 
provide a more physically consistent basis for predicting 
startup pressure after extended shutdown.

Figure 3 Apparent viscosity as a function of shear rate for 
key non-Newtonian constitutive models. Curves illustrate the 

characteristic responses of shear-thinning (power-law, Carreau), 
shear-thickening, Bingham plastic, and Herschel-Bulkley fluids, 

highlighting the divergence from Newtonian (constant  
viscosity) behavior across the shear-rate range.

2.5	 Viscoelastic Constitutive Models

Polymer solutions used for drag reduction and smart-fluid 
systems exhibit memory effects and elastic stress storage 
that generalized Newtonian models cannot capture. The 
simplest linear viscoelastic description is the Maxwell 
model:
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2.5 Viscoelastic Constitutive Models 
Polymer solutions used for drag reduction and smart-
fluid systems exhibit memory effects and elastic stress 
storage that generalized Newtonian models cannot 
capture. The simplest linear viscoelastic description is 
the Maxwell model: 
 
𝜏𝜏 + 𝜆𝜆𝜆𝜆𝜆𝜆/𝜕𝜕𝜕𝜕 = 𝜂𝜂𝛾̇𝛾    (Eq. 9) 
 
The Maxwell model is, however, inadequate for 
strongly non-linear or turbulent flows. The Oldroyd-B 
model extends Maxwell to include a Newtonian 
solvent contribution and provides the simplest frame-
indifferent viscoelastic model suitable for dilute 
polymer solutions. The Giesekus model introduces 
anisotropic drag through a mobility parameter α,  
bringing predicted shear-thinning and extensional 
behavior closer to experimental data for concentrated 
polymer solutions used in drag reduction [3]. The 
FENE-P (Finitely Extensible Nonlinear Elastic - 
Peterlin) model accounts for finite chain extensibility 
and is particularly relevant to polymer degradation 
modeling, capturing the saturation of drag reduction at 
the maximum drag reduction (MDR) asymptote 

defined by Virk [11]. 
Two dimensionless groups are essential for 
characterizing viscoelastic effects. The Deborah 
number De = λ / t, where t is a characteristic flow time 
scale, quantifies elastic relaxation relative to flow 
kinematics: De ≪ 1 implies quasi-viscous behavior; 
De ≫ 1 implies elastic-dominated response. The 
Weissenberg number Wi = λ γ̇ characterizes the degree 
of polymer stretch in shear flow. In turbulent drag-
reduction applications, onset and MDR regimes are 
well correlated with Wi, and any constitutive model 
intended for turbulence-closure coupling must 
reproduce the correct Wi dependence of the polymer 
stress [10, 11]. 

2.6 Field-Responsive (Magnetorheological 
and Electrorheological) Fluids 
Magnetorheological (MR) and electrorheological (ER) 
fluids are suspensions in which an applied magnetic or 
electric field induces rapid particle alignment, 
producing a reversible and field-controllable increase 
in yield stress. Their behavior under an applied field is 
most accurately described by a modified Bingham 
model with a field-dependent yield stress: 
 
𝜏𝜏 = 𝜏𝜏0(𝐻𝐻) + 𝜇𝜇ₚ𝛾̇𝛾   (Eq. 10) 
 
where H is the applied magnetic field strength and 
τ₀(H) is an empirically determined function, typically 
approximated by τ₀ = c Hα over a practical range [21]. 
Off-field, MR fluids are approximately Newtonian or 
weakly shear-thinning. The pre-yield elastic behavior 
can also be relevant in oscillatory damping 
applications, where the storage modulus G' contributes 
to the stiffness component of the damping force. It is 
important to note that the Maxwell-type scalar 
viscoelastic model (Eq. 9) does not provide a 
mechanistically adequate description of MR/ER 
behavior; these fluids require the field-dependent 
Bingham framework of Eq. 10 and its experimental 
calibration. 

2.7 Engineering Interpretation of 
Constitutive-Model Selection 
Model selection is not a purely mathematical exercise. 
It determines which engineering quantity can be 
predicted with reasonable confidence and at what 
computational cost. The power-law model may suffice 
for pressure-drop estimation over a limited shear-rate 
range. Restart analysis for gelled oils or drilling muds 
requires explicit yield-stress treatment and ideally 
thixotropic kinetics. Drag reduction and oscillatory 
damping cannot be understood without a viscoelastic 
or field-responsive framework. Turbulence-closure 
coupling requires models that correctly reproduce the 
Weissenberg-number dependence of polymer stress. 
Table 1 provides a consolidated summary.

(Eq. 9)

The Maxwell model is, however, inadequate for strongly 
non-linear or turbulent flows. The Oldroyd-B model ex-
tends Maxwell to include a Newtonian solvent contribu-
tion and provides the simplest frame-indifferent viscoe-
lastic model suitable for dilute polymer solutions. The 
Giesekus model introduces anisotropic drag through a 
mobility parameter α, 

bringing predicted shear-thinning and extensional behav-
ior closer to experimental data for concentrated polymer 
solutions used in drag reduction [3]. The FENE-P (Finite-
ly Extensible Nonlinear Elastic - Peterlin) model accounts 
for finite chain extensibility and is particularly relevant to 

polymer degradation modeling, capturing the saturation 
of drag reduction at the maximum drag reduction (MDR) 
asymptote defined by Virk [11].

Two dimensionless groups are essential for characteriz-
ing viscoelastic effects. The Deborah number De = λ / t, 
where t is a characteristic flow time scale, quantifies elas-
tic relaxation relative to flow kinematics: De << 1 implies 
quasi-viscous behavior; De >> 1 implies elastic-dominat-
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are well correlated with Wi, and any constitutive model 
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behavior closer to experimental data for concentrated 
polymer solutions used in drag reduction [3]. The 
FENE-P (Finitely Extensible Nonlinear Elastic - 
Peterlin) model accounts for finite chain extensibility 
and is particularly relevant to polymer degradation 
modeling, capturing the saturation of drag reduction at 
the maximum drag reduction (MDR) asymptote 

defined by Virk [11]. 
Two dimensionless groups are essential for 
characterizing viscoelastic effects. The Deborah 
number De = λ / t, where t is a characteristic flow time 
scale, quantifies elastic relaxation relative to flow 
kinematics: De ≪ 1 implies quasi-viscous behavior; 
De ≫ 1 implies elastic-dominated response. The 
Weissenberg number Wi = λ γ̇ characterizes the degree 
of polymer stretch in shear flow. In turbulent drag-
reduction applications, onset and MDR regimes are 
well correlated with Wi, and any constitutive model 
intended for turbulence-closure coupling must 
reproduce the correct Wi dependence of the polymer 
stress [10, 11]. 

2.6 Field-Responsive (Magnetorheological 
and Electrorheological) Fluids 
Magnetorheological (MR) and electrorheological (ER) 
fluids are suspensions in which an applied magnetic or 
electric field induces rapid particle alignment, 
producing a reversible and field-controllable increase 
in yield stress. Their behavior under an applied field is 
most accurately described by a modified Bingham 
model with a field-dependent yield stress: 
 
𝜏𝜏 = 𝜏𝜏0(𝐻𝐻) + 𝜇𝜇ₚ𝛾̇𝛾   (Eq. 10) 
 
where H is the applied magnetic field strength and 
τ₀(H) is an empirically determined function, typically 
approximated by τ₀ = c Hα over a practical range [21]. 
Off-field, MR fluids are approximately Newtonian or 
weakly shear-thinning. The pre-yield elastic behavior 
can also be relevant in oscillatory damping 
applications, where the storage modulus G' contributes 
to the stiffness component of the damping force. It is 
important to note that the Maxwell-type scalar 
viscoelastic model (Eq. 9) does not provide a 
mechanistically adequate description of MR/ER 
behavior; these fluids require the field-dependent 
Bingham framework of Eq. 10 and its experimental 
calibration. 

2.7 Engineering Interpretation of 
Constitutive-Model Selection 
Model selection is not a purely mathematical exercise. 
It determines which engineering quantity can be 
predicted with reasonable confidence and at what 
computational cost. The power-law model may suffice 
for pressure-drop estimation over a limited shear-rate 
range. Restart analysis for gelled oils or drilling muds 
requires explicit yield-stress treatment and ideally 
thixotropic kinetics. Drag reduction and oscillatory 
damping cannot be understood without a viscoelastic 
or field-responsive framework. Turbulence-closure 
coupling requires models that correctly reproduce the 
Weissenberg-number dependence of polymer stress. 
Table 1 provides a consolidated summary.

(Eq. 10)

where H is the applied magnetic field strength and τ₀(H) is 
an empirically determined function, typically approximat-
ed by τ₀ = c Hα over a practical range [21]. Off-field, MR 
fluids are approximately Newtonian or weakly shear-thin-
ning. The pre-yield elastic behavior can also be relevant 
in oscillatory damping applications, where the storage 
modulus G’ contributes to the stiffness component of the 
damping force. It is important to note that the Maxwell-
type scalar viscoelastic model (Eq. 9) does not provide 
a mechanistically adequate description of MR/ER be-
havior; these fluids require the field-dependent Bingham 
framework of Eq. 10 and its experimental calibration.

2.7	 Engineering Interpretation of Constitutive-Model 
Selection

Model selection is not a purely mathematical exercise. It 
determines which engineering quantity can be predicted 
with reasonable confidence and at what computational 
cost. The power-law model may suffice for pressure-drop 
estimation over a limited shear-rate range. Restart analy-
sis for gelled oils or drilling muds requires explicit yield-
stress treatment and ideally thixotropic kinetics. Drag 
reduction and oscillatory damping cannot be understood 
without a viscoelastic or field-responsive framework. Tur-
bulence-closure coupling requires models that correctly 
reproduce the Weissenberg-number dependence of poly-
mer stress. Table 1 provides a consolidated summary.
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3.	 Applications in Mechanical and Process 
Engineering
Process-industry applications provide controlled, well-
studied examples of the same rheology-driven phenom-
ena that appear in marine technology. In each case, the 
key questions are: which constitutive feature governs 
engineering performance, how large is the engineering 
consequence of getting it wrong, and where do current 
models break down?

3.1	 Fluids in the Chemical and Process Industries

In process engineering, the fluid is often the product, and 
its rheology governs transport, mixing, and handling. Pol-
ymer melts, food pastes, personal-care formulations, and 
slurries frequently display strong shear dependence, mak-
ing pressure-drop prediction and pump selection more 
complex than in Newtonian transport [2, 4]. In practical 
terms, the use of generalized Reynolds number analysis 
can materially change flow-regime interpretation and 
therefore affect pump selection and flow-stability assess-
ment. For example, a power-law fluid with $n = 0.5$ can 
yield a generalized Reynolds number two to three times 
lower than the Newtonian estimate at the same bulk ve-
locity, shifting the predicted flow regime from turbulent 
to transitional.

The same fluid may exhibit high apparent viscosity during 
storage or startup, substantially increasing restart loads 
and promoting maldistribution in pipes or manifolds. 
This tension between low-shear and high-shear behavior 
- which neither the power-law nor a single-point viscosity 
measurement can resolve - is the reason that multi-param-
eter models with explicit viscosity plateaus are preferred 
for serious design work.

3.2	 Non-Newtonian Fluids in the Energy Sector

Drilling Muds

Drilling fluids are classic engineered non-Newtonian 
systems because they must satisfy contradictory require-

ments: shear-thin during circulation to limit frictional 
pressure losses yet recover structure rapidly during stop-
page to suspend drill cuttings and maintain borehole sta-
bility [5]. The engineering consequence of thixotropy is 
specific: cuttings suspension during stoppage depends on 
whether the yield stress builds 

Figure 4 Velocity profiles in fully developed pipeline flow for 
Newtonian and shear-thinning fluids. Decreasing the power-law 
index n progressively flattens the profile toward plug-like flow, 
with significant implications for pressure-drop estimation and 

mixing efficiency in industrial pipe systems.

back to a value exceeding the critical threshold τ₀ > ρₚ dₚ 
g / 6 (for spherical particles of diameter dₚ and density ρₚ) 
within the available time window. Recent studies show 
that nanoparticle additives can modify yield point, gel 
strength, and apparent viscosity [26, 27], but the direction 
and magnitude of the effect remain formulation-depend-
ent - a recurring pattern in non-Newtonian engineering.

Waxy Crude Oils

Waxy crude oil transport provides an especially clear ex-
ample of rheology producing a measurable design con-
straint. When oil cools below the wax appearance tem-
perature, crystallized wax forms a gel network and the 

Model Governing Relation Key Parameters Dim. Group Applications

Power-law τ = Kγ̇ⁿ K, n Gen. Re Polymer melts, slurries, inks

Bingham plastic τ = τ₀ + μₚγ̇ τ₀, μₚ Bn Drilling muds, greases

Herschel-Bulkley τ = τ₀ + Kγ̇ⁿ τ₀, K, n Bn, Gen. Re Slurries, dredging, brash ice

Cross / Carreau See Eqs. 6-7 η₀, η∞, λ, n Ca Lubricants, foams, CFD

Thixotropic EVP Eq. 7 + kinetics (Eq. 8) a, b, m, moduli Bn + De Waxy crudes, gelled muds

Maxwell / Oldroyd-B τ + λDτ/Dt = ... ηₛ, ηₚ, λ De, Wi Polymer drag reduction

Giesekus / FENE-P See ref. [3] α or b, λ Wi Turbulent drag reduction

MR/ER Bingham τ = τ₀(H) + μₚγ̇ τ₀(H), c, α Mn Adaptive dampers

Table 1. Summary of principal constitutive models for engineering non-Newtonian fluids
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material develops an apparent yield stress [6]. The prin-
cipal engineering consequence is restart pressure after 
shutdown, which can dominate pipeline and pumping-
system design. Recent elastoviscoplastic thixotropic for-
mulations - validated against transient restart experiments 
- demonstrate that Bingham-type estimates can underpre-
dict restart pressure by factors of 1.5 to 3 when elastic 
energy stored in the gel network contributes significantly 
to the initial mobilization force [28]. This discrepancy di-
rectly determines whether an installed pump has adequate 
startup capacity. 

3.3	 Nanofluids and Heat Transfer

Nanofluids are often cited as heat-transfer enhancers 
because dispersed nanoparticles can increase effective 
thermal conductivity. The critical engineering question, 
however, is whether the thermal benefit outweighs the 
hydraulic penalty, particularly when the suspension be-
comes non-Newtonian at practically relevant concentra-
tions [7, 29, 30]. Recent systematic reviews indicate that 
Al₂O₃ nanofluids at volume fractions above 1-2% exhibit 
measurable increases in apparent viscosity at low shear 
rates, which can raise pumping power requirements by 
10-30% depending on flow regime and system geometry 
[29, 30]. Engineering assessment must therefore use a fig-
ure of merit that integrates Nusselt number gain against 
pressure-drop penalty over the full operating range.

3.4	 Rheology in Advanced Manufacturing

Direct ink writing and related extrusion-based additive 
manufacturing processes depend critically on non-Newto-
nian behavior [8, 31]. The ink must shear-thin sufficiently 
to flow through a nozzle at moderate pressure, yet recover 
yield stress rapidly enough after deposition to maintain 

structural fidelity. The time scale of structural rebuilding 
- quantified by the thixotropic recovery half-time - is as 
important as the steady-state constitutive curve. The en-
gineering criterion is therefore a specific ratio of deposi-
tion time to recovery time, which must be matched to the 
constitutive model calibrated at the relevant shear rates 
(typically 10²-10⁴ s⁻¹ at the nozzle wall).

3.5	 Cross-Sector Lessons and Engineering Bottlenecks

Across the process applications reviewed above, the same 
engineering bottlenecks recur:
1.	 Pressure-drop prediction in fluids whose apparent 

viscosity changes strongly with shear rate, requiring 
generalized Reynolds number analysis and model-
specific friction-factor correlations.

2.	 Restart and mobilization of materials that develop 
yield stress or elastic structure during stoppage, where 
Bingham models are insufficient and elastoviscoplas-
tic thixotropic formulations are required.

3.	 Time-dependent recovery in thixotropic systems, 
where constitutive parameters must be calibrated 
from transient rather than steady-state rheometry.

4.	 Trade-offs between single-metric performance en-
hancement and system-level efficiency, illustrated most 
clearly by nanofluids and polymer-additive systems.

5.	 Sensitivity of constitutive parameters to temperature, 
formulation, and scale, which limits the direct trans-
ferability of laboratory data to design calculations.

These bottlenecks provide the main conceptual bridge to 
marine technology. The marine problem is not fundamen-
tally different in kind; it is different in consequence, scale, 
and environmental severity. Table 2 summarizes the com-
parison with explicit governing dimensionless groups.

Engineering 
Issue Process Example Marine Analogue Governing Feature Dim. Group Consequence

Pressure-drop 
prediction

Polymer / slurry 
transport

Dredging; onboard 
piping Shear-thinning viscosity Gen. Re Pump sizing; energy

Restart after 
stoppage

Waxy crude 
pipelines

Heavy fuel oil lines 
(viscosity-controlled)

Temp.-dependent viscosity; 
gel network in some grades

Bn; EVP 
model

Startup pressure; 
flow assurance

Suspension at 
rest Drilling muds Firefighting foams; 

sediment Yield stress; rebuild rate Bn; recovery 
time

Suspension; 
blockage prevention

Flowability vs. 
retention Direct ink writing Coatings and foams Recovery kinetics; 

viscoelasticity De; half-time Coverage; structural 
persistence

Enhancement 
vs. penalty Nanofluids Cooling and 

lubrication
Viscosity-conductivity 
trade-off Nu/Re ratio Net system 

efficiency

Table 2. Cross-sector engineering bottlenecks linking process and marine applications
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4.	 Applications in Shipbuilding and Marine 
Technology
The marine environment gives non-Newtonian fluid me-
chanics a distinct practical significance. Marine opera-
tions combine large scale, unsteady forcing, limited main-
tenance windows, severe environmental exposure, and 
tight safety margins. For this reason, marine applications 
are especially demanding tests of whether constitutive 
descriptions developed in laboratory or process-industry 
settings remain valid under operational conditions.

Figure 5 Comparison of velocity profiles in Newtonian turbulent 
pipe flow and polymer-induced drag-reduced flow at equivalent 
Reynolds number. The drag-reduced profile exhibits a thickened 

buffer layer and suppressed turbulent fluctuations, consistent  
with the Virk maximum drag reduction asymptote  

for dilute polymer solutions.

4.1	 Frictional Drag Reduction

Polymer-based drag reduction is one of the most frequent-
ly cited maritime applications of non-Newtonian rheol-
ogy. The fundamental mechanism involves viscoelastic 
polymer additives interacting with near-wall turbulent 
structures, suppressing quasi-streamwise vortices respon-
sible for skin-friction drag [9-11]. The onset and intensity 
of drag reduction are well correlated with the Weissen-
berg number Wi = λ U / δ, where δ is the viscous length 
scale. The maximum drag reduction (MDR) asymptote, 
as defined by Virk [11], sets an upper bound independent 
of polymer type above a threshold concentration and De.

The practical engineering consequence is measurable: 
under controlled conditions, drag reductions of 40-70% 
have been reported in pipe flow [10, 22, 23]. However, 
these laboratory values are not directly transferable to 
full-scale marine use for three reasons. First, polymer 
degradation under high shear rates progressively reduces 
molecular weight and viscoelastic relaxation time. Sec-
ond, the interaction of polymer additives with turbulent 
boundary layers in the presence of surface roughness is 
not captured by smooth-wall correlations. Third, scale ef-
fects in the transition to full ship Reynolds numbers are 
not well quantified. The critical limitation remains pre-
dictability and durability at operational scale, not proof 
of concept.

4.2	 Ice-Ship Interaction and Brash Ice

For vessels operating in polar and ice-obstructed waters, 
broken or crushed ice may behave as a dense fluid-like 
medium rather than as discrete rigid blocks. In such con-
ditions, continuum constitutive models become applica-
ble, and Bingham or Herschel-Bulkley formulations have 
been used to represent yield-stress behavior in brash ice 
[12]. The engineering quantity of direct interest is ice 
resistance, which determines propulsion demand, route 
planning, and ice-class design margins.

The constitutive-model choice is consequential. A Bing-
ham approximation may overpredict resistance if the 
actual post-yield behavior is strongly shear-thinning. A 
Herschel-Bulkley formulation with n < 1 can produce 
resistance predictions that are 10-20% lower than Bing-
ham estimates at high vessel speeds - a difference large 
enough to affect ice-class power requirements. The criti-
cal limitation is equally important: as floe size increases 
relative to hull dimensions, discrete-element or coupled 
continuum-discrete methods become necessary, and the 
Herschel-Bulkley model should not be applied beyond its 
range of validity. 

4.3	 Sediment Slurries and Dredging Operations

Dredging slurries are among the clearest marine exam-
ples of rheology-controlled transport. High-concentration 
water-sand-mud mixtures often exhibit both shear-thin-
ning and yield-stress characteristics [13]. Their rheology 
affects pressure loss, critical deposition velocity, wear, 
and blockage risk in pipelines and pumping equipment. 
The engineering consequence of poor rheological charac-
terization is immediate and measurable: underestimating 
yield stress can lead to undersized pumps and increased 
blockage probability, whereas overestimating it increases 
installed power and operating cost.

For practical dredging design, the critical deposition ve-
locity - below which settled-bed formation and blockage 
become probable - depends on both particle size distribu-
tion and the yield stress of the slurry matrix. Herschel-
Bulkley parameters must be validated for the specific 
solids loading and particle-size distribution of the actual 
material, because laboratory analogues may not repro-
duce the rheological behavior of in-situ marine sediments.

4.4	 Onboard Fluid Management: From Fuel to  
Firefighting

Heavy Fuel Oil Handling

Heavy fuel oil (HFO) handling aboard ships presents an 
operationally demanding flow-assurance problem that is 
fundamentally different from the waxy-crude pipeline 
problem described in Section 3.2, and this distinction 
must be stated clearly. While waxy crudes develop a gen-
uine yield-stress gel network upon cooling, HFO behavior 
in normal ship operation is primarily governed by tem-
perature-dependent Newtonian or weakly non-Newtonian 
viscosity, managed through preheating, insulation, and 
fuel-treatment systems rather than detailed yield-stress 



40 Engineering Power

constitutive characterization [18]. The relevant engineer-
ing metrics are kinematic viscosity at the injection tem-
perature (typically 10-15 cSt for adequate atomization), 
startup pumpability during cold conditions, and the vis-
cosity-temperature sensitivity across the expected operat-
ing range.

In practice, this distinction matters for design: if HFO is 
treated as a Bingham or thixotropic material analogous 
to waxy crude, flow-assurance calculations may be mis-
leadingly conservative in some respects. The correct en-
gineering approach is to apply temperature-dependent 
viscosity correlations validated for the specific fuel grade, 
design heating systems for the full viscosity-temperature 
curve, and verify pump startup margins against the maxi-
mum expected viscosity at minimum service tempera-
ture. Where specific HFO grades exhibit non-Newtonian 
behavior under near-ambient conditions, this should be 
verified by dedicated rotational rheometry rather than as-
sumed from analogy with waxy crudes.

Lubricants and Greases

Marine lubricants and greases exhibit non-Newtonian be-
havior by design. Shear-thinning allows a lubricant to flow 
effectively in high-shear contacts while maintaining suffi-
cient apparent viscosity at lower shear rates to resist leak-
age and provide surface retention [19]. The engineering 
advantage is quantifiable in terms of load-support capac-
ity, friction coefficient reduction, and lubricant retention 
time. The constitutive response must remain stable over 
temperature range and service duration; thermo-oxidative 
degradation that alters molecular-weight distribution can 
shift n and K systematically, leading to unexpected chang-
es in film thickness and contact protection.

Firefighting Foams

Firefighting foams provide an example in which engi-
neering function depends critically on a balance between 
easy pumping and post-deployment stability [20, 24]. A 
foam must shear-thin during pumping and nozzle flow, 

yet rebuild structural integrity after deployment to spread 
and persist over a fuel surface long enough to prevent re-
ignition. The relevant rheological issues - shear-thinning 
during flow, structural recovery at rest - are physically 
analogous to those in direct ink writing and thixotropic 
recovery in drilling fluids. However, the time scales, 
temperature conditions, and contamination environment 
are specific to firefighting applications and cannot be as-
sumed from generic aqueous-foam rheology studies [24]. 
Application-specific characterization under realistic con-
ditions is required.

4.5	 Smart Fluids in Damping and Control Systems

Magnetorheological and electrorheological fluids extend 
the discussion from passive to actively controlled rheo-
logical response. Under an applied field, the field-depend-
ent yield stress increases rapidly (Section 2.6), allowing 
controllable and real-time-adjustable damping behavior 
[21]. Marine-engine isolation studies illustrate this po-
tential: AI-assisted nonlinear controllers combined with 
MR dampers have demonstrated measurable reductions 
in low-frequency engine vibration transmitted to ship 
structure [25]. The engineering advantage is specific: the 
damping force can be tuned continuously to the excitation 
spectrum rather than fixed by passive hardware.

However, the limitations are substantial. The rheological 
behavior of MR fluids is described by a field-dependent 
Bingham model (Eq. 10), and the pre-yield elastic be-
havior also contributes to the stiffness component of the 
damping force in oscillatory applications; neglecting this 
contribution leads to systematic underprediction of peak 
force at small strains. Long-term stability (particle set-
tling, carrier-fluid degradation), control-system reliability 
in marine environments, and power requirements for field 
generation are important barriers that remain incompletely 
resolved. The technology is best characterized as techni-
cally promising and demonstrably functional at laboratory 
scale, but still requiring substantive validation under full 
marine service conditions before widespread adoption.

Application Dominant Rheology Key Model Engineering Metric Main Benefit Critical Limitation

Polymer drag 
reduction Viscoelasticity Oldroyd-B / 

Giesekus / FENE-P
Frictional resistance; 
fuel demand

40-70% drag 
reduction (lab)

Degradation; scale-
up; roughness

Brash-ice 
interaction

Yield stress; shear-
thinning

Bingham or 
Herschel-Bulkley

Ice resistance; 
propulsion power

More realistic 
prediction (~10-
20% vs. Bingham)

Continuum validity; 
large-floe physics

Dredging 
slurries

Yield stress; shear-
thinning Herschel-Bulkley Pressure drop; 

deposition velocity
Reliable pipeline 
transport design

Solids-content 
sensitivity; in-situ 
calibration

Heavy fuel oil 
handling

Temp.-dependent 
viscosity (Newtonian)

Viscosity-
temperature 
correlation

Startup pumpability; 
atomization 
viscosity

Flow assurance via 
heating design

Sensitivity to 
fuel grade and 
temperature history

Firefighting 
foams

Shear-thinning; 
structural recovery

H-B + recovery 
kinetics

Pumpability; blanket 
persistence

Efficient delivery 
and surface coverage

Stability under fire; 
application-specific 
calibration

Smart damping 
(MR) fluids

Field-responsive 
yield stress + pre-
yield elasticity

Bingham with τ₀(H) Damping force; 
response bandwidth

Adaptive vibration 
control

Particle settling; 
power; marine 
environment 
durability

Table 3. Comparative synthesis of selected marine non-Newtonian applications
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5.	 Challenges and Future Directions
Although the application range reviewed above is broad, 
three recurring challenges limit the predictive reliability 
and operational deployment of non-Newtonian fluid me-
chanics in engineering.

5.1	 Validation: Physical and Numerical

The first challenge is validation of constitutive models and 
their engineering predictions. Experimental fluid dynam-
ics remains indispensable because rheological parameters 
measured under idealized laboratory conditions are often 
insufficient to characterize the complex thermal, compo-
sitional, and transient histories encountered in service. 
This is particularly true for thixotropic fluids, viscoelastic 
drag reducers, and opaque slurries, where reproducible 
measurements require careful instrument selection and 
conditioning protocols [13, 16].

Computational fluid dynamics provides a powerful com-
plementary tool, but its predictive quality in non-Newto-
nian flows depends on both the constitutive model and the 
turbulence closure. Standard two-equation eddy-viscosity 
models (e.g., k-ω SST [15]) are calibrated for Newtonian 
turbulence; their extension to viscoelastic or yield-stress 
flows introduces additional sources of error because the 
constitutive model affects the effective viscosity distribu-
tion across the boundary layer, and the turbulence-consti-
tutive coupling is not captured by modified eddy-viscosi-
ty approaches. Verification and validation protocols such 
as those outlined by Stern et al. [16] should be applied 
explicitly in any CFD study claiming to predict non-New-
tonian engineering performance.

5.2	 The Scaling Problem

Scale-up remains one of the most difficult issues in non-
Newtonian engineering. Classical Froude and Reynolds 
similarity arguments assume invariant fluid properties, 
whereas non-Newtonian fluids exhibit apparent viscosity 
and relaxation behavior that depend on local shear rate, 
time scale, and temperature [14, 17]. A drag-reducing pol-
ymer that performs well in a small facility at Wi ≈ 10 will 
experience a different Wi at ship scale - because the vis-
cous length scale δ decreases with increasing Re - meaning 
the same polymer may produce a different drag-reduction 
level simply because of the scale change. Likewise, Her-
schel-Bulkley parameters determined in a laboratory slurry 
loop may not represent the in-situ behavior of a dredging 
slurry at full operational solids loading and pipe diameter.

Future progress requires combining targeted experiments at 
multiple scales, non-Newtonian similarity analyses that ac-
count for shear-rate-dependent viscosity in the scaling crite-
ria, and high-quality CFD with constitutive models validat-
ed at intermediate scales before extrapolation to full scale.

5.3	 Economic, Operational, and Environmental Con-
straints

Even when a rheological concept is physically sound, im-
plementation may still be limited by cost, reliability, or reg-

ulation. Polymer drag reduction requires storage, injection 
infrastructure, and environmental acceptability under ma-
rine discharge regulations. Heavy fuel oil systems require 
dependable heating and monitoring infrastructure. MR 
damping systems require sensors, controllers, and function-
al stability of the MR fluid under continuous cyclic loading.

Environmental constraints are tightening. Marine applica-
tions that rely on chemical additives must be evaluated 
not only for performance but for discharge impact and 
regulatory compatibility under MARPOL and regional 
frameworks. This pressure is encouraging interest in 
lower-impact materials, closed-loop deployment systems, 
and application-specific justification rather than routine 
additive use.

5.4 Research Priorities

Based on the literature reviewed, the most productive re-
search directions are:
27.	Better integration of transient rheometry with engi-

neering-scale validation, particularly for thixotropic 
and elastoviscoplastic systems where steady-state 
constitutive curves are insufficient.

28.	Development and experimental validation of con-
stitutive closures for turbulent flows of viscoelastic 
fluids, extending beyond Maxwell and Oldroyd-B to 
Giesekus and FENE-P models coupled with appro-
priate turbulence treatments.

29.	 Application-specific scaling strategies for marine drag 
reduction and onboard deployment systems, explicitly 
accounting for Wi-Re co-variation across scales.

30.	Systematic comparison frameworks that connect 
rheological behavior directly to engineering metrics, 
parameter uncertainties, and operational risk.

31.	Expanded marine-specific full-scale evidence for 
brash-ice constitutive behavior, HFO non-Newto-
nian rheology under realistic temperature histories, 
and MR damper performance under marine service 
conditions.

6.	 Conclusion
This review has examined non-Newtonian fluid mechan-
ics across process and marine engineering with the ob-
jective of moving beyond descriptive survey toward a 
more structured, quantitatively grounded synthesis. The 
principal conclusion is that the engineering value of non-
Newtonian fluid mechanics lies in its capacity to explain 
and exploit functions that Newtonian descriptions can-
not represent adequately: shear-dependent pumpability, 
yield-stress mobilization, thixotropic rebuilding, viscoe-
lastic drag reduction, and field-responsive damping. Each 
of these functions is associated with specific constitutive 
models and dimensionless groups, and the choice of mod-
el determines which engineering quantities can be pre-
dicted with defensible confidence.

Several evidence-based conclusions emerge from the 
analysis. First, quantitative engineering benefits must be 
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stated with explicit constitutive dependence. Polymer 
drag reduction can reduce frictional resistance by 40-
70% under controlled conditions, but the scale-dependent 
Weissenberg number and polymer degradation constraints 
limit direct application of laboratory values to ship design. 
Herschel-Bulkley treatment of brash ice yields resistance 
predictions 10-20% below Bingham estimates at high 
vessel speeds, a difference with practical ice-class impli-
cations. Bingham-only restart models for gelled systems 
can underpredict the required restart pressure by factors 
of 1.5 to 3 when elastic network contributions are present.

Second, constitutive-model choice is not interchangeable. 
Power-law models are adequate for pressure-drop estima-
tion over limited shear-rate ranges but fail at low shear 
rates and in startup analysis. Bingham models provide ef-
ficient yield-stress design tools but must be replaced by 
elastoviscoplastic thixotropic formulations wherever gel 
elasticity is significant. Maxwell-type viscoelastic mod-
els are useful conceptual tools but are insufficient for tur-
bulence-closure coupling in drag-reduction CFD, where 
Giesekus or FENE-P models are required. MR/ER fluids 
require a field-dependent Bingham model rather than a 
scalar viscoelastic analogy. Heavy fuel oil handling is 
primarily a temperature-dependent Newtonian viscosity 
problem in normal ship operation and should be treated 
as such - not by analogy with yield-stress waxy crudes.

Third, the largest practical gap is often not conceptual but 
translational: laboratory constitutive characterization, nu-
merical prediction with coupled turbulence-constitutive 
closures, and full-scale engineering validation remain 
imperfectly connected. The most important research in-
vestments are in transient rheometry for thixotropic and 
viscoelastic systems, non-Newtonian scaling strategies 
that account for shear-rate-dependent viscosity, and ap-
plication-specific validation at intermediate and full scale. 
When non-Newtonian fluid mechanics is treated with that 
level of rigor, it provides a coherent and quantitatively use-
ful design framework for both process and marine systems.
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