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 A B S T R A C T

Many traditional and state-of-the-art ship routing methods rely on single-objective formulations, deterministic 
weather inputs, or fixed operational assumptions, which may lead to suboptimal or impractical routing 
decisions under realistic and uncertain marine environments. This study presents an ensemble-based multi-
objective optimization framework for ship route planning under uncertain weather conditions. The framework 
integrates a neural network model, trained on real onboard ship performance data and tuned using Bayesian 
hyperparameter optimization, to predict fuel consumption based on ship speed and marine weather parameters. 
An ensemble of weather forecasts is assigned to route waypoints using a bootstrapping method, enabling the 
evaluation of multiple cost functions reflecting trade-offs between voyage time, fuel consumption, and safety. 
Four optimization objective strategies — ensemble mean, worst-case, risk-aware, and Conditional Value-at-Risk 
(CVaR) — are implemented within a Grey Wolf Optimizer (GWO) to derive optimal routes across various 
voyages. The results demonstrate notable variations in route performance based on the selected strategy. 
For example, the CVaR approach achieves a balance between robustness and efficiency, with voyage fuel 
consumption for the longest journey (Voyage 3) reaching 490,475 kg, while the worst-case strategy prioritizes 
risk-averse paths, resulting in the highest fuel usage at 505,308 kg. Conversely, the ensemble mean strategy 
offers the lowest average fuel consumption (474,078 kg) but may expose the voyage to higher uncertainty. 
Furthermore, the proposed GWO demonstrates high precision in schedule adherence, maintaining arrival time 
deviations within a 30-minute margin across all optimized voyages, thereby justifying its effectiveness in 
handling complex multi-objective constraints. The developed framework is applicable to real-time voyage 
optimization and can support ship operators in achieving fuel efficiency and safety under varying ocean 
conditions.
1. Introduction

The efficient and safe navigation of ships is critical for the global 
maritime industry. Optimization of ship routes has long been a key 
focus area, intending to reduce fuel consumption, minimize transit 
times, and ensuring safety under varying marine conditions. Ship fuel 
consumption is a vital factor influencing operational costs and envi-
ronmental impact. An accurate estimation of ship fuel consumption is 
essential for optimizing performance, minimizing fuel expenses, and 
reducing greenhouse gas emissions [1]. Various factors contribute to 
ship weather routing and fuel consumption uncertainties, including 
dynamic environmental conditions (e.g., wind, waves, and currents), 
vessel speed, hull fouling, and operational efficiency [2]. These uncer-
tainties make it challenging to ship routing and estimate fuel consump-
tion with high precision, necessitating the consideration of uncertainty 
quantification techniques. Deterministic models often overlook the in-
herent variability in the inputs. Probabilistic approaches allow for the 
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modeling of input uncertainties and provide a more comprehensive 
understanding of how these uncertainties affect the results [3].

Some key sources of uncertainties are provided in Fig.  1. Environ-
mental uncertainties arise from different sources. Wind intensity and 
direction variations affect a ship’s resistance and propulsion needs [4]. 
Wave height, period, and direction impact vessel motion and fuel 
consumption [5]. Changes in ocean currents can help or resist a ves-
sel’s motion, leading to uncertainty in fuel use. Shallow waters or 
strong tidal currents can influence resistance. Operational uncertain-
ties are another source of uncertainties. Some of these factors are 
speed fluctuations due to operational constraints or weather-routing 
decisions, changes in the ship’s weight distribution and total load 
which affect its resistance and fuel consumption, and differences in 
operating procedures and crew behaviors that can lead to variations in 
fuel efficiency [6]. Technical uncertainties such as ship hull condition, 
propulsion system efficiency, and fuel quality are other reasons for 
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Fig. 1. Different sources of ship fuel consumption uncertainties.
the uncertainties. Hull fouling or degradation over time affects hydro-
dynamic efficiency [7]. Uncertainties in engine performance and pro-
peller efficiency contribute to variations in fuel use. Variability in fuel 
composition and quality can influence combustion efficiency. Weather 
forecast uncertainties are another important source of fuel consumption 
uncertainties. Imperfections in weather forecasts introduce uncertainty 
in route planning and fuel estimation.

Enhancing the ship’s operational efficiency — covering route plan-
ning, speed adjustment, and trim optimization — serves as a practical 
approach to reduce operating expenses and greenhouse gas emissions 
without necessitating any physical alterations to the vessels [8]. Vari-
ous advanced algorithms have been developed to optimize the route of 
ships and address the complexities of route planning. Among the avail-
able strategies, the adjustment of the navigation route and the speed 
of the vessel represent an efficient and direct approach to minimizing 
operational costs during the voyages. The challenge of incorporating 
meteorological factors into these navigational decisions is formally rec-
ognized as the weather routing problem. Previous research has explored 
the optimization of ship routes and speeds, focusing on strategies to 
enhance fuel efficiency, reduce greenhouse gas emissions, and minimize 
operational costs. Such studies typically assumed a constant vessel 
speed and discretized the navigational domain into nodes and edges. 
This approach reformulated the route planning challenge as a directed 
graph search problem, which could then be addressed using algorithms 
such as Dijkstra, A∗, dynamic programming, and other evolutionary 
and metaheuristic methodologies.

Traditional weather routing methods typically depend on determin-
istic weather forecasts. These forecasts, while useful, do not take into 
account the intrinsic uncertainties that accompany marine weather sys-
tems. Relying on a single, predicted path can lead to suboptimal routing 
decisions, especially in a dynamic marine environment. Marine weather 
is influenced by a multitude of factors, including wind patterns, ocean 
currents, and temperature variations that can change rapidly. This 
volatility requires a more sophisticated approach to weather routing. 
Recent advancements in numerical weather prediction have enabled 
the development of ensemble forecasts, which provide probabilistic 
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insights by generating multiple realizations of potential future weather 
conditions. Ensemble forecasting offers a powerful means to quan-
tify and incorporate weather uncertainties in ship routing strategies. 
By leveraging these probabilistic datasets, it is possible to develop 
more robust routing solutions that balance multiple objectives, such 
as fuel efficiency, safety, and adherence to schedules, under uncertain 
environmental conditions.

The primary aim of this study is to propose an efficient multi-
objective ship weather routing strategy that incorporates uncertainties 
in weather parameters to minimize fuel consumption, minimize devia-
tion from the expected estimated time of arrival (just-in-time arrival), 
and minimize route roughness (heading changes) for navigational sta-
bility. To this end, ensemble marine weather parameters from multiple 
weather data sources are collected and utilized for the route points 
considered in this study. These include key variables such as wind 
speed and direction, wave height, and ocean temperature. To solve 
the complex multi-objective optimization problem, this research em-
ploys the GWO method [9,10], a meta-heuristic algorithm particularly 
well-suited for handling multiple conflicting objectives. The proposed 
framework in this research simultaneously optimizes both the ship’s 
route and its speed profile, ensuring a balanced trade-off between fuel 
consumption and timely arrival.

The GWO has demonstrated strong performance in solving com-
plex, nonlinear, and constrained optimization problems across diverse 
domains, including coverage and connectivity maximization in wire-
less sensor networks [11], hierarchical multi-step energy systems op-
timization [12], and self-recovery regulation of rotor unbalance vi-
bration systems [13]. These applications highlight the algorithm’s ro-
bust balance between exploration and exploitation, low parameter-
ization, and suitability for high-dimensional decision spaces. Com-
pared to single-agent optimization algorithms such as the memoriz-
able smoothed functional algorithm [14], safe experimentation dy-
namics [15], and norm-limited SPSA [16], multi-agent methods like 
GWO typically incur higher computational cost. However, single-agent 
approaches are often prone to premature convergence and reduced 
robustness in highly nonlinear, multi-modal, and constrained problems. 



K. Mahmoodi et al. Journal of Industrial Information Integration 50 (2026) 101075 
In the context of ship weather routing under uncertain environmental 
conditions, the population-based nature of GWO provides improved 
solution diversity and resilience against local optima, which outweighs 
the moderate increase in computational effort.

The key contributions of this study are the development of an 
ensemble-based multi-objective ship weather routing framework that 
explicitly incorporates weather uncertainty, the simultaneous optimiza-
tion of route geometry and vessel speed under realistic navigational 
constraints, and the integration of stochastic objective aggregation 
within a population-based metaheuristic optimization scheme.

The rest of the paper is organized as follows. In the next section, a 
detailed survey of existing ship routing methods is provided. Section 3 
details the problem formulation, including the proposed framework, the 
definition of feasible navigational areas, route formulation, assignment 
of ensemble weather conditions to route waypoints, constraints, multi-
objective formulations, and the incorporation of ensemble weather data 
into the cost functions. This section also outlines the use of bootstrap-
ping for ensemble generation. Section 4 introduces the datasets used in 
this study, including the onboard ship performance data, details of the 
selected ship voyage case studies, and the marine weather data sources. 
Section 5 describes the neural network model used for predicting ship 
fuel consumption, including the Bayesian hyperparameter optimization 
employed for model tuning. Section 6 provides the implementation of 
the GWO for solving the optimization problem. Section 7 presents the 
results and discusses the findings from the various objective strategies 
applied to different voyages. Finally, Section 8 summarizes the key 
contributions and insights of this work and suggests potential directions 
for future research.

Beyond weather-induced delays, the domain of ship schedule re-
covery encompasses a wide array of operational disruptions, including 
port congestion, equipment failures, and uncertain traffic conditions. 
Recent literature has extensively addressed the Vessel Schedule Re-
covery Problem (VSRP) through various reactive strategies such as 
speed adjustment, port skipping, and port swapping. For instance, 
study [17] focused on the coordination of vessels and ship loaders in 
bulk ports, proposing disruption management strategies to mitigate the 
impact of mechanical failures on cargo handling efficiency. Similarly, 
study [18] applied robust optimization to handle uncertain arrival 
and departure times in port traffic scheduling. The complexity of 
these recovery decisions often necessitates multi-objective frameworks 
that balance operational costs with service reliability; research [19] 
developed an epsilon-constraint-based approach to navigate the trade-
offs between profit loss and late arrivals. Furthermore, contempo-
rary recovery models increasingly integrate environmental sustain-
ability. Study [20] examined recovery plans under emissions trading 
systems, while works [21,22] incorporated voluntary speed reduction 
zones and greenhouse gas limits into their optimization models. Ad-
vanced methodological approaches have also emerged, ranging from 
dynamic event-triggered model predictive control [23] to reinforce-
ment learning-enhanced scheduling [24], demonstrating the industry’s 
shift towards more adaptive and intelligent disruption management 
systems.

2. Literature review

Traditional ship weather routing approaches were largely deter-
ministic and focused on shortest-path or minimum-time solutions un-
der simplified environmental assumptions. Subsequently, modern op-
timization techniques such as dynamic programming, genetic algo-
rithms, and particle swarm optimization have been introduced to im-
prove routing performance. Most of these studies, however, addressed 
single-objective formulations, typically minimizing fuel consumption or 
voyage time independently. More recently, multi-objective ship rout-
ing frameworks have emerged to handle conflicting operational goals, 
though many still rely on deterministic weather inputs and limited 
uncertainty treatment. Paper [25] provided a taxonomy and survey of 
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ship weather routing, which aimed to find the optimal path and sailing 
speed for a voyage considering environmental conditions. A modified 
version of Dijkstra’s algorithm with heuristics, applied recursively to 
find the optimal route was presented in [26] using historical ship 
performance data and current weather conditions. In study [27], an 
improved cell-based method was employed to optimize the route and 
speed of the ship, incorporating the ECA regulations and the weather 
conditions. A mathematical model was developed to address the ship 
routing and bunker management problem using a hybrid algorithm 
that combines particle swarm optimization and variable neighborhood 
search [28].

A weather routing system was developed in study [29] using the 
A-star algorithm, with a modified cost function integrating oceanic 
and atmospheric data, three optimization objectives (shortest distance, 
shortest time, minimal fuel consumption), and an avoidance algorithm 
to exclude unsafe areas from navigation solutions. The paper [30] 
presented a coordinated approach based on dynamic programming to 
optimal voyage planning and multi-objective energy management for 
an all-electric ship with a hybrid energy storage system, in order to 
optimize the vessel route, operation cost, emissions, and energy storage 
degradation. A software called SIMROUTE used the A∗ path finding 
algorithm was introduced in [31] to optimize sailing routes based 
on wave action, utilizing Copernicus Marine Environment Monitoring 
Service (CMEMS) wave prediction data. An improved fractional-order 
particle swarm optimization algorithm was proposed [32] to optimize 
ship weather routing for minimum fuel consumption and maximum 
profit. The Non-Dominated Sorting Genetic Algorithm III (NSGA-III) 
was employed in [33] for multi-objective optimization. Ship opera-
tional parameters, such as heading angle and speed, were directly 
incorporated as optimization variables. Research [34] employed a route 
optimization method that integrated weather conditions and carbon 
emissions, utilizing a convolutional neural network to model maritime 
conditions and an A∗ guiding DDQN (A-DDQN) approach to improve 
navigation efficiency while minimizing randomness.

In general, research conducted on weather ship routing while con-
sidering uncertainty is limited. However, recent research has tackled 
the challenge of uncertainty in ship fuel consumption and other associ-
ated factors. These studies aim to improve the accuracy and reliability 
of predictions. Research [35] discussed advancements in ocean envi-
ronmental data and models, focusing on uncertainties in wind, waves, 
currents, sea levels, and ice. Paper [36] categorized sources of un-
certainty in ship performance monitoring and presented a method to 
quantify these uncertainties. In [37], a probabilistic approach was 
used to quantify how weather conditions’ uncertainties affect a vessel’s 
fuel consumption. A study by the International Maritime Organization 
(IMO) on the uncertainty of different methods for measuring the annual 
consumption of fuel oil of ships is discussed in [38]. Research [39] 
explored the accuracy of fuel consumption predictions for ships using 
a generic energy systems model for a RoRo ship and a tanker. It 
categorized and handled uncertainties across four phases of a ship’s 
life, from design to operation. The research paper [40] used numerical 
probability simulations and grey relational analysis to study the impact 
of various factors and weather conditions on fuel consumption. This 
method showed a 27.5% reduction in fuel oil consumption and a 
significant drop in the Efficiency Operational Indicator (EEOI) index. 
Study [2] explored methods to predict ship fuel consumption uncertain-
ties along specific routes using ensemble weather forecasts. It compared 
a brute-force approach with probabilistic methods, showing reasonable 
agreement for a containership’s North Atlantic passage.

A methodology to quantify the impact of numerical error and perfor-
mance model uncertainty on weather routing predictions is presented 
in [41]. Applied to a Polynesian voyaging canoe, it found that numer-
ical error is significantly smaller than performance model uncertainty 
which highlights the importance of considering both factors in weather 
routing studies. Study [42] highlighted that weather uncertainties and 
ship performance models significantly impact voyage optimizations. It 
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Fig. 2. An example of a discretized network of possible sailing paths for the 
route optimization purpose.

proposed a speed optimization method for voluntary speed reduction, 
which proved more effective than course optimizations for long voyages 
in harsh weather. Study [43] defined probabilistic objectives and con-
straints for route optimization systems, incorporating weather-related 
uncertainties through ensemble forecasts. It used classical reliability 
methods to evaluate the probability of failure and variability in pre-
dicted fuel consumption and arrival times for a major North Atlantic 
route. Study [44] developed two robust optimization models using 
bounded and budget-bounded uncertainty sets to address the liner ship 
routing and scheduling problem under uncertain weather and ocean 
conditions. The research [45] introduced an enhanced evolutionary 
multi-objective weather routing method for ships with incorporating 
uncertainties in weather forecasts. By leveraging the w-MOEA/D algo-
rithm, it optimized routes based on decision maker’s preferences under 
various constraints and uncertainties. Moreover, a comprehensive view 
of uncertainties in maritime ship routing and scheduling is provided 
in [46]. It highlighted critical gaps and offered recommendations for 
researchers, emphasizing the importance of addressing uncertainties in 
travel times, port handling times, demand, and fuel prices to improve 
decision-making in maritime transportation. This paper [47] reviewed 
the path planning algorithms used in autonomous maritime surface 
ships, focusing on the navigation safety perspective and the challenges 
of implementing these algorithms in a complex and dynamic mar-
itime environment. A modified probabilistic roadmap algorithm was 
developed [48] to solve the ship weather routing problem, utilizing 
random sampling across the navigation area, a graph-based roadmap 
with weighted paths reflecting sea region weather conditions, and 
a modified Dijkstra’s algorithm to optimize the route based on fuel 
consumption and travel time. The paper [49] provided an overview of 
ship performance models and ice routing algorithms for Arctic weather 
routing, identifies limitations of existing approaches, and proposes 
a dynamic multi-objective path planning algorithm (D*-NSGA-III) to 
address the challenges of the rapidly changing Arctic environment.

3. Problem formulation

Ship weather routing is a complex optimization problem that in-
volves determining the most suitable navigational path and speed 
profile for a vessel, considering a wide range of dynamic and uncertain 
environmental conditions. The key objective is to find an optimal 
balance among multiple conflicting criteria such as minimizing fuel 
consumption and ensuring arrival within a designated time window. 
Achieving this balance is particularly challenging due to the stochastic 
nature of marine weather conditions, including wind, waves, and ocean 
currents. Fig.  2 illustrates an example of a discretized network of 
possible sailing paths, where each node represents a feasible position 
a ship might occupy during its voyage at a given time interval. The 
interconnected blue nodes represent candidate waypoints, and the gray 
lines show all possible transitions a vessel may take from one waypoint 
to the next.
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The general framework proposed for this study is shown in Fig.  3. 
Moreover, Table  1 provides the nomenclature adopted in this study, 
listing all key variables and parameters used in the proposed opti-
mization framework. The proposed framework integrates ship opera-
tional data, ensemble weather forecasts, and optimization techniques 
to develop a robust methodology for multi-objective ship weather 
routing under uncertainty. The process begins with collecting onboard 
voyage performance data, including timestamps, positions (latitude 
and longitude), ship speed, and fuel consumption, as well as rele-
vant meteorological and oceanographic parameters of a case study 
ship during a voyage. This onboard dataset is integrated with exter-
nal, high-resolution datasets such as ECMWF or MFWAM. A machine 
learning-based predictive model for ship fuel consumption is developed 
using a multilayer perceptron (MLP) architecture, whose structure 
and hyperparameters are tuned using Bayesian optimization. The MLP 
receives selected ship and environmental parameters as inputs and 
predicts fuel consumption as output. This model is then used to estimate 
the fuel usage for candidate voyage routes under varying weather 
conditions.

The geographical domain between the departure and destination 
ports is discretized into a grid-based network of feasible cells. Obstacle 
regions such as islands, land, or shallow water zones (identified using 
GEBCO bathymetry) are excluded from the feasible set. Each candidate 
route is then discretized into a sequence of segments characterized by 
decision variables: the heading angle between successive nodes, the 
ship speed for each segment, and the time duration for each segment. 
For each segment of a candidate route, ensemble-based weather pa-
rameters (from multiple forecast members) are extracted. Weather data 
are assigned by averaging the values from nearby recognition points 
surrounding each segment’s center. The ensemble provides multiple re-
alizations of weather conditions, which enables a stochastic evaluation 
of the route’s performance under uncertainty.

The route optimization is formulated as a multi-objective, con-
strained optimization problem. A set of safety, navigational, and
performance-based constraints is enforced, including maximum head-
ing change, speed limits, obstacle avoidance, bathymetric depth, and 
maximum tolerable wave and wind conditions. The objectives include 
minimizing total fuel consumption, achieving just-in-time arrival, and 
improving route smoothness. Each candidate route is evaluated against 
all ensemble members, and objectives are aggregated using a stochastic 
optimization strategy that minimizes the expected objectives across 
scenarios. The outcome is a robust, ensemble-aware optimal route and 
speed profile tailored to varying weather conditions and operational 
constraints.

In the context of ship weather routing, relying on a single-objective 
optimization model can result in suboptimal operational decisions, par-
ticularly when complex environmental uncertainties are involved. For 
example, minimizing only sailing time may guide the vessel through 
regions with high wave activity or strong adverse winds, which could 
lead to increased fuel consumption and emissions due to greater re-
sistance and power demands. Conversely, optimizing solely for fuel 
efficiency might favor longer routes that bypass challenging weather 
zones, which can extend voyage duration and conflict with just-in-
time arrival requirements. These trade-offs highlight the limitations 
of single-objective approaches and underscore the need for a multi-
objective framework that balances operational costs, emissions, and 
schedule adherence while incorporating weather variability through 
ensemble forecasts.

3.1. Define feasible navigational area

In order to define the admissible search space for ship routing, 
the maritime domain between the departure and destination ports is 
discretized into a two-dimensional grid consisting of uniformly spaced 
cells (Fig.  4), each corresponding to a specific geographical location 
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Fig. 3. The proposed framework for this study.
characterized by its latitude and longitude. This grid-based representa-
tion provides a structured environment in which the connectivity and 
feasibility of candidate paths can be efficiently evaluated.

Rather than relying on water depth as a limiting factor, the feasi-
bility of each grid cell is determined based on the presence of static 
geographical obstacles such as islands, landmasses, and restricted nav-
igation zones. These obstacles are identified using geospatial data and 
are geometrically represented as closed polygons within the routing 
domain. A binary navigability mask is applied across the grid, where 
each cell is assigned a value based on whether it lies inside or outside 
the defined obstacle regions: 

Feasibility(𝑥, 𝑦) =
{

0, if (𝑥, 𝑦) ∉ Obstacle Region (navigable)
1, if (𝑥, 𝑦) ∈ Obstacle Region (non-navigable)

(1)

This binary feasibility map effectively partitions the domain into 
navigable and non-navigable regions. Cells intersecting any portion 
of the obstacle polygons are marked as infeasible (1), while all re-
maining cells are considered viable for routing (0). In this study, a 
computational approach is developed to recognize navigational and 
non-navigational areas automatically without direct user involvement, 
leveraging geospatial data and MATLAB’s Mapping Toolbox. Natu-
ral Earth coastline data, accessible through the Mapping Toolbox, is 
employed to distinguish land and water features. Each grid point is 
classified as navigational or non-navigational using a point-in-polygon 
algorithm. Fig.  5 shows the output of the considered approach for the 
entire world. In this figure, navigational and non-navigational areas are 
shown with blue and red colors, respectively.
5 
Fig. 4. An example of discretizing the navigational area to feasible and 
infeasible cell grids.

3.2. Route definition

In this study, the considered ship route is defined as a sequence of 
spatially discretized waypoints connecting the departure and destina-
tion ports. The geographical area is first divided into a grid of feasible 
cells, in which the vessel is allowed to navigate only through cells that 
satisfy obstacle avoidance. The routing domain is discretized such that 
each feasible path corresponds to a sequence of segments indexed by 
𝑘 = 1, 2,… , 𝐾, where 𝐾 is the number of segments in the route.

Fig.  6 shows the method for generating route waypoints. Each 
waypoint is denoted by its geographical coordinates 𝐏 = [𝜑 , 𝜆 ], 
𝑘 𝑘 𝑘
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Table 1
Nomenclature of the main variables and parameters used in the proposed 
optimization framework.
 Symbol Description  
 𝐾 Total number of route segments (waypoints)  
 𝑘 Index for route segment, 𝑘 = 1,… , 𝐾  
 𝑀 Number of ensemble weather forecast members  
 𝑚 Index for ensemble member, 𝑚 = 1,… ,𝑀  
 𝑁 Number of search agents (wolves) in GWO  
 𝑖 Index for search agent, 𝑖 = 1,… , 𝑁  
 𝑡 Current iteration number  
 (𝑥𝑘 , 𝑦𝑘) Latitude and longitude of route waypoint at segment 𝑘  
 𝐏𝑘 Position vector of the ship at route segment 𝑘  
 𝜃𝑘 Ship heading angle at segment 𝑘 (measured clockwise from 

true north)
 

 𝑣𝑘 Ship speed at segment 𝑘  
 𝛥𝑡𝑘 Travel time of route segment 𝑘  
 𝑇ETA Estimated time of arrival  
 𝑇target Target arrival time  
 𝛥𝜃max Maximum allowable heading angle change between segments 
 𝑣min , 𝑣max Minimum and maximum allowable ship speeds  
 𝑑(𝑥, 𝑦) Water depth at location (𝑥, 𝑦)  
 𝑑min Minimum allowable water depth (draft plus safety margin)  
 𝐻𝑠(𝑥, 𝑦, 𝑡) Significant wave height at location (𝑥, 𝑦) and time 𝑡  
 𝑊𝑠(𝑥, 𝑦, 𝑡) Wind speed at location (𝑥, 𝑦) and time 𝑡  
 𝐻𝑠,max Maximum allowable significant wave height  
 𝑊𝑠,max Maximum allowable wind speed  
 Feasibility(𝑥, 𝑦) Binary navigability indicator of grid cell (𝑥, 𝑦)  
 𝑀 Number of ensemble members  
 𝐽 (𝑚) Objective function value for ensemble member 𝑚  
 E[𝐽 ] Expected objective value over ensemble members  
 𝐽fuel Fuel consumption objective  
 𝐽time Just-in-time arrival objective  
 𝐽smooth Route smoothness objective  
 𝑤1 , 𝑤2 , 𝑤3 Weights of fuel, time, and smoothness objectives  
 𝑁 Number of search agents (wolves) in GWO  
 𝛼, 𝛽, 𝛿 Best three solutions in the Grey Wolf Optimizer  
 𝐴,𝐶 GWO control coefficient vectors  
 𝑎 Linearly decreasing parameter controlling 

exploration–exploitation
 

Fig. 5. Discretizing the world areas to feasible and infeasible cell grids with 
an automatically implemented approach.

where 𝜑𝑘 and 𝜆𝑘 denote the latitude and longitude at the 𝑘th segment, 
respectively. The vessel’s motion from one waypoint to the next is 
governed by the heading angle 𝜃𝑘 and speed 𝑣𝑘, which are considered 
as decision variables in the optimization problem. 𝜃𝑘 is converted 
to radians internally for trigonometric operations. The speed 𝑣𝑘 is 
expressed in knots, and multiplied by a degree-per-knot-hour scaling 
factor (≈0.01667) to convert distance traveled into angular displace-
ment in latitude and longitude. The time interval required to travel 
between waypoints 𝑘 and 𝑘 + 1 is defined as 𝛥𝑡𝑘, which is calculated 
based on the traveled distance and the ship speed. The heading angle 
and speed remain consistent between two waypoints, with a constant 
sailing time interval between adjacent waypoints.

Assuming the heading angle 𝜃𝑘 is measured clockwise from true 
north (in line with maritime convention), the vessel’s position at the 
6 
Fig. 6. Considered approach for generating route waypoints in the optimiza-
tion process.

next waypoint can be computed using the following kinematic equa-
tions:

𝑥𝑘+1 = 𝑥𝑘 + 𝑣𝑘 ⋅ 𝛥𝑡𝑘 ⋅ sin(𝜃𝑘), (2)

𝑦𝑘+1 = 𝑦𝑘 + 𝑣𝑘 ⋅ 𝛥𝑡𝑘 ⋅ cos(𝜃𝑘). (3)

or, in vector form: 

𝐏𝑘+1 = 𝐏𝑘 + 𝑣𝑘 ⋅ 𝛥𝑡𝑘 ⋅
[

sin(𝜃𝑘)
cos(𝜃𝑘)

]

, for(𝑘 = 1, 2,… , 𝐾) (4)

Overall, the route is represented as a sequence of (𝜃𝑘, 𝑣𝑘, 𝛥𝑡𝑘) triplets, 
and the optimization algorithm seeks to determine the optimal set of 
these variables. To ensure navigational feasibility and realism:

• Heading angle changes between successive segments are limited 
to 𝛥𝜃max = 30◦ (except for encountering obstacles) to account for 
ship maneuvering constraints.

• Ship speed is bounded within a practical operational range 𝑣𝑘 ∈
[5, 20] knots.

• Both the initial and final segments are treated as standard seg-
ments with constrained speed, but are not explicitly modeled with 
acceleration or deceleration phases. This simplification is justified 
given the hourly time-step resolution.

To guide the route toward the destination while respecting ma-
neuvering limits, the target heading angle 𝜃𝑘 is initialized using the 
great-circle bearing between the current position and the destination 
port. This bearing is computed using the following formula:
𝜃𝑘 = atan2

(

sin(𝛥𝜆) cos(𝜑dest), cos(𝜑𝑘) sin(𝜑dest)

− sin(𝜑𝑘) cos(𝜑dest) cos(𝛥𝜆)
)

(5)

where 𝛥𝜆 = 𝜆dest − 𝜆𝑘, and 𝜑dest, 𝜆dest represent the latitude and 
longitude of the destination. This target heading is then adjusted within 
a specified maneuvering range to introduce variability and ensure 
feasible trajectory generation.

Finally, the proposed framework checks whether each segment 
passes through any forbidden zone (obstacles) by sampling multiple 
points along the segment and verifying their location against a pre-
defined navigability grid. If any sampled point lies inside an obstacle, 
the segment is discarded and re-sampled to guarantee full obstacle 
avoidance during route generation.

3.3. Ensemble weather assignments to the route waypoints

Weather and sea state parameters, which are spatio-temporally 
varying and uncertain, are assigned to each route segment using the 
average of surrounding recognition points from ensemble forecasts. The 
concept of this approach is shown in Fig.  7. In this figure, the route 
segment is defined by two endpoints, along which several weather grid 
nodes (spatial grid, e.g., ERA5 or ECMWF data) with random values are 
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Fig. 7. Considered approach for assigning ensemble weather parameters to 
the route segments.

dispersed. Recognition points are located along the route segment (in 
this figure, 5 triangular points). Each recognition point gets assigned 
the nearest weather node value. Then, the average weather value will 
be calculated based on the overall average of the weather values of 
the recognition point. Therefore, the weather value of the considered 
segment in Fig.  7 is the average of values 9.2, 4.7, 1.4, 6, and 6.5, which 
is 5.56. This process will be repeated for each ensemble member of the 
considered weather parameter.

3.4. Constraints

The ship routing optimization problem is subject to a variety of 
physical and operational constraints to ensure feasible, safe, and effi-
cient voyages. These constraints are grouped into four major categories: 
Safety, Navigational, Performance, and Maneuverability constraints, 
each defined based on operational requirements and environmental 
conditions along the candidate routes.

Safety constraints are imposed to prevent the vessel from navigating 
through hazardous sea states. Specifically, thresholds are set on the 
significant wave height and wind speed to reflect operational safety 
limits of the ship:
𝐻𝑠(𝑥, 𝑦, 𝑡) ≤ 𝐻𝑠,max (6)

𝑊𝑠(𝑥, 𝑦, 𝑡) ≤ 𝑊𝑠,max (7)

where 𝐻𝑠(𝑥, 𝑦, 𝑡) is the significant wave height and 𝑊𝑠(𝑥, 𝑦, 𝑡) is the 
wind speed at grid cell (𝑥, 𝑦) and time 𝑡. 𝐻𝑠,max and 𝑊𝑠,max repre-
sent ship-specific upper limits beyond which navigation is considered 
unsafe.

Navigational constraints enforce that the ship only traverses ac-
cessible and legal water regions. These constraints are implemented 
through: Obstacle avoidance and Water depth restriction. Obstacle 
avoidance, ensuring that no route segment intersects any predefined 
static obstacle (e.g., islands or restricted zones). Each cell (𝑥, 𝑦) has an 
associated binary feasibility value as mentioned in Eq. (1). All candi-
date routes must only include cells for which 𝜒(𝑥, 𝑦) = 1. The water 
depth restriction can be included to ensure that navigation occurs only 
in cells with sufficient bathymetric clearance. This can be formulated 
as: 
𝑑(𝑥, 𝑦) ≥ 𝑑min (8)

where 𝑑(𝑥, 𝑦) is the water depth and 𝑑min is the vessel’s draft plus safety 
margin.

Performance constraints limit the vessel’s operating envelope, par-
ticularly with respect to its speed: 
𝑣𝑘 ≤ 𝑣max, ∀𝑘 (9)

where 𝑣𝑘 is the vessel speed at route segment 𝑘 and 𝑣max is the 
maximum allowable speed due to engine limits, sea state, or efficiency 
considerations.
7 
Maneuverability constraints are defined to restrict rapid or infea-
sible changes in the ship’s heading direction. The change in heading 
angle between consecutive route segments is limited by: 
|𝜃𝑘+1 − 𝜃𝑘| ≤ 𝛥𝜃max, ∀𝑘 (10)

where 𝜃𝑘 is the heading angle at segment 𝑘 and 𝛥𝜃max is the ship’s max-
imum allowable turn angle, ensuring smooth and physically realizable 
trajectories.

To ensure that the vessel arrives at the destination port within a 
required time window, an arrival time constraint is incorporated into 
the optimization framework. The estimated time of arrival, denoted 
as 𝑇ETA, is computed as the cumulative sum of the travel times over 
all route segments. Given a predefined target arrival time 𝑇target, the 
constraint is expressed as: 
𝑇ETA ≤ 𝑇target (11)

These constraints collectively define the feasible solution space 
within which the optimization algorithm searches for optimal ship 
routes. Each constraint reflects either environmental limitations, ship 
design capabilities, or safety standards, and is dynamically evaluated 
along potential routes using spatio-temporal environmental datasets.

3.5. Objectives

The ship weather routing problem is formulated as a multi-objective 
optimization problem. The objective is to determine the optimal set of 
decision variables, namely the vessel’s heading angles and speeds at 
each segment of the route, such that a combination of operational and 
environmental goals is achieved.

Decision Variables:

• 𝜃𝑘: Heading angle at the 𝑘th segment.
• 𝑣𝑘: Vessel speed at the 𝑘th segment.

These variables are optimized over the full route with the aim to 
minimize a weighted combination of three primary objectives:

1. Fuel Consumption (𝐽fuel)
2. Just-in-Time Arrival (𝐽time)
3. Route Smoothness (𝐽smooth)

The overall objective function is formulated as a weighted sum: 
min
𝜃𝑘 ,𝑣𝑘

𝐽 = 𝑤1𝐽fuel +𝑤2𝐽time +𝑤3𝐽smooth (12)

where 𝑤1, 𝑤2, and 𝑤3 are user-defined non-negative weights satisfying 
𝑤1 +𝑤2 +𝑤3 = 1.

The total fuel consumption along the route depends on weather 
conditions and ship speed. A machine learning-based model 𝐹 (𝑣𝑘, 𝑒𝑘)
is used, where 𝑒𝑘 denotes environmental inputs (e.g., wind, waves): 

𝐽fuel =
𝑁
∑

𝑘=1
𝐹 (𝑣𝑘, 𝑒𝑘) ⋅ 𝛥𝑡𝑘 (13)

where 𝛥𝑡𝑘 = 𝑑𝑘
𝑣𝑘

 is the travel time for segment 𝑘, and 𝑑𝑘 is the length of 
the segment.

To promote arrival at a target time 𝑇target, the actual estimated time 
of arrival 𝑇ETA is calculated as: 

𝑇ETA =
𝑁
∑

𝑘=1
𝛥𝑡𝑘 =

𝑁
∑

𝑘=1

𝑑𝑘
𝑣𝑘

(14)

The just-in-time arrival penalty is defined as: 
𝐽time =

|

|

|

𝑇target − 𝑇ETA
|

|

|

(15)

To avoid zig-zagging routes and ensure maneuverability, the change 
in heading angle between consecutive segments is penalized: 

𝐽smooth =
𝑁−1
∑

(𝜃𝑘+1 − 𝜃𝑘)2 (16)

𝑘=1
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Squaring in the smoothness objective gives more weight to larger 
changes in heading angles. This is useful because abrupt course changes 
are more undesirable (in terms of safety, fuel, and comfort) than mild 
deviations. This promotes smoother, more navigable paths, reducing 
steering effort and improving fuel efficiency.

Together, these objectives form a flexible framework capable of 
addressing the core requirements in ship route planning. By tuning the 
weights (𝑤1, 𝑤2, 𝑤3), different operational priorities (e.g., economy vs. 
punctuality vs. maneuverability) can be reflected in the optimization 
process.

In this study, a weighted sum aggregation method is adopted instead 
of a Pareto-based multi-objective approach (e.g., MOGWO). This choice 
is motivated by the operational need for a single, actionable route 
recommendation based on pre-defined preferences (e.g., fuel prices and 
charter schedules), rather than requiring the operator to select from a 
set of trade-off solutions in real-time. Furthermore, given the high com-
putational cost of evaluating stochastic objective functions (e.g., CVaR) 
across large ensemble datasets, the weighted sum method offers a com-
putationally efficient solution that ensures faster convergence while 
effectively reflecting the decision-maker’s priorities.

3.6. Incorporate ensemble members into cost function

To account for weather uncertainties, the performance of each can-
didate route is evaluated over all ensemble weather members, and the 
aggregated objective value is computed as the expected cost across en-
semble realizations. Instead of relying on a single deterministic weather 
forecast, ensemble data from multiple weather model realizations are 
used to represent possible environmental scenarios. For each candidate 
route, the objective function is evaluated under all ensemble members, 
and the aggregated objective is computed as the expected value of these 
evaluations.

Let 𝐽 (𝑚) denote the cost of a route under ensemble member 𝑚, 
where 𝑚 = 1, 2,… ,𝑀 . Different strategies are adopted to incorporate 
ensemble information into the overall cost function:

3.6.1. Mean approach
The most common strategy is to minimize the expected value of the 

cost across all ensemble members: 

E[𝐽 ] = 1
𝑀

𝑀
∑

𝑚=1
𝐽 (𝑚) (17)

This approach aims to achieve good average performance across the 
range of possible realizations.

3.6.2. Worst-case approach
To ensure robustness against the most adverse weather conditions, 

the cost can be defined based on the maximum cost among all ensemble 
members: 
𝐽worst = max

𝑚=1,…,𝑀
𝐽 (𝑚) (18)

This conservative strategy minimizes the impact of the worst-case 
scenario.

3.6.3. Risk-aware (mean–variance) approach
A risk-averse objective can be formulated by penalizing variabil-

ity among ensemble members. A common formulation combines the 
expected cost and its standard deviation: 
𝐽risk = E[𝐽 ] + 𝜆 std(𝐽 ) (19)

where 𝜆 is a risk-aversion weighting parameter controlling the balance 
between mean performance and variability. It controls the trade-off 
between minimizing the expected cost and reducing the variability 
(uncertainty) associated with the outcome. A higher value of 𝜆 places 
greater emphasis on reducing the standard deviation of the cost across 
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ensemble members, thereby promoting more conservative and robust 
solutions. Conversely, a lower 𝜆 prioritizes optimizing the mean perfor-
mance while accepting higher variability. The choice of 𝜆 reflects the 
decision-maker’s tolerance for risk and uncertainty in route planning 
under stochastic environmental conditions.

3.6.4. Conditional value-at-risk approach
Another risk-focused method is the CVaR, which aims to minimize 

the expected cost among the worst 𝛼% scenarios: 
CVaR𝛼(𝐽 ) = E

[

𝐽 ∣ 𝐽 ≥ VaR𝛼(𝐽 )
]

(20)

where VaR𝛼(𝐽 ) denotes the Value-at-Risk at a given confidence level 
𝛼. This approach concentrates on controlling the tail risk. CVaR𝛼(𝐽 )
captures the average cost among the worst (1 − 𝛼)100% of cases. The 
selection of the confidence level 𝛼 (typically between 90% and 99%) 
reflects the level of risk tolerance. A higher 𝛼 (e.g., 0.99) focuses on 
even rarer but more catastrophic events, leading to highly conservative 
but safer solutions.

In the context of ship route optimization under ensemble-based 
weather uncertainty, applying CVaR allows the optimizer to generate 
solutions that are not only good on average but also resilient against the 
worst realizations of environmental conditions. Particularly for critical 
maritime operations, where extreme weather events can significantly 
impact fuel consumption, travel time, and safety, incorporating CVaR 
into the cost function leads to more robust and practical route planning.

3.6.5. Bootstrapping method for ensemble generation
In ensemble-based ship weather routing, data from multiple sources 

are integrated to generate optimal voyage predictions. However, due 
to inconsistencies in data availability, some variables may have fewer 
ensemble members than others. This imbalance can lead to errors in 
calculating the objective function, as uniform ensemble sizes across all 
variables are required for accurate probabilistic modeling.

To ensure statistical consistency and fair evaluation across ensemble 
members, this study adopts a bootstrapping strategy to generate a 
uniform ensemble set. Rather than discarding ensemble members or 
performing arbitrary interpolation, the bootstrapping approach resam-
ples available data using sampling with replacement. This process is 
repeated across all relevant variables and route segments, resulting 
in a complete and coherent ensemble member. Fig.  8 illustrates the 
concepts of the Bootstrapping method used for ensemble generation in 
this study. It illustrates how different weather variables, initially having 
inconsistent ensemble members, are balanced by generating multiple 
ensemble sets. In this figure, for instance, three variable groups (AT, 
RWS, and SHWW) with initially different numbers of ensemble mem-
bers are given. Multiple ensemble sets (m1,m2,m3,… ,m𝑚) are created 
using Bootstrapping. Each ensemble set consists of one representative 
from each variable group.

The key advantage of this strategy is that it maintains the statistical 
variability inherent in the original data, avoids introducing bias from 
interpolated or assumed values, and allows the construction of a con-
sistent ensemble of size 𝑀 , even if the original datasets had unequal or 
sparse member distributions.

4. Collected datasets

4.1. Onboard ship performance dataset

The case study Cruise ship (Fig.  9), built in 2017, has a gross 
tonnage of 99,000 and a maximum speed of 21.7 knots. It is equipped 
with a total installed power of 48,000 kW. The ship measures 295.3 m 
in length overall, with a beam of 42.3 m and a draught of 8.2 m. It has 
a summer deadweight of 7900 tons.

A case study voyage (Fig.  10), including onboard weather and ship 
performance dataset, is selected for generating the considered ship 
fuel consumption predictive model. The voyage, taking place from 
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Fig. 8. The concepts of the bootstrapping method used for ensemble genera-
tion.

Fig. 9. Considered case study ship.

Fig. 10. Case study voyage for generating the ship fuel consumption predictive 
model based on onboard weather and ship performance data along the Atlantic 
Ocean [red line].

April 6 to April 13, 2018, crosses the Atlantic Ocean. For training 
the predictive model, 8961 points along this route are selected, with 
data sampled at one-minute intervals. The onboard data encompasses 
various collected variables related to the voyage, ship, and weather 
parameters. Route parameters include timestamps and positions (lat-
itude and longitude) of voyage segments. Additional collected thirteen 
parameters are Ambient Temperature (AT), Ambient Humidity (AH), 
Sea Surface Temperature (SST), Relative Wind Speed (RWS), Relative 
Wind Direction (RWD), Significant Wave Height of Total Swell (SHTS), 
Mean Period of Total Swell (MPTS), Relative Swell Wave Direction 
(MDTS), Significant Height of Wind Waves (SHWW), Mean Period of 
Wind Waves (MPWW), Mean Direction of Wind waves (MDWW), Ship 
Speed (Speed Through Water) (STW), and Total Motors’ Fuel Consump-
tion (MFC). The visual representation of the considered variables is 
illustrated in Fig.  11.

4.2. Ship voyage case studies

Four hypothetical ship voyages obtained from [50] are considered 
to compare the effectiveness of the proposed optimization framework. 
The details of these voyages are presented in Table  2
9 
4.3. Marine weather data

The marine and weather data for the route points are sourced from 
various providers, as detailed in Tables  3 and 4. Data are interpolated 
to hourly values based on the specific model used. For instance, Fig. 
12 shows the combined significant height of wind and swell waves and 
wind speed of the voyages at the departure time obtained from the 
ERA5 dataset. Moreover, as an example, Fig.  13 shows the collected 
ensemble wind speed and significant height of wind waves for desired 
routes of the studied voyages. 200 points are randomly selected from 
each route. Moreover, the geographical maps of the selected routes are 
presented in Fig.  14. In this figure, the solid line indicates the mean of 
the ensemble members, while the shaded area surrounding it illustrates 
their range.

The bathymetry data are obtained from the GEBCO gridded
bathymetry dataset [51]. This dataset offers comprehensive global 
coverage, with a spatial resolution of 15 arc-seconds which provides 
detailed representations of both ocean floors and terrestrial terrains.

5. Neural network model with Bayesian hyperparameter opti-
mization

In this study, a feed-forward MLP neural network with Bayesian 
hyperparameter optimization [54–56] is applied to capture the nonlin-
ear relationships between various ship and weather parameters and the 
resulting ship fuel consumption output. The MLP model consists of an 
input layer corresponding to ship operational and weather parameters 
(see Section 4.1). Hidden layers are structured to optimize the trade-off 
between model complexity and computational efficiency [57], with the 
number of layers and neurons determined through the Bayesian opti-
mization process. The output layer predicts the ship’s fuel consumption 
for a given operational condition.

A schematic diagram of a three-layer MLP neural network is pre-
sented in Fig.  15. The structure of the MLP network consists of an 
input layer, hidden layer(s), and an output layer. These inputs are 
passed to the hidden layers. The hidden layers consist of neurons 
that perform weighted linear combinations of the inputs followed by 
activation functions to introduce nonlinearity [58,59]. The final output 
layer, consisting of a single or multiple neurons with a linear activation 
function, predicts the outputs. Training is conducted using backpropa-
gation with LBFGS [60] optimizer to minimize the loss function Mean 
Squared Error (MSE).

Bayesian optimization is used to fine-tune the hyperparameters of 
the neural network, including the number of hidden layers, neurons 
per layer, activation functions, iteration limit, regularization strength 
(Lambda), and standardized data (yes or no). It utilizes a Gaussian 
process [61] as a surrogate model to explore the hyperparameter space 
efficiently. This method explores various combinations of hyperparam-
eter values through an optimization scheme aimed at minimizing the 
model’s MSE, ultimately yielding a model with optimized hyperpa-
rameters. Hyperparameter optimization offers considerable benefits by 
systematically improving model performance and efficiency. By fine-
tuning network structure parameters, the optimization process ensures 
that the network is neither under- nor over-parameterized which re-
sults a balance between complexity and generalization. Techniques 
like Bayesian optimization efficiently explore the hyperparameter space 
which reduces trial-and-error efforts and computational costs. The crit-
ical components in the minimization process of Bayesian optimization 
algorithm include [62]: a Gaussian process model of 𝑓 (𝑥), a Bayesian 
update procedure for refining the Gaussian process model with each 
new evaluation of 𝑓 (𝑥), and an acquisition function 𝑎(𝑥), derived from 
the Gaussian process model of 𝑓 , which is maximized to determine the 
subsequent evaluation point 𝑥.

6. Grey wolf optimizer

The GWO [9,10] is a nature-inspired metaheuristic algorithm that 
simulates the social hierarchy and hunting behavior of grey wolves 



K. Mahmoodi et al. Journal of Industrial Information Integration 50 (2026) 101075 
Fig. 11. Visual representation of the considered onboard weather and ship variables for generating the ship fuel consumption predictive model.
Table 2
Details of the case study ship voyages for performance evaluation of the proposed optimization framework.
 Voyages Start position End position Approximate 

distance
Depart from the 
port

Arrive at the 
port

Start date/time End date/time  

 Voyage 1 N 39.632◦–E 
19.904◦

N 45.646◦–E 
13.723◦

1000 km Corfu Island, 
Greece

Trieste, Italy 01 Oct 2023, 
07:00

02 Oct 2023, 
15:00

 

 Voyage 2 N 35.359◦–E 
25.161◦

N 28.131◦–W 
15.380◦

4000 km Heraklion, Crete, 
Greece

Las Palmas de 
Gran Canaria

03 Nov 2023, 
22:00

9 Nov 2023, 
13:30

 

 Voyage 3 N 28.194◦–W 
15.399◦

S 33.878◦–E 
18.414◦

8300 km Las Palmas de 
Gran Canaria

Cape Town, 
South Africa

12 March 2024, 
22:30

27 March 2024, 
14:30

 

 Voyage 4 N 1.244◦–E 
103.871◦

N 23.651◦–E 
58.581◦

6000 km Singapore Muscat, Oman 08 May 2024, 
14:00

19 May 2024, 
19:30

 

Table 3
Sources of considered marine data variables [52,53].
 Dataset Region Spatial resolution Temporal resolution Update frequency  
 MeteoFrance MFWAM Global 0.08◦ (8 km) 3-Hourly Every 12 h  
 ECMWF WAM Global 0.25◦ (25 km) 3-Hourly Every 6 h  
 NCEP GFS Wave Global 0.25◦ (25 km) Hourly Every 6 h  
 DWD GWAM Europe 0.05◦ (5 km) Hourly Every 12 h  
 DWD EWAM Global 0.25◦ (25 km) Hourly Every 12 h  
 ERA5-Ocean Global 0.5◦ (50 km) Hourly Every 24 h with 5 days delay 
Table 4
Considered weather models and their features [52,53].
 Weather model National weather provider Resolution Forecast length Update frequency 
 ICON Deutscher Wetterdienst (DWD) 2–11 km 7.5 days Every 3 h  
 GFS & HRRR NOAA 3–25 km 16 days Every hour  
 ARPEGE & AROME Météo-France 1–25 km 4 days Every hour  
 IFS & AIFS ECMWF 25 km 7 days Every 6 h  
 MSM & GSM JMA 5–55 km 11 days Every 3 h  
 MET Nordic MET Norway 1 km 2.5 days Every hour  
 HARMONIE KNMI 2 km 2.5 days Every hour  
 HARMONIE DMI 2 km 2.5 days Every 3 h  
 GEM Canadian Weather Service 2.5 km 10 days Every 6 h  
 GFS GRAPES China Meteorological Administration (CMA) 15 km 10 days Every 6 h  
 ACCESS-G Australian Bureau of Meteorology (BOM) 15 km 10 days Every 6 h  
(Canis lupus) in nature. The algorithm has been successfully applied 
to a wide range of optimization problems [63–66] due to its simplicity, 
10 
ease of implementation, and effective balance between exploration and 
exploitation [67]. Compared to other swarm intelligence algorithms 
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Fig. 12. Combined significant height of wind and swell waves and wind speed of the considered voyages at the departure time obtained from the ERA5 dataset.
like particle swarm optimization, GWO demonstrates better perfor-
mance in handling noisy data and is less sensitive to search space 
variations [68].

GWO is particularly suitable for the ship routing problem due 
to its ability to handle nonlinear, high-dimensional, and non-convex 
search spaces with multiple conflicting objectives. Additionally, it re-
quires fewer parameter tuning efforts compared to other swarm-based 
algorithms.

In the GWO algorithm, the population of candidate solutions is mod-
eled as a pack of wolves. The best solution found so far is considered the 
alpha (𝛼), followed by the second-best (beta, 𝛽), and third-best (delta, 
𝛿) solutions. The rest of the population is denoted as omega (𝜔) wolves. 
11 
𝛼 are the most dominant wolves responsible for decision-making. 𝛽
wolves are the second in command, assisting the 𝛼 in decision-making. 
Subordinate wolves are 𝛿 that support 𝛼 and 𝛽 in leadership. 𝜔 are the 
lowest-ranking wolves, following the pack’s orders. This hierarchical 
structure is mathematically represented in the optimization algorithm 
that provides a balance between exploration and exploitation.

The optimization process follows three main stages inspired by grey 
wolf hunting: tracking, encircling, and attack towards the prey. During 
each iteration, all wolves update their positions in the search space by 
following the guidance of the 𝛼, 𝛽, and 𝛿 wolves using mathematically 
modeled encircling and hunting mechanisms. The interaction between 
wolves and their prey determines the movement of wolves in the 
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Fig. 13. The collected ensemble wind speed and significant height of wind waves for desired paths of the studied voyages.
𝑟

optimization process. The distance between a wolf and the prey is given 
by [9]: 
𝐷⃗ = |

|

|

𝐶 ⋅ 𝑋⃗𝑝(𝑡) − 𝑋⃗(𝑡)||
|

(21)

where 𝑡 indicates the current iteration, 𝑋⃗𝑝(𝑡) represents the prey’s posi-
tion, and 𝑋⃗(𝑡) denotes the position of a grey wolf in the population. The 
coefficient vector 𝐶 introduces randomness to simulate unpredictable 
hunting behavior. The position of a wolf in the next iteration is updated 
as: 
𝑋⃗(𝑡 + 1) = 𝑋⃗𝑝(𝑡) − 𝐴 ⋅ 𝐷⃗ (22)

here, 𝐴 modulates the step size and direction of movement toward the 
prey, contributing to the balance between exploration and exploitation. 
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The vectors 𝐴 and 𝐶 are defined as: 
𝐴 = 2𝑎 ⋅ 𝑟1 − 𝑎 (23)

𝐶 = 2 ⋅ 𝑟2 (24)

where 𝑎 decreases linearly over iterations from 2 to 0 to regulate the 
transition from exploration to exploitation. The random vectors ⃗𝑟1 and 
⃗2 are in the range [0,1], which ensures a diverse search pattern.

The position update for each wolf is based on the following equa-
tions:

𝐷⃗𝛼 = |𝐶1 ⋅ 𝑋⃗𝛼 − 𝑋⃗|, (25)

𝐷⃗ = |𝐶 ⋅ 𝑋⃗ − 𝑋⃗|, (26)
𝛽 2 𝛽
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Fig. 14. Geographical maps of the selected paths of the considered voyages to show weather uncertainties.
Fig. 15. A schematic diagram of a three-layer MLP neural network.

𝐷⃗𝛿 = |𝐶3 ⋅ 𝑋⃗𝛿 − 𝑋⃗|, (27)

𝑋⃗1 = 𝑋⃗𝛼 − 𝐴1 ⋅ 𝐷⃗𝛼 , (28)

𝑋⃗2 = 𝑋⃗𝛽 − 𝐴2 ⋅ 𝐷⃗𝛽 , (29)

𝑋⃗3 = 𝑋⃗𝛿 − 𝐴3 ⋅ 𝐷⃗𝛿 , (30)

where 𝑋⃗𝛼 , 𝑋⃗𝛽 , and 𝑋⃗𝛿 are the position vectors of the top three wolves, 
and 𝐴𝑖, 𝐶𝑖 are coefficient vectors controlling exploration and exploita-
tion behavior, which change dynamically over iterations. As an exam-
ple, Fig.  16 shows the mechanism of updating the positions of search 
agents on a 2D plane. This figure includes a circular search space, a 
prey at the center, multiple wolf agents positioned around the circle, a 
wolf to show converging (|𝐴| < 1), and diverging (|𝐴| > 1). Finally, the 
new position of the wolf is obtained as the average of these influence 
points: 

𝑋⃗(𝑡 + 1) = 1 (𝑋⃗ + 𝑋⃗ + 𝑋⃗ ), (31)

3 1 2 3

13 
The GWO relies on two main control parameters: 𝐴 and 𝐶. The 
vector 𝐴 is linearly decreased over the course of iterations and typ-
ically takes random values in the range [−2𝑎, 2𝑎]. The magnitude of 
𝐴 controls the balance between exploration and exploitation (See Fig. 
16). Specifically, when |𝐴| < 1, the search agents are encouraged to 
converge towards the best solution found so far, simulating an attack 
on the prey. In contrast, when |𝐴| > 1, the agents diverge from the 
current best solution to explore the search space more broadly in search 
of better alternatives. This mechanism ensures that the algorithm can 
alternate between local exploitation and global exploration depending 
on the value of 𝐴. The second vector, 𝐶, is composed of random values 
uniformly sampled from the interval [0, 2] and is used to introduce ran-
domness in the distance between the grey wolves and the prey. Unlike 
𝐴, the 𝐶 parameter does not decrease over time, thereby maintaining 
a high degree of randomness throughout the optimization process. 
This continuous stochastic influence favors global exploration not only 
during the early iterations but also in the later stages, preventing 
premature convergence [10]. The pseudocode of the GWO is shown in 
Algorithm 1.

In the proposed framework, each grey wolf represents a candi-
date ship route, whose position vector encodes the decision variables 
of the optimization problem, namely the heading angles and vessel 
speeds at each route segment. Given a wolf position, the corresponding 
route waypoints are sequentially generated using the route definition 
equations, starting from the departure port and advancing segment by 
segment toward the destination. For each generated route, ensemble-
based weather and sea state parameters are assigned to the route 
segments, and the associated objective functions, including fuel con-
sumption, arrival time deviation, and route smoothness, are evaluated. 
The multi-objective optimization problem is transformed into a scalar 
fitness value using a weighted aggregation of the objective functions, 
where the expected cost over all ensemble members is computed. 
During each iteration of the GWO, the positions of the wolves are 
updated based on the guidance of the alpha, beta, and delta solutions, 
leading to new candidate values of the heading angles and speeds. 
This iterative process continues until convergence criteria are satisfied, 
yielding an optimized ship route that balances multiple objectives while 
satisfying navigational and environmental constraints.
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Fig. 16. The mechanism of updating the positions of search agents on a 2D 
plane and the impact of A on this process.

Algorithm 1 Grey Wolf Optimizer Pseudocode
1: Input: Objective function 𝑓 (𝑋⃗), number of wolves 𝑁 , maximum 
iterations 𝑇

2: Output: Best solution 𝑋⃗𝛼
3: Initialize the positions of 𝑁 grey wolves 𝑋⃗𝑖 (𝑖 = 1, 2,… , 𝑁)
randomly

4: Evaluate the fitness of each search agent
5: Identify the best three solutions: 𝑋⃗𝛼 (best), 𝑋⃗𝛽 (second), 𝑋⃗𝛿 (third)
6: for 𝑡 = 1 to 𝑇  do
7:  Update the coefficient 𝑎 (linearly decreasing from 2 to 0)
8:  for each search agent 𝑖 do
9:  for each dimension 𝑑 do
10:  Generate random vectors 𝐴1, 𝐴2, 𝐴3, and 𝐶1, 𝐶2, 𝐶3
11:  Compute:

𝐷⃗𝛼 = |𝐶1 ⋅ 𝑋⃗𝛼 − 𝑋⃗𝑖|,

𝐷⃗𝛽 = |𝐶2 ⋅ 𝑋⃗𝛽 − 𝑋⃗𝑖|,

𝐷⃗𝛿 = |𝐶3 ⋅ 𝑋⃗𝛿 − 𝑋⃗𝑖|

𝑋⃗1 = 𝑋⃗𝛼 − 𝐴1 ⋅ 𝐷⃗𝛼

𝑋⃗2 = 𝑋⃗𝛽 − 𝐴2 ⋅ 𝐷⃗𝛽

𝑋⃗3 = 𝑋⃗𝛿 − 𝐴3 ⋅ 𝐷⃗𝛿

12:  Update position:

𝑋⃗(𝑡+1)
𝑖 = 1

3
(𝑋⃗1 + 𝑋⃗2 + 𝑋⃗3)

13:  end for
14:  end for
15:  Evaluate new positions of search agents
16:  Update 𝑋⃗𝛼 , 𝑋⃗𝛽 , 𝑋⃗𝛿
17: end for
18: return 𝑋⃗𝛼 as the best solution found

The application of the GWO algorithm to the weather routing 
problem proceeds as follows:

1. Initialization: Generate an initial population of 𝑁 search agents 
(wolves), where each agent represents a candidate route vector 
𝑋⃗𝑖 = [𝜃1, 𝑣1,… , 𝜃𝐾 , 𝑣𝐾 ] containing heading angles and speeds for 
all 𝐾 waypoints.

2. Fitness Evaluation: Evaluate the fitness of each agent using 
the combined objective function 𝐽 (Eq. (12)). This involves 
simulating the voyage for each route 𝑋⃗𝑖 to calculate the fuel con-
sumption (𝐽𝑓𝑢𝑒𝑙), arrival time deviation (𝐽𝑡𝑖𝑚𝑒), and smoothness 
(𝐽 ).
𝑠𝑚𝑜𝑜𝑡ℎ
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3. Hierarchy Update: Sort the population based on fitness values. 
The three agents with the lowest 𝐽 values are designated as the 
leaders: 𝛼 (best), 𝛽 (second best), and 𝛿 (third best).

4. Parameter Tuning: Update the convergence factor 𝑎, which 
decreases linearly from 2 to 0 over the course of iterations. 
This tuning parameter controls the coefficient vectors 𝐴 and 
𝐶, shifting the search behavior from global exploration (early 
iterations) to local exploitation (later iterations).

5. Position Update: Update the position of the remaining 𝜔 wolves 
based on the distance vectors to the leaders 𝛼, 𝛽, and 𝛿. The new 
heading and speed variables are adjusted to converge towards 
the optimal regions of the search space.

6. Termination: Repeat steps 2–5 until the maximum number of 
iterations is reached, returning 𝑋⃗𝛼 as the optimal route solution.

7. Results and discussion

7.1. Developing the ship fuel consumption prediction model

The predictive model for ship fuel consumption is developed using 
an MLP neural network model with Bayesian Hyperparameter Op-
timization. Bayesian optimization is a process aimed at minimizing 
an objective function, which in this study is the MSE of the model 
predictions. This process involves iteratively selecting hyperparameter 
values that improve the model’s performance. The model is trained 
using input parameters that include AT, AH, SST, RWS, RWD, SHTS, 
MPTS, MDTS, SHWW, MPWW, MDWW, and STW. The output of the 
model is the MFC. The MLP neural network setup is designed with 
optimizable hyperparameters which allow for an adaptive architecture. 
The number of fully connected layers is searched among configurations 
with 1, 2, and 3 layers. The size of each layer is log-scaled and searched 
within the range of integers [1, 300]. The activation function is selected 
from four options: ReLU, Tanh, None, and Sigmoid. Regularization 
strength, denoted as Lambda, is searched among real values log-scaled 
within the range [0.00001∕𝑛, 100000∕𝑛], where 𝑛 represents the number 
of observations in the dataset. Data standardization is enabled to en-
sure uniformity in input scales, and a 5-fold cross-validation strategy 
is employed to enhance model robustness. To evaluate the model’s 
performance during the training process, 15% of the total dataset is 
reserved for testing. This set is essential for verifying the model’s 
ability to generalize and perform well on new, unseen data. Bayesian 
optimization is configured with an acquisition function known as Ex-
pected Improvement Per Second Plus [62], which balances exploration 
and exploitation by targeting hyperparameter combinations with the 
potential to improve the objective function efficiently. The optimization 
process is set to iterate 30 times, with each iteration corresponding to 
a distinct combination of hyperparameter values tested during model 
training.

The final optimized neural network consists of two fully connected 
layers, with the first layer containing 26 neurons and the second layer 
3 neurons. The network uses the Tanh activation function, which intro-
duces non-linearity and allows the network to learn complex patterns. 
Regularization is applied with a Lambda of 0.00167, helping to prevent 
overfitting by penalizing large weights. Fig.  17 shows the minimum 
Mean Square Error (MSE) vs. iterations plot of the final generated 
optimized neural network model. The MAE of 0.5538 (kg min−1) and 
the RMSE of 1.0391 (kg min−1) indicate that the model’s predictions 
are close to the actual values, showcasing its accuracy. With a Mean 
Absolute Percentage Error (MAPE) of 0.8575%, the model demonstrates 
a suitable ability to predict fuel consumption with minimal relative er-
ror. Finally, the R-squared (R2) value of 0.9972 signifies an acceptable 
fit. The ANN predicted vs. actual value of the training data is shown 
in Fig.  18. Additionally, the prediction error histogram is presented in 
this figure.
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Fig. 17. The minimum MSE vs. iterations plot of the generated optimized neural network model based on training data for the total ship fuel consumption 
prediction.
Fig. 18. The generated optimized neural network model based on training data for the total ship fuel consumption prediction.
7.2. Optimization setup and assumptions

To evaluate the performance of the proposed ensemble-based multi-
objective weather routing framework, the optimization model is config-
ured using realistic operational and environmental assumptions derived 
from real-world voyage scenarios. The framework is applied to four 
case study routes of varying length and complexity, connecting ports 
across Europe, Africa, and Asia, as outlined in Table  2.

The following assumptions are made in this study: Ship maneuver-
ability is limited by a maximum heading angle change constraint of 
𝛥𝜃max = 30◦ per segment [33], except when encountering obstacles. 
Ship speed is constrained within the range 𝑣𝑘 ∈ [5, 20] knots to 
reflect practical limits. To reflect realistic ship maneuvering behavior 
in port areas, it is assumed that the vessel starts its voyage with a 
low initial speed and gradually accelerates to its cruising speed within 
the first route segment. Similarly, during the final segment, the vessel 
decelerates smoothly in preparation for docking. Therefore, the speed 
at the initial and final segments is constrained to be within a reduced 
operational range, typically between 6 and 10 knots. For simplicity and 
model consistency, it is assumed that the vessel maintains a constant 
speed over each route segment, including the first and last. Significant 
wave heights and wind speeds must remain below 𝐻𝑠 ≤ 6 m and 𝑊𝑠 ≤
20 m s−1 for safe operation (aligning with IMO guidelines for adverse 
weather avoidance [69]). The bathymetric constraint is defined based 
on the draught of the case study vessel, which draws approximately 
8 m. A 20% safety margin [70] is applied, requiring all route points to 
lie within cells with water depths of at least 9.6 m.

The number of search agents (wolves) is set to 𝑁 = 100, and the 
maximum number of iterations is set to 𝑇 = 300. The parameters 
controlling the exploration–exploitation balance are initialized as 𝑎 = 2
(linearly decreasing to 0), while the random coefficient vector 𝐶 is sam-
pled uniformly from [0, 2] in each iteration. Moreover, as mentioned, 
the Bootstrapping method is used to ensure all variables have an equal 
number of ensemble members by resampling with replacement from 
available data. The number of weather parameters ensemble members 
𝑀 is set to 50.
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7.3. Effect of ensemble contributions on optimization performance

In all studied objectives (Section 3.5), the weights of fuel, ETA 
deviation, and route smoothness are initially chosen as 𝑤1 = 0.5, 
𝑤2 = 0.4, and 𝑤3 = 0.1, respectively, to prioritize fuel efficiency while 
maintaining timeliness and maneuverability.

7.3.1. Mean strategy results
In this study, the mean strategy is primarily adopted to account for 

the variability of environmental conditions, promoting solutions that 
are robust on average across multiple weather ensemble realizations. 
Fig.  19 depicts the initial route population generation (search agents) 
for the considered voyages. Each route is composed of multiple seg-
ments, and for each segment, the heading angle and ship speed are 
randomly assigned within predefined physical and operational bounds. 
The number of segments may vary across routes, allowing diverse ini-
tial connectivity patterns between the departure and destination points. 
This stochastic initialization ensures broad exploration of the search 
space and provides a diverse starting point for the GWO algorithm. 
This figure illustrates the total voyage duration, distance traveled, and 
estimated fuel consumption for each initial route.

The geographical maps of the obtained optimal voyages by the 
ensemble mean strategy are shown in Fig.  20. It illustrates optimized 
routes that minimize the average cost across all members of the en-
semble. These routes represent the best trade-offs between travel time, 
distance, and fuel consumption, considering the ensemble-averaged of 
the cost function across all ensemble members. The results demonstrate 
the algorithm’s ability to adapt the routing decisions to the spatial 
variability in marine weather and provide efficient passage planning. 
Moreover, to assess the computational effectiveness of the proposed 
optimization framework, the convergence history of the GWO algo-
rithm is analyzed. Fig.  21 illustrates the minimization of the combined 
weighted objective function over 300 iterations for the four case study 
voyages. The results indicate a sharp reduction in the objective value 
within the initial iterations, demonstrating the algorithm’s acceptable 
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Fig. 19. Initial route population generation (search agents) for the optimization purpose of the considered voyages.
Fig. 20. Geographical maps of the obtained optimal voyages by the ensemble mean strategy.
exploration capabilities. Subsequently, the curve stabilizes, reflecting 
the exploitation phase where the GWO refines the solution locally. Fig. 
22 presents different timestamps along the obtained optimal voyage 4. 
The background shading represents the ensemble-averaged combined 
significant wave height of wind and swell waves at each corresponding 
time. This visualization highlights how the route dynamically interacts 
with evolving sea state conditions throughout the voyage.

Fig.  23 presents 3D scatter plots of leg-wise distance, duration, and 
speed over ground for the four optimized voyages obtained using the 
ensemble mean strategy. Each subplot illustrates how the vessel’s speed 
and travel time vary across segments along the total voyage distance. 
The statistical analysis of the optimized voyage legs reveals distinct 
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routing behaviors among the four case studies, highlighting variations 
in speed, distance, and duration. Voyage 1 shows high variability in 
leg distances and a stable speed profile, whereas Voyage 2 maintains 
higher speeds over longer distances but exhibits diverse transit times. 
Voyage 3 has the lowest speeds, while Voyage 4 features the slowest 
average speed with relatively uniform transit times, reflecting strategic 
fuel management and time of arrival.

The fuel consumption and propeller RPM box plot of the generated 
legs are shown in Fig.  24. The analysis of the optimized voyage legs 
reveals notable variations in fuel consumption and propeller RPM 
across the four case studies. Voyage 1 exhibited a highly skewed fuel 
profile with a mean of 2164.3 kg. In contrast, Voyage 3 showed more 
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Fig. 21. Convergence curve of the obtained optimal voyages by the ensemble mean strategy.

Fig. 22. Different timestamps of the obtained optimal voyage 4 by the ensemble mean strategy with the ensemble mean of the combined significant height of 
wind and swell waves.
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Fig. 23. Generated leg details of the obtained optimal voyages by the ensemble mean strategy.
Fig. 24. The fuel consumption and propeller RPM box plot of the generated leg details of the obtained optimal voyages by the ensemble mean strategy.
uniform fuel use among legs, with a mean of 3269.6 kg and tighter 
interquartile range (Q1 = 3307.5 kg, Q3 = 3754.6 kg), suggesting 
consistent energy demand. Regarding propeller performance, Voyage 
1 maintained a nearly constant RPM (mean = 164.39, std = 0.02), 
indicating steady cruising conditions. However, Voyage 3 demonstrated 
the highest variability in RPM (std = 6.95), reflecting more frequent 
speed adjustments or changing sea states.

Fig.  25 shows the fuel consumption over time across the obtained 
optimal voyages. 200 waypoints are selected across the obtained opti-
mal routes. The shaded region represents the ensemble mean ± stan-
dard deviation. The differences in the width of the shaded regions 
suggest varying degrees of uncertainty in fuel consumption across 
different voyages. Moreover, Table  5 summarizes the performance 
characteristics of the four optimized voyages. Distance, Time, and Fuel 
refer to the total traveled distance, total traveled time, and total fuel 
consumed per voyage, respectively, while speed represents the aver-
age speed over ground. RPM indicates the average propeller rotation 
per minute. The voyage distances range from approximately 924 km 
(Voyage 1) to 8246 km (Voyage 3), with corresponding durations 
from 32 h up to 351.6 h. The highest average speed was observed 
in Voyage 2 (8.384 m s−1), which also recorded the highest average 
propeller RPM (173.948 rpm), indicating a relatively faster transit. 
In contrast, Voyage 4 exhibited the lowest speed (6.047 m s−1) and 
RPM (123.244 rpm), suggesting more fuel-efficient but slower nav-
igation. Despite being the longest in distance and duration, Voyage 
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3 consumed the most fuel (474,097 kg), while the shortest Voyage 
1 required the least (73,587 kg). Moreover, the optimized voyages 
demonstrate acceptable alignment with the scheduled arrival times. 
Voyage 1 arrived 10 min early, Voyage 2 arrived 19 min early, and 
Voyage 3 arrived 26 min ahead of schedule—indicating precise control 
over voyage timing. Voyage 4 arrived 21 min earlier than planned, 
which is a minor deviation over a long-duration journey. Overall, the 
optimization maintains acceptable accuracy in arrival scheduling across 
all four voyages.

The normalized performance indicators for the four optimal voy-
ages are shown in Fig.  26, which reveals distinct trade-offs between 
fuel consumption per kilometer, CO2 emissions per kilometer, speed, 
and voyage duration. Voyage 1 demonstrates balanced performance, 
achieving high operational efficiency with relatively low fuel and emis-
sion intensities, high speed, and the shortest duration. Voyage 2, while 
achieving the highest speed and relatively short duration, exhibits the 
highest fuel and CO2 intensities, indicating a trade-off favoring time 
over environmental impact. In contrast, Voyage 3 stands out for its 
minimum fuel and emission rates per kilometer, making it the most 
environmentally efficient, albeit with a significant penalty in speed and 
duration. Voyage 4, with the lowest scores in almost all criteria except 
voyage duration, indicates the least favorable performance overall. 
Notably, these performance variations are not solely attributed to the 
routing strategy but are also significantly influenced by the prevailing 
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Fig. 25. Fuel consumption uncertainty over time across the obtained optimal voyages by the ensemble mean strategy.
Table 5
The obtained optimal voyage statistics by the ensemble mean strategy.
 Voyage Distance (km) Time (h) Speed (m s−1) RPM (rpm) Fuel (kg) Arrival  
 1 924.517 31.833 8.025 164.382 73577.355 2023-10-02T14:49:57Z 
 2 4085.774 135.362 8.384 173.948 371944.621 2023-11-09T13:11:41Z 
 3 8245.989 351.567 6.515 134.486 474078.314 2024-03-27T14:04:00Z 
 4 5863.839 269.369 6.047 123.244 275714.883 2024-05-19T19:09:07Z 
Fig. 26.  Normalized performance comparison across the obtained optimal voyages by the ensemble mean strategy.
weather conditions along each route. Environmental parameters such 
as wind, waves, and currents substantially affect both energy effi-
ciency and sailing time, underscoring the necessity to integrate weather 
uncertainties into performance evaluations and comparative analyses.

To assess the robustness of the proposed ensemble-based Grey Wolf 
Optimizer under stochastic variability, each case study voyage is opti-
mized using 30 independent runs with different random initial pop-
ulations. Table  6 reports the mean and standard deviation of key 
voyage performance indicators. The reported mean values differ from 
the deterministic single-run results due to the stochastic exploration 
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of the solution space, while remaining within physically reasonable 
bounds. The relatively low standard deviations observed for distance, 
travel time, fuel consumption, and operational speed indicate consis-
tent convergence behavior across repeated runs. Moreover, the arrival 
time deviation remains limited for all voyages, confirming the ability 
of the optimization framework to reliably satisfy just-in-time arrival 
constraints. These results demonstrate that, despite its stochastic na-
ture, the proposed GWO-based framework produces stable, repeatable, 
and operationally feasible routing solutions under ensemble weather 
uncertainty.



K. Mahmoodi et al. Journal of Industrial Information Integration 50 (2026) 101075 
Table 6
Statistical performance of the proposed framework over 30 independent runs using the ensemble mean strategy 
(Mean ± Std).
 Voyage Distance (km) Time (h) Speed (m s−1) RPM (rpm) Fuel (kg) Arrival deviation (h) 
 1 932.8 ± 21.6 32.4 ± 1.2 7.91 ± 0.28 162.1 ± 6.3 7.51 × 104 ± 2.4 × 103 0.48 ± 0.21  
 2 4152.3 ± 79.5 138.9 ± 3.8 8.17 ± 0.26 171.4 ± 7.2 3.86 × 105 ± 1.1 × 104 0.74 ± 0.29  
 3 8391.6 ± 142.8 358.7 ± 7.6 6.31 ± 0.22 131.2 ± 5.6 4.92 × 105 ± 1.6 × 104 1.03 ± 0.41  
 4 6024.7 ± 118.9 275.6 ± 6.3 5.84 ± 0.19 120.5 ± 4.8 2.89 × 105 ± 9.1 × 103 0.66 ± 0.27  
Table 7
The obtained optimal voyage statistics by the worst-case strategy.
 Voyage Distance (km) Time (h) Speed (m s−1) RPM (rpm) Fuel (kg) Arrival  
 1 975.526 31.852 9.031 185.245 82221.015 2023-10-02T14:51:07Z 
 2 4111.256 135.372 9.154 187.154 395068.371 2023-11-09T13:22:19Z 
 3 8310.625 351.779 7.925 164.017 505307.878 2024-03-27T14:16:14Z 
 4 5935.841 269.415 7.417 159.741 287736.004 2024-05-19T19:24:55Z 
7.3.2. Worst-case strategy results
The worst-case optimization approach is employed to ensure ro-

bustness against adverse weather conditions. In this approach, the 
voyage cost is evaluated across all ensemble members representing 
possible weather realizations. Instead of minimizing the mean value, 
the optimization aims to minimize the maximum cost among all en-
semble members. The resulting routes are thus more conservative but 
provide higher reliability, especially in critical operational contexts. 
Table  7 presents the results of the optimal voyages obtained using the 
worst-case strategy. Compared to the mean strategy, the voyages under 
the worst-case formulation exhibit increased total distances and fuel 
consumption, indicating that the optimizer selected more robust routes 
to mitigate the impact of adverse weather conditions. The ship speeds 
and engine RPMs are also higher across all voyages to ensure timely 
arrivals despite challenging scenarios.

7.3.3. Risk-aware (mean–variance) approach results
In addition to the mean value and worst-case strategies, a risk-

aware optimization approach is considered by formulating the objective 
function based on the mean–variance criterion. This method simul-
taneously minimizes the expected fuel consumption while penalizing 
high variability among the ensemble members, thereby achieving a 
balance between performance efficiency and operational reliability. By 
incorporating variance into the objective function, the optimizer aims 
to select routes and operating conditions that are not only fuel-efficient 
on average but also less sensitive to uncertain and fluctuating weather 
conditions. This approach provides a practical middle ground between 
the optimistic (mean-based) and conservative (worst-case) strategies. 
The results obtained from this strategy are discussed and compared in 
the following. A reasonable starting point for selecting the value of 𝜆
in the risk-aware cost function (Eq. (19)) depends on the relative scale 
of the expected cost E[𝐽 ] and its standard deviation std(𝐽 ). A guidance 
method to select a suitable value for 𝜆 is to plot the Pareto front of mean 
vs. std for different 𝜆 values to visually select the most suitable trade-
off for the considered application. Here, 𝜆 = 1 is considered, which 
gives equal weight to the mean and standard deviation. This provides 
a balanced trade-off between fuel efficiency and robustness.

Table  8 presents the obtained optimal voyage statistics using the 
Risk-aware strategy. Compared to the mean strategy (Table  5), this 
approach results in slightly longer traveled distances and marginally 
increased fuel consumption for all voyages. This trade-off is a result 
of incorporating the variability (standard deviation) of the ensemble-
based cost, which leads the optimizer to prefer more stable and less 
uncertain routes. In contrast to the worst-case strategy (Table  7), the 
Risk-aware approach achieves lower fuel consumption and avoids the 
overly conservative behavior that characterizes the worst-case design. 
The voyage times remain nearly identical across all strategies, ensuring 
compliance with the predefined arrival schedule. Overall, the Risk-
aware strategy provides a balanced solution that enhances robustness 
against weather uncertainties while maintaining operational efficiency 
and minimizing unnecessary fuel penalties.
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7.3.4. Conditional value-at-risk approach results
In this subsection, the optimal voyage planning results are evaluated 

using the CVaR strategy, which aims to control the mean cost in the 
worst 𝛼-tail of the distribution. The CVaR approach offers a compromise 
between the conservative nature of the worst-case strategy and the 
average-based strategies. The 𝛼 value is set to 0.95, which means the 
optimization targets the mean of the worst 5% scenarios across the 
ensemble simulations. Table  9 presents the final simulation results 
obtained using the CVaR strategy with a confidence level of 𝛼 = 95%. 
As observed, the CVaR-based routing decisions result in increased fuel 
consumption compared to the ensemble mean strategy, particularly due 
to the selection of more conservative speeds and RPM values. However, 
they offer substantial savings compared to the worst-case strategy, 
thereby achieving a trade-off between performance and robustness. 
Furthermore, the arrival times across all voyages remain within the 
acceptable limits of the planned schedule, confirming the feasibility of 
the CVaR-based approach in maintaining punctuality while accounting 
for uncertainty.

7.4. Discussion

The results presented in Tables  5–9 provide a comprehensive com-
parative analysis of four different objective function strategies for 
ensemble-based ship routing optimization. Each strategy exhibits dis-
tinct characteristics that show different trade-offs between fuel effi-
ciency, voyage robustness, and adherence to arrival time constraints 
under uncertain weather conditions.

The ensemble mean strategy (Table  5) prioritizes fuel efficiency 
by optimizing the mean outcome over all ensemble members. This 
approach resulted in the lowest fuel consumption across most voyages. 
However, this gain comes at the potential expense of robustness, as the 
mean strategy may under-prepare the vessel for rare but severe weather 
scenarios. For instance, the average speeds and RPMs are consistently 
lower across voyages, which implies a conservative engine setting that 
may not sufficiently account for adverse weather conditions in the tail 
of the distribution.

The worst-case strategy (Table  7), by contrast, adopts a highly 
conservative approach that provides feasibility under the most adverse 
ensemble scenario. This leads to higher average speeds and engine 
RPMs across the voyages. For example, Voyage 1 under the worst-
case strategy had a speed of 9.031 m s−1 and fuel consumption of 
82221.015 kg, both higher than the ensemble mean’s 8.025 m s−1
and 73577.355 kg for the same voyage. The slightly longer distances 
observed in some worst-case voyages (e.g., Voyage 1: 975.526 km 
vs. 924.517 km for the ensemble mean) further contribute to this 
increased fuel consumption. Consequently, fuel consumption is sig-
nificantly higher compared to the other methods. While this strategy 
maximizes safety, it incurs a substantial fuel penalty, highlighting 
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Table 8
The obtained optimal voyage statistics by the Risk-aware strategy with 𝜆 = 1.
 Voyage Distance (km) Time (h) Speed (m s−1) RPM (rpm) Fuel (kg) Arrival  
 1 960.214 31.921 8.74 173.804 76233.145 2023-10-02T14:55:14Z 
 2 4180.851 135.431 8.854 180.254 380651.796 2023-11-09T13:25:51Z 
 3 8330.654 351.676 7.02 144.546 485639.981 2024-03-27T14:10:33Z 
 4 5912.357 269.321 6.952 142.116 280451.749 2024-05-19T19:19:17Z 
Table 9
The obtained optimal voyage statistics by the CVaR strategy with 𝛼 = 95%.
 Voyage Distance (km) Time (h) Speed (m s−1) RPM (rpm) Fuel (kg) Arrival  
 1 950.121 31.871 8.67 174.724 76357.885 2023-10-02T14:52:15Z 
 2 4107.734 135.351 8.72 180.071 382211.351 2023-11-09T13:21:02Z 
 3 8400.314 351.745 7.52 156.823 490475.522 2024-03-27T14:14:43Z 
 4 5900.738 269.372 7.32 148.504 282432.178 2024-05-19T19:22:18Z 
the inefficiency of overly conservative routing when the worst-case 
conditions may not materialize in practice.

The risk-aware strategy (Table  8) introduces a tunable risk aversion 
parameter (𝜆 = 1 in this case). The results show moderate fuel con-
sumption levels, lying between those of the worst-case and ensemble 
mean strategies. For example, in Voyage 2, the fuel usage is 380,651 kg, 
which is higher than the mean strategy (371,944 kg) but lower than 
the worst-case (395,068 kg). The risk-aware approach also results in 
slightly more conservative arrival times. This demonstrates its potential 
for practical applications where operational risks must be mitigated 
without excessive conservatism.

The CVaR strategy (Table  9) with a confidence level of 𝛼 = 95%
further refines the risk-aware concept by explicitly focusing on the 
tail-end risks of the fuel consumption distribution. Its results closely 
align with those of the risk-aware method, reflecting a well-calibrated 
trade-off. For example, in Voyage 3, the CVaR strategy achieved a 
fuel consumption of 490,475 kg, which is lower than the worst-case 
but higher than the mean. The arrival times and speeds indicate a 
cautious yet not overly conservative routing profile. This approach is 
particularly advantageous for ship operators seeking to balance fuel 
efficiency with risk exposure under uncertainty, as it explicitly accounts 
for potential extreme outcomes while avoiding the inefficiencies of the 
worst-case strategy.

Overall, the findings underscore the importance of selecting an 
appropriate routing strategy based on the specific risk preferences and 
operational priorities of the voyage. While the ensemble mean strategy 
is appealing for fuel minimization under average conditions, it may 
compromise robustness in extreme weather. The worst-case strategy 
ensures maximum safety but at a significant fuel cost. The risk-aware 
and CVaR strategies offer a sensible compromise, effectively balancing 
fuel efficiency with robustness against uncertainty. The optimal choice 
largely depends on specific operational requirements, environmental 
conditions, and predefined objectives.

8. Conclusion

This study proposed a novel ensemble-based framework for ship 
weather routing optimization that addresses the inherent uncertain-
ties in marine weather conditions by incorporating forecasting data 
directly into the route optimization process. The proposed framework 
integrated multiple components, including a neural network-based ship 
performance model developed using onboard data, a Bayesian hy-
perparameter optimization scheme for model tuning, comprehensive 
weather data using ensemble forecasts, and a GWO for solving the 
multi-objective optimization problem. The multi-objective formulation 
considered key operational targets, including fuel consumption, voyage 
time and distance, ship speed and heading angle profiles, thereby 
capturing the trade-offs between efficiency, safety, and operational 
constraints in realistic scenarios.
21 
Four distinct strategies for handling ensemble weather uncertainties 
were evaluated: the ensemble mean approach, the worst-case strategy, 
a risk-aware formulation with a linear risk aversion parameter, and 
a Conditional Value-at-Risk method at a 95% confidence level. The 
obtained results highlighted that the objective optimization strategy 
significantly influences the operational performance of the voyage, 
especially over longer routes and under variable weather conditions. 
Specifically, the ensemble mean strategy, while yielding lower fuel 
consumption in shorter voyages, demonstrated higher sensitivity to 
weather extremes in longer voyages, potentially compromising safety 
margins. Conversely, the worst-case strategy, while providing the most 
conservative route planning, resulted in substantially higher fuel usage 
and engine loads, underscoring the trade-off between robustness and 
efficiency.

The risk-aware and CVaR strategies emerged as effective compro-
mises, providing balanced solutions that mitigate excessive fuel us-
age while maintaining reasonable operational safety against adverse 
weather conditions. For instance, the CVaR strategy effectively limited 
exposure to high-risk weather scenarios, resulting in only a marginal 
increase in fuel consumption compared to the ensemble mean strategy, 
but with improved reliability and operational stability. The results 
further emphasized that multi-objective optimization, when combined 
with an ensemble-based weather uncertainty modeling approach, en-
ables a fine understanding of trade-offs and supports informed decision-
making in ship routing operations.

While the proposed ensemble-based framework demonstrates ac-
ceptable performance in handling weather uncertainties, several lim-
itations warrant attention in future research to further enhance opera-
tional applicability.

• Pareto-based Optimization: The current methodology relies on 
a weighted sum approach to aggregate conflicting objectives 
(fuel, time, smoothness). While computationally efficient, this re-
quires the a priori determination of weights, which may introduce 
subjective bias. Future studies should explore Pareto-based algo-
rithms, such as Multi-Objective Grey Wolf Optimizer (MOGWO) 
or NSGA-III, to generate a comprehensive set of non-dominated 
solutions. This would allow ship operators to visualize the Pareto 
front and select the optimal trade-off between fuel efficiency and 
risk dynamically.

• Dynamic Seakeeping Constraints: The present safety
constraints utilize static thresholds for significant wave height 
and wind speed. However, these do not fully capture the com-
plex ship responses to sea states. Future work aims to integrate 
dynamic seakeeping analyses directly into the cost function, 
explicitly calculating the probability of dangerous phenomena 
such as parametric rolling or excessive acceleration based on the 
ship’s specific hull geometry and loading condition.

• Computational Efficiency: The evaluation of robust cost func-
tions (e.g., CVaR) across large ensemble datasets is computa-
tionally intensive. Investigating the use of surrogate models or 
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deep reinforcement learning agents to approximate the objective 
function could significantly reduce calculation times, making the 
system more viable for real-time onboard implementation.
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