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Abstract 

Ship sailing speed optimization models are constructed based on prediction of ship fuel 

consumption, whose accuracy is highly influenced by the quality of sea and weather information. In 

this study, we develop two fusion methods for combining external meteorological data with ship noon 

report data, including the rhumb line based fusion method and the direct fusion method, and compare 

them in terms of accuracy in providing meteorological data. Next, we propose a framework based on 

the better data fusion strategy for comparing the impacts of deterministic and ensemble weather 

forecasts on ship speed optimization performance, enabling the evaluation of ship fuel consumptions 

under different speed plans based on weather forecast data available before departure. Results show 

that speed optimization based on ensemble weather forecasts has greater potential than that based on 

deterministic weather forecasts to diminish ship fuel consumption and thus to reduce greenhouse gas 

emissions. 
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1. Introduction

Maritime transport is extremely important in international trade and globalization. There are more 

than 80% of the global merchandise trade that was carried by ships, with a volume of 10.9 billion 

metric tons in 2020 (UNCTAD, 2020; Wu et al., 2022; Tian et al., 2023b). Although ships can cost-

effectively transfer large quantities of goods over long distances, over 50% of total operational costs 

of ships are attributed to the cost of ship fuel consumption (Wang et al., 2018a), and thus it is a topic 

of great interest to shipping companies, especially when the fuel price is high or the shipping market 

is in recession (Wang et al., 2013; Yan et al., 2020; Yan et al., 2023). In addition, according to the 

report by the International Maritime Organization (IMO), approximately 3% of global greenhouse gas 

(GHG) emissions are attributed to the international maritime industry (IMO, 2020). Therefore, the 

IMO has implemented several maritime regulations that aim to boost the energy efficiency of ships 

and thus diminish GHG emissions, such as Ship Energy Efficiency Management Plan (SEEMP) (IMO, 

2009). Because ship companies wish to conform to these stringent emissions rules and increase 

revenue and competitiveness, they are eager to take advantage of practical methods to increase ship 

energy efficiency (Fan et al., 2022; Wang et al., 2023).  

 Such methods can be classified into the technical methods and the operational methods (Yan et al., 

2021; Yang et al., 2019b; Yang et al., 2020; Du et al., 2022; Tian et al., 2023a). For existing ships, 

adopting technical methods, such as vessel size optimization and propeller upgrade, requires a large 

investment. In contrast, the operational methods recommended by SEEMP for existing ships, such as 

speed optimization and weather routing, have significant energy saving potential and require relatively 

low investment from shipping companies (Yang et al., 2020). Among these methods, speed 

optimization can be easily implemented at a low cost and has great potential for improving ship energy 

efficiency (IMO, 2009; Yang et al., 2020). Because of these benefits, shipping companies favor speed 

optimization as a method for improving ship energy efficiency, which eventually reduces ship fuel 

consumption and GHG emissions (Beşikçi et al., 2016; Yang et al., 2020; Yan et al., 2020). 
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Ship speed optimization requires the establishment of an accurate fuel consumption prediction 

model (FCPM) in various scenarios (Yuan et al., 2020; Yang et al., 2020). Although ship fuel 

consumption is mainly determined by the sailing speed (Bialystocki and Konovessis, 2016; Ryder and 

Chappell, 1980), other factors also have an impact, such as trim condition, draught conditions, and sea 

and weather information (Sourtzi, 2019; Medina et al., 2020; Yu et al., 2021). In literature, ship noon 

reports are widely used to construct FCPMs (Gkerekos et al., 2018; Tarelko and Rudzki, 2020; Yuan 

and Nian, 2018). However, as the noon report is manually recorded by crews and there is only one 

record for each day (usually at noon according to the local time), the quality as well as the quantity of 

noon reports can be low, especially given that sea and weather conditions are often volatile (Li et al., 

2022). Thus, incorporating sea and weather information from the external meteorological database can 

improve data quality as well as the data quantity, eventually improving the predicting performance of 

FCPMs (Yan et al., 2020; Gkerekos and Lazakis, 2020; Linh and Ngoc, 2021).  

After a FCPM is constructed, a ship sailing speed optimization model is developed from the 

predicted fuel consumption rates. Therefore, sea and weather information also affect the reliability and 

feasibility of the speed optimization results generated by sailing speed optimization models. In 

previous studies, sea and weather conditions were usually obtained from a deterministic weather 

forecast, which is a single-valued estimation of the future atmospheric and oceanic state (Yan et al., 

2020; Lee et al., 2018). To be specific, a deterministic weather forecast is generated by estimating the 

current atmospheric and oceanic state with meteorological observations collected by weather stations 

and satellites, and then calculating how the atmospheric and oceanic state will change based on a 

numerical weather prediction (NWP) model (Garcia-Moya et al., 2016; Rodwell et al., 2006). Despite 

the increasing skill of the NWP model forecasts, the accuracy of forecasting weather is still affected 

by several factors. First, due to the limitations in observational data and measurement errors, the 

uncertainty is thus introduced in the initial conditions (Garcia-Moya et al., 2016). Because of the chaos 

in the atmosphere and ocean, very tiny errors in the initial state will be amplified so that large errors 
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will occur even in the forecast for the near future (Lorenz, 1965). In other words, when two slightly 

different initial conditions are input to the same NWP model, the predicted weather in a few days’ time 

can be significantly different. In addition, numerous simplifications and approximations are made in 

the process of representing the complex behavior of the atmosphere and ocean, such as assumptions 

about the shape of the earth or the composition of the atmosphere, which can also lead to inaccuracies 

in the weather forecasts (Orrell et al., 2001). 

To assess the impacts of these minor differences in initial conditions on the forecast results, a 

system of the ensemble weather forecast is applied to generate multiple forecasts. The NWP model is 

executed several times with slightly different initial conditions (World Meteorological Organization, 

2012). The ensemble forecast can be regarded as a collection of deterministic forecasts that represent 

the possibilities of future weather, giving us a better idea of what weather events may happen at a 

specified time in the future. Thus, ship fuel consumption prediction results based on ensemble weather 

forecasts are more reliable than prediction results based on deterministic weather forecasts. 

Consequently, speed optimization based on the former prediction results can provide a better ship 

speed profile over a voyage, leading to a greater reduction in ship fuel consumption.  

It is also notable that previous studies related to ship fuel consumption prediction rarely describe 

fusion methods that combine external meteorological data and the noon report data in detail, or 

compare the impacts of different fusion methods on the prediction accuracy of FCPMs. Thus, to 

improve the prediction accuracy of FCPMs, it is worth studying how to combine external 

meteorological data and noon report data to obtain a new dataset, which can be used to train a FCPM 

with higher prediction accuracy. 

In this work, two data fusion methods are presented and their impacts on ship fuel consumption 

prediction accuracy are investigated. The better fusion method is selected to prepare the essential 

dataset for subsequent speed optimization. Then, the impacts of deterministic and ensemble weather 
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forecasts on ship speed optimization based on the speed optimization model (Yan et al., 2020) are 

compared. The contributions of this paper are twofold: 

First, it describes two fusion methods for combining external meteorological data and noon report 

data and thus provides new insights into ways of remedying the data quality and quantity issues of 

noon reports. The prediction accuracies of the two FCPMs trained by the datasets generated by the two 

fusion methods are compared, and the results suggest that a better data fusion strategy can improve 

prediction model performance. This provides a new research perspective for improving the 

performance of FCPMs.  

Second, this study provides a framework for comparing the overall fuel consumption of a voyage 

based on speed profiles optimized under the deterministic versus the ensemble weather forecast 

settings when the actual fuel consumption under different conditions is not available. This framework 

demonstrates that speed optimization based on ensemble weather forecasts can reduce ship fuel 

consumption by 1% compared to that based on deterministic weather forecasts. According to the IMO, 

total maritime fuel consumption reached 213 million tons in 2019 (IMO, 2019). If ensemble weather 

forecasts had been used in the speed optimization, around 2 million tons of fuel would have been saved 

in 2019. In addition, applying our findings allows maritime companies to operate their fleets more 

efficiently.   

2. Literature Review 

Recently, due to the accessibility of large quantities of ship energy efficiency data and increases 

in computation resources, researchers have attempted to develop FCPMs based on machine learning 

algorithms (Yan et al., 2021). Several common machine learning algorithms include the tree-based 

model (Li et al., 2022; Soner et al., 2018), artificial neural networks (Jeon et al., 2018; Petersen et al., 

2012a; Petersen et al., 2012b; Kim et al., 2021; Zhu et al., 2021), regularized linear regression (Soner 

et al., 2019; Wang et al., 2018b), k-nearest neighbors models (Peng et al., 2020; Uyanık et al., 2020), 

and Gaussian process (Petersen et al., 2012a; Yuan and Nian, 2018). 
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Based on the ship fuel consumption predictions, a ship sailing speed optimization model that 

minimizes the overall fuel consumption of a voyage can be then proposed; this whole framework is 

termed a two-phase ship sailing optimization model (Du et al., 2019; Yan et al., 2020). For example, 

Wang and Meng (2012) first use the linear regression method to calibrate the relationship between the 

ship fuel consumption per day and the ship sailing speed using historical ship operation data; then, the 

authors propose an optimization model which optimizes the ship sailing speeds for a given route. Du 

et al. (2019) optimize the speed and trim for the container ship by developing a two-phase optimization 

method. In phase one, the authors propose a ship fuel consumption model based on artificial neural 

networks. In phase two, this research conducts several methods related to speed and trim optimization 

to cut down fuel consumption. In addition, Yan et al. (2020) propose a two-phase speed optimization 

model. In phase one, this study constructs a random forest model to estimate ship fuel consumption 

under various scenarios. In phase two, by leveraging such the prediction model, the authors establish 

a mixed integer linear programming model for optimizing sailing speeds, with constraints that the 

estimated arrival time must be less than the expected time at the destination port. 

Most papers on ship fuel consumption prediction usually consider meteorological information, 

such as ocean currents, wind waves and swells, and wind force and direction, when predicting ship 

fuel consumption (Psaraftis and Kontovas, 2014; Sourtzi, 2019; Yan et al., 2021); some obtain sea and 

weather information based on public meteorological data (Lee et al., 2018; Li et al., 2022; Du et al., 

2022a; Du et al., 2022b). However, few studies describe in detail a fusion method to combine two or 

more data sources, or discuss the impact of different fusion methods on the prediction accuracy of 

FCPMs. In addition, the ship fuel consumption predictions rely on information about sea and weather 

conditions obtained from deterministic weather forecasts in phase two of these two-phase methods. 

However, due to chaos in the atmosphere and ocean and the imperfect depiction of their initial state, 

the forecast accuracy of deterministic weather forecasts decreases as the forecast period increases 

(Yousuf et al., 2019). Thus, the speed optimization results become less reliable due to the decreasing 
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accuracy of the FCPM.  

To bridge these gaps, we first implement two different data fusion methods to combine noon 

reports and meteorological information obtained from the European Centre for Medium-Range 

Weather Forecasts (ECMWF), generating two different datasets for training and testing a FCPM. By 

comparing the prediction performance on the test data, we use the better fusion method to prepare the 

essential data for the downstream speed optimization model.  

Second, we compare the impacts of deterministic and ensemble weather forecasts on ship speed 

optimization to see which weather forecast data are better for voyage planning. To make such a 

comparison, a FCPM, which is assumed to calculate the actual fuel consumption, needs to be 

established. In this work, the model trained by the dataset based on the better fusion method is used as 

the actual FCPM. However, in reality, when optimizing ship sailing speed at the departure stage, the 

actual fuel consumption data for different situations are not available. Therefore, an alternative FCPM 

with prediction errors needs to be built, and the speed optimization model is constructed based on this 

alternative model. Then, speed optimization is implemented under two different settings. Under the 

first setting, the alternative FCPM predicts the fuel consumption under various sailing speed profiles, 

ship operational conditions, and meteorological information derived from deterministic weather 

forecasts. A speed optimization model based on the prediction results is adopted to minimize the 

overall fuel consumption of a voyage, generating the optimized speed profile under the deterministic 

weather forecast setting. Under the second setting, a similar process is implemented, the only 

difference being that the meteorological data are obtained from ensemble weather forecasts. The 

optimized speed profile under the ensemble weather forecast setting is also generated. Finally, based 

on the actual FCPM, the actual fuel consumption over the voyage for these two speed profiles is 

calculated and compared, revealing that ensemble weather forecasts are better for voyage planning. 

3. Data description 

The ship noon report records the sailing conditions of a ship and the sea and weather information 
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around the ship; reports are usually submitted by the captain to shipping companies and shore 

management parties for the purpose of archiving and planning (Yan et al., 2021). The noon report data 

usually include ship sailing conditions, such as draught, geographic coordinates, loading conditions, 

and the average sailing speed since the last report. It also records snapshot information about the 

surrounding weather and sea conditions. For example, the wind speed information is acquired from a 

single reading of the anemometer by the deck officer when filling out the noon report (Li et al., 2022). 

The period of the noon report used in this study spans from February 13, 2019 to August 3, 2020, with 

a total of 323 records. To compare the impacts of deterministic and ensemble weather forecasts on ship 

speed optimization, we first randomly select one 9-day laden voyage and one 9-day ballast voyage 

from the whole dataset for downstream comparison. For the remaining 305 records, we randomly 

select 20% of them (61 records) to form the test set and 80% (244 records) to form the training set. 

The major disadvantage of the ship noon report is that the weather and sea information is recorded 

manually by crews once a day according to their readings of onboard instruments or subjective visual 

inspections. Consequently, the meteorological data in the noon report are usually neither adequate nor 

accurate. To address this issue, more reliable meteorological data should be collected to complement 

the noon report (Yan et al., 2021). In this study, ERA5 is used to improve the quality of the sea and 

weather data. ERA5 is a reanalysis dataset provided by the ECMWF; it is regarded as the most 

complete picture of past weather and climate (ECMWF, 2018). It provides hourly estimates of 

numerous meteorological variables from 1979 to the present, with a resolution of 0.25° (longitude)  

0.25° (latitude)  1 h (time) for the atmosphere and 0.5° (longitude)  0.5° (latitude)  1 h (time) for 

ocean waves. Therefore, ERA5 data are regarded as the ground truth of meteorological data, which 

can be combined with the noon report data for predicting the fuel consumption.  

To improve the ship operational efficiency, weather information is used for voyage planning 

before the voyage starts (Zis et al., 2020). Due to the inaccessibility of the actual weather data, which 

are referred to ERA5 data in this study, weather forecast data are used for planning the ship voyage. 
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Then, the impacts of deterministic and ensemble weather forecasts on ship speed optimization are 

compared to determine which weather forecasts are better for voyage planning. In this study, all 

weather forecasts are generated by the Global Ensemble Forecast System (GEFS), which is a 

comprehensive weather forecast model published by the National Oceanic Atmospheric 

Administration (NOAA) (NOAA, 2017). The weather forecasts generated by GEFS are given as a set 

of 21 forecast members, where one forecast obtained from the unperturbed initial weather value is 

referred to as a control member and is exempted from perturbances; perturbances to the initial weather 

values are added to the other 20 forecasts, which are thus called perturbed members. In our study, 

similar to Hinnenthal and Claus (2010) and Skoglund et al. (2015), the control member is regarded as 

a deterministic weather forecast, and the 20 perturbed weather forecasts are used as the ensemble 

weather forecasts. The GEFS ensemble forecast data provide temperature, the u-component and v-

component of wind, total precipitation, and other variables at different levels with a resolution at 0.5° 

(longitude)  0.5° (latitude)  6 h (time), and a forecast range of 16 days with four runs per day.  

The last dataset is obtained from the automatic identification system (AIS). The AIS is widely 

adopted in the shipping industry to exchange sailing information between AIS-equipped terminals, 

such as between equipped ships and base stations. The AIS typically provides static, dynamic, and 

voyage-related information (Yang et al., 2019a). Because the direction of wind/waves in the 

meteorological data is absolute, we use the ship’s heading degrees provided by the AIS data to calculate 

the direction of wind/waves with respect to the ship sailing direction.  

The source and description of features used in predicting ship fuel consumption are summarized 

in Table 1. The column “feature processing” describes the conversion methods used to process each 

feature.  
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Table 1. Features in each data source 
Data source Features Description Feature processing 

Ship noon report Hourly fuel consumption rate of 

the main engine (ME) 

The average fuel consumption per hour of the ship’s main engine in unit mt/hour. The hourly fuel consumption rate is obtained by dividing the 

overall fuel consumption by the total sailing time. 

Average sailing speed The average sailing speed since the last report in unit knot. N.A. 

Sailing condition Ballast voyage, if the ship is not loaded; laden voyage, if the ship is loaded. “1” is used to present “laden voyage” and “0” is used to 

present “ballast voyage”. 

Draught The vertical distance between the waterline and the bottom of the hull (keel) in unit meter. N.A. 

ERA5 reanalysis 

data 

10m wind direction (WD) This parameter measures the wind direction with respect to the ship’s true heading in unit 

degrees at the height of 10m. 

The absolute wind direction is transformed to a relative 

direction to the ship’s heading degree from AIS data.  

10m wind speed (WS) Wind speed at the height of 10m in unit m/s. N.A. 

Mean period of wind waves 

(MPWW) 

This parameter is the average time in seconds which is required for two successive wind-

sea wave crests to pass a given point on the surface of the sea. 

N.A. 

Mean direction of wind waves 

(MDWW) 

This parameter is the mean true direction of wind-sea waves with different heights, 

lengths, and directions in unit degree. 

The absolute direction is transformed to a relative direction 

to the ship’s heading degree from AIS data. 

Significant height of wind 

waves (SHWW) 

This parameter represents the perpendicular distance from the wind-sea wave trough to 

the wind-sea wave crest in unit meter. 

N.A. 

Mean period of total swell 

(MPTS) 

This parameter is the average time in seconds which is required for two successive total 

swell crests to pass a given point on the surface of the sea. 

N.A. 

Significant height of total swell 

(SHTS) 

This parameter represents the perpendicular distance from the total swell trough to the 

total swell wave crest in unit meter. 

N.A. 

Mean direction of total swell 

(MDTS) 

This parameter is the mean true direction of swells with different heights, lengths, and 

directions in unit degree. 

N.A. 

Significant height of combined 

wind waves and swell 

(SHCWWS) 

This parameter measures the perpendicular distance in meters from the wave trough and 

the wave crest. Both wind-sea waves and swells are considered.  

N.A. 

Mean wave direction (MWP) This parameter is the mean true direction of ocean/sea surface waves. Both wind-sea 

waves and swells are considered.
 

The absolute direction is transformed to a relative direction 

to the ship’s heading degree from AIS data. 

Forecast surface roughness 

(FSR) 

This parameter measures the surface resistance depending on the waves over the ocean. It 

is the aerodynamic roughness length in unit meter. 

N.A. 

2m temperature in degrees 

Celsius (2mT) 

This parameter represents the highest temperature of the air at two meters above the 

surface of land, sea, or inland water in unit degrees Celsius (°C). 

Temperatures measured in kelvin are converted to °C by 

subtracting 273.15. 

GEFS ensemble 

forecast 

10m wind direction This parameter measures the wind direction with respect to the ship’s true heading in unit 

degrees at the height of 10m. 

The absolute direction is converted to a relative direction to 

the ship’s heading degree from AIS data. 

10m wind speed This parameter measures the wind speed at the height of 10m in unit m/s.  N.A. 

2m temperature This parameter represents the highest temperature of the air at two meters above the 

surface of land, sea, or inland water in unit °C. 

Temperatures measured in kelvin are converted to °C by 

subtracting 273.15. 
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4. Data fusion methods 

A voyage in the noon report contains several waypoints that represent the locations traveled 

through by the ship, and these waypoints can be used to represent a voyage. For example, Figure 1(a) 

shows a voyage containing four waypoints (shown by yellow dots), and the voyage can be represented 

by 1 2 3 4, , ,N N N N . As shown in Figure 1(a), the meteorological data are presented in regular latitude–

longitude grids, which are called meteorological grids in this study, and only the corner points of a 

meteorological grid have available meteorological values.  

4.1 Fusion method of raw noon report and meteorological data  

External meteorological data, which are highly accurate, are incorporated with the original noon 

report data in this section. Specifically, the first step is to locate the meteorological grid in the external 

meteorological data in which the waypoint falls, using the geographical coordinates recorded in the 

noon report. Due to the limited spatial resolution of the meteorological data, there might be no exact 

meteorological value for the location of the waypoint according to the noon report. To address this 

issue, the second step is to use the inverse distance weighted (IDW) interpolation method to calculate 

the meteorological values of the specific voyage point recorded in the noon report (Chen and Liu, 

2012). The IDW interpolation method is a deterministic spatial interpolation approach to estimating 

an unknown value by calculating the weighted average of values of the neighborhood measured points. 

The weight of a measured point is the inverse distance of the measured point to the unmeasured point. 

As shown in Figure 1(a), the sea/weather conditions of waypoint 1N  are unknown. As waypoint 1N  is 

located in the meteorological grid G   and the meteorological values of the corner points of G   are 

known, the meteorological values of 1N   can be calculated based on the corner points. Taking the 

calculation of wind speed at 1N  as an example, the formulas of the IDW method are as follows:  
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where 
1NZ  is the unknown wind speed at waypoint 1N ; iw  is the weight; 

iGZ  is the wind speed of 

measured point iG , i.e., the corner point of the meteorological grid; and id  is the distance of 1N  to the 

measured point 1,2,3,4iG i . 

 

Figure 1. Graphic explanation of the fusion method based on the rhumb line 

4.2 Fusion method of noon report and meteorological data based on the rhumb line 

In the fusion method presented in section 4.1, the weather data acquired at a time point cannot 

accurately represent the weather condition during the whole day. To provide more accurate weather 
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information, it is necessary to interpolate more points traveled on ship’s course between two 

consecutive waypoints of the voyage according to the temporal resolution of the meteorological data. 

As shown in Figure 1(a), 23 points 1 2 23, , ,P P P   between waypoints 1N   and 2N   are interpolated 

points, and their geographic positions can be estimated by the rhumb line route. Then, the average 

sea/weather data along the interpolated points can be used as a substitute for the original sea/weather 

conditions in the noon report. Specifically, the first key step is to calculate the number of interpolated 

points according to the temporal resolution of the external meteorological data source and estimate 

their geographic positions by interpolation. For example, if the noon report is combined with the ERA5 

data at a temporal resolution of 1 h, we can interpolate 23 points (as the time difference between two 

consecutive noon reports is 24 h); if the noon report is combined with the GEFS ensemble forecast 

data at a temporal resolution of 6 h, we can interpolate 3 points. In this study, the whole voyage is 

divided into a number of segments, on which the ship sails following a rhumb line route (Weintrit and 

Kopacz, 2011). For example, the voyage in Figure 1(a) is segmented into three parts, and the ship 

moves along the rhumb line on the 1 2N N , 2 3N N , and 3 4N N  segments. The start points of 

the three segments are 1N , 2N , and 3N , respectively. The latitude and longitude of each interpolated 

point can be calculated according to the formulas shown below (Williams, 2013):  

 
d

R
  (3) 

 2 1 cos   (4) 

 

2

1
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4 2
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4 2

 (5) 

 2 1

cos ,  the ship sails on constant latitude course 

,  otherwise
q  (6) 
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sin

q
  (7) 

 2 1 ,  (8) 

where  is the angular distance; d  represents the distance between the start point of a segment and 

the interpolated point on the segment, and is calculated by multiplying the average sailing speed (knots) 

by sailing time (h); R  is the earth’s radius; 1  and 1  are the longitude and latitude of the start point, 

respectively; 2  and 2  are the longitude and latitude of the interpolated point, respectively; ln is the 

natural log;  is the ship’s heading degree in the noon report; and  is the longitude difference. For 

example, when the ship sails on segment 1 2N N , the coordinates of the hourly interpolated points 

1 2 23, ,...,P P P  between waypoints 1N  and 2N  can be obtained using equations (3)–(8), as shown in 

Figure 1(a). Second, the sea and weather data at each interpolated point can be retrieved by the IDW 

method. Finally, we average the meteorological values of the interpolated points between the current 

and previous waypoint, and that of the current waypoint itself. This average is used to replace the 

original meteorological values of the current waypoint. For example, the wind speeds at the 

interpolated points are 
1 2 23
, ,...,P P PZ Z Z , and the wind speed at waypoint 2N  is 

2NZ . Then the recorded 

wind speed of 2N  in the noon report is replaced by the average wind speed 

1 2 23 2
... / 24P P P NZ Z Z Z  . Note that the meteorological values at the start point of the first 

segment in a voyage, i.e., waypoint 1N  of the voyage in Figure 1(a), are calculated using the fusion 

method introduced in section 4.1. 

5. Development of tree-based models for ship fuel consumption prediction 

5.1 Introduction of Gradient Boosted Regression Tree (GBRT) model  

GBRT is an ensemble machine learning algorithm used to deal with regression tasks (Friedman, 

2001). It aims to achieve a stronger learning effect by combining the predictions of individual weak 
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learners, which are components of a GBRT and are usually decision trees (DTs). The basic idea of 

GBRT is to continually add new DTs to fit the residual of the previous round of prediction. This fitting 

process is repeated numerous times until a preset stopping criterion is reached, such as a specific 

number of DTs. 

When the training process is completed, the final prediction results are generated by summing the 

prediction results of individual DTs. Let ( ) , , 1,2,...,i iD y i nx= =  represent the sample data, where 

m

i Rx  , and iy R . In this study, ix  is the vector of the input variables, ( ), ,i i i ivx c u= , where iv  is the 

sailing speed, ic   is the sea and weather information, and iu   is the vessel’s loading condition and 

draught. iy  is the output variable, i.e., the hourly fuel consumption rate. The procedure of constructing 

a GBRT model is shown in Algorithm 1. 

Algorithm 1 Construction of a GBRT model 

Input: Training set D ; the number of DTs T . 

Output: A GBRT model 
GBRTf x . 

1: Initialize a DT tree which is denoted as 0

1

argmin ,
n

i

i

f L yx , where 
21

,
2

i iL y y  

is half of the squared loss. The value of   is estimated by minimizing the loss function and its 

optimal value is 1

n

ii
y

n

=
, i.e., 1

0

n

ii
y

f
n

x . 

2: for 1,...,t T  do: 

3:   Calculate the residual of each sample as predicted by the current prediction model by 

 
( )( )

( )
( ) ( )1

,
,  1, ,

t

i i

it

i
f x f x

L y f
r i n

f

x

x
−=

 
= − = 

  

. (9) 

4:   Construct a new training set ( ) , , 1,2,...,m i itD r i nx= =  to fit the t th DT whose leaf nodes are 

1,2, ,jtR j J , where J  represents the number of leaf nodes of the current DT. For each leaf 
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node jtR , the best fitting value is

1arg  min ,
i jt

jt i t i

R

L y f
x

x . (10) 

5:   Update the model by 1

1

J

t t jt jt

j

f f I Rx x x , where jtI Rx  takes the value of 1 if 

the value of input x  belongs to leaf node jtR , and 0 otherwise.

6: end for 

7: The final model ( )GBRTf x can be presented by 

0

1 1

T J
GBRT

jt jt

t j

f f I Rx x x . (11) 

8: return ( )GBRTf x . 

5.2 Introduction of eXtreme Gradient Boosting (XGBoost) model 

The XGBoost model, which is proposed by Chen and Guestrin (2016), is a variant of GBRT. 

Therefore, XGBoost also involves iteratively adding new models to the ensemble and adjusting their 

weights based on the prediction errors of the previous models. In addition, XGBoost uses a regularized 

objective function that combines the loss function with a penalty term to prevent overfitting (Fan et al., 

2018). Given sample data ( ) , , 1,2,...,i iD y i nx= = , where
m

i Rx  , and iy R , the procedure of 

constructing an XGBoost model is shown in Algorithm 2. 

Algorithm 2 Construction of an XGBoost model 

Input: Training set ( ) , , 1,2,...,i iD y i nx= = ; the number of weak learners T ; the complexity cost 

; the regularization hyperparameter . 

Output: An XGBoost model 
GBXf x . 

1: Initial a weak learner by ( ) ( )0 1
argmin ,

n

ii
w

f L y wx
=

=  , where 
21

,
2

i iL y w y w is half of the 
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squared loss. The initial prediction value is given by 
0

0
ˆ

i iy f x , 1,2,...,i n= . 

2: for 1,...,t T  do: 

3:    Calculate the first order and second order gradients of each sample by  

 1

1
ˆ,t

i

t

it i iy
g L y y   (12) 

 1

12 ˆ,t
i

t

it i iy
h L y y . (13) 

4:    Construct the tree structure ( ( )tq x ) of a new weak learner by using a greedy algorithm that 

recursively partitions the samples based on the values of the input features. 
tq x  can divide 

samples into the corresponding leaf nodes. For each leaf node in the current tree, the greedy 

algorithm considers all possible splits of the samples and selects the split that maximizes the 

value of Gain according to the following the following equation 

 

2 2 2

1

2

Lt Rt Lt Rt

Lt Rt Lt Rt

G G G G
Gain

H H H H
, (14) 

          where 
LtG   and 

RtG   (
LtH   and 

RtH  ) are the sum of the first (the second) order gradients of the 

samples in the left and right child leaf. (Note: different splits would result in different values for 

LtG , 
RtG , 

LtH  and 
RtH ). 

5:     Calculate the leaf weights of the weak learner. The weight of leaf node j  is given by 

 = 
j

j

iti I

jt

iti I

g
w

h
, (15) 

where jI  is the samples in the leaf node j . In addition, 
j

iti I
g

  and 
j

iti I
h  are the sum of 

the first and the second order gradients of the samples contained in leaf node j , respectively. 

A new tree ( )tf x  with tree structure 
tq x  and leaf weights jtw  is obtained. 

6:     Update the prediction value by 
( ) ( ) ( )1

ˆ ˆ ,  1,2,...,
t t

i i t iy y f i nx
−

= + = . 
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7: end for 

8: The final model can be represented by 

 ( ) ( )
0

T
XGB

t

t

f fx x
=

= .  (16) 

9: return ( )GBXf x . 

 

This study employs XGBoost to predict the fuel consumption rate and the predictions are regarded 

as the ground truth. The XGBoost model is then used to compare the impacts of deterministic and 

ensemble weather forecasts on ship speed optimization. In reality, when optimizing sailing speeds for 

a ship at the departure stage, the actual ship fuel consumption in different situations is not available, 

and thus an alternative FCPM featured with prediction errors needs to be developed to provide the fuel 

consumption prediction results for the following speed optimization. The GBRT model is used as the 

alternative FCPM in this study. 

6. Development and comparison of ship sailing speed optimization models 

6.1. Development of ship sailing speed optimization models 

This study adopts the speed optimization model developed by Yan et al. (2020), which is denoted 

as [M1]. The model is constructed based on the following background. A ship plans to sail along a 

fixed route from the port O to the port D. The ship’s loading condition is predetermined and fixed, and 

the meteorological conditions during the voyage can be acquired in advance from weather forecasts. 

Because the sea conditions are highly dynamic, the whole route is divided into a number of segments 

according to the corresponding records in the noon report. We assume that the meteorological 

conditions and the international conventions the ship must comply with can be viewed as identical 

within each segment. The minimum and maximum allowable ship sailing speeds are also assumed to 

be the same in each segment. The departure time of the ship is set to 0, and the estimated time of arrival 

at port D should not exceed the latest allowable time of arrival. The optimization model can be solved 
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to find optimal sailing speed of each segment, which can minimize the overall ship fuel consumption. 

In the [M1] model, n  represents the total number of path segments; 1,2,...,i n  is the index of a 

path segment. The main decision variable is the sailing speed iv   in segment i  , and the auxiliary 

decision variable is the time of arrival it  to the beginning of segment i . In addition, 1nt  presents the 

time of arrival at the end of segment n , i.e., port D. The model is formulated as follows. 

[M1] 

 
1

min , ,
n

i
i i i

i i

L
f v

v
c u  (17) 

subject to: 

 1 , 1,  2,  3,  ...,i
i i

i

L
t t i n

v
  (18) 

 1 0t
  (19) 

 1 maxnt T   (20) 

 
min max

, , , , ,  1,  2,  3,  ...,
i i i ii c u i i c uv v v i n   (21) 

 0,  1,  2,  3,  ..., 1it i n n . (22) 

Objective function (30) aims to minimize the overall fuel consumption of a voyage, where 

, ,i i if v c u  is the hourly fuel consumption of segment i  when the sailing speed is iv , the sea/weather 

information is ic , the loading condition and draught are iu , and iL  is the path length of segment i .  

The hourly fuel consumption is predicted by the FCPM implemented by the machine learning 

algorithm introduced in section 5. Constraints (31) specify the relationship between the time of arrival 

at the beginning of segment i   and at the beginning of segment 1i  . In this set of constraints, it  

represents the time of arrival at the beginning of segment i , 1,2,3,...,i n . Therefore, as shown in 

constraints (32), 1 0t  represents the time of arrival at the beginning of segment 1. 1nt  represents the 
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time of arrival at the end of segment n . Constraints (33) guarantee that the ship’s time of arrival at 

port D does not exceed the allowable arrival time, where maxT  represents the latest allowable time of 

arrival at the end of segment n  according to the port’s requirement or the contract between the shipper 

and carrier. Constraints (34) bound the sailing speed in the interval of 
min max

, , , ,,
i i i ii iv v

c u c u , where 
min

, ,i iiv c u  and 

max

, ,i iiv c u  are the minimum and maximum allowable sailing speeds in segment i  with the draught and 

loading conditions iu  and sea/weather conditions ic . Constraints (35) ensure that the time of arrival 

at the beginning of every segment is nonnegative.  

The model is then linearized so that the optimization software such as CPLEX can solve it. In 

each segment, the speed values are discretized at intervals of 0.1 knot considering the maximum and 

minimum allowable sailing speeds 
max

, ,i iiv c u   and 
min

, ,i iiv c u  . Let im   denote the number of candidate speed 

values in segment i  . im   is calculated by 

max min

, , , ,

0.1

i i i ii iv v −
 
  

c u c u
 . Therefore, the sailing speed after 

discretizing can be represented by 
1 min

, ,i ii iv v c u , 
2 1 0.1i iv v ,…, 

1
0.1i im m

i iv v , and 
max

, ,
i

i i

m

i iv v c u , and a 

specific sailing speed on segment i   is 
1 2, ,..., imm

i i i iv v v v  . Furthermore, binary decision variable 

0,1m

iy  is introduced, which takes a value of 1 if 
m

i iv v , and 0 otherwise. After linearization, the 

new main decision variable is 1,2,..., ; 1, 2,...,m

i iy i n m m , and the auxiliary decision variable is 

it , 1,2,...,i n . According to these new decision variables, model [M1] can be converted to model 

[M2], which is a mixed-integer linear programming model, and model [M2] and model [M1] 

equivalent. 

[M2] 

 
1 1

min , ,
imn

m m i
i i i i m

i m i

L
y f v

v
c u   (23) 

subject to: 
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 1

1

, 1,  2,  3,  ...,
im

mi
i i im

m i

L
t t y i n

v
  (24) 

 1 0t   (25) 

 +1 maxnt T   (26) 

 0,1 , 1,  2,  3,  ..., ,  1,  2,  3,  ...,m

i iy i n m m   (27) 

 
1

1, 1,  2,  3,  ...,
im

m

i

m

y i n   (28) 

 0, 1,  2,  3,  ..., 1it i n n .  (29) 

6.2. Comparison of the influences of deterministic and ensemble weather forecasts on ship speed 

optimization 

The procedure for comparing the impacts of deterministic and ensemble weather forecasts on ship 

speed optimization is described below.   

(ⅰ) Data fusion: This step combines the noon report and meteorological data to produce three datasets 

for fuel consumption prediction and speed optimization. Figure 2 shows the data fusion process to 

generate three datasets, where the first dataset 
1

5 305

1, , , |ERA

NR i i i i iS v yc u  is obtained by combining the 

original noon report data 1NR , which contains 305 noon reports, and ERA5 reanalysis data; the second 

dataset 
2

5 18

1, , , |ERA

NR i i i i iS v yc u  is obtained by combining the original noon report data 2NR , which 

contains 18 noon reports (9 from a laden voyage and 9 from a ballast voyage), and ERA5 reanalysis 

data. 1NR   and 2NR   are mutually exclusive to each other. Dataset 
1

5ERA

NRS   is utilized for training and 

testing a FCPM, which in this study is assumed to be able to predict actual fuel consumption with 100% 

accuracy, and dataset 
2

5ERA

NRS  is used to compare the influences of deterministic and ensemble forecasts 

on optimizing ship speeds. In both datasets, iv  represents the average sailing speed, ic  represents the 

sea/weather conditions as introduced in Table 1, iu  represents the loading condition and draught, and 
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iy  represents the hourly fuel consumption of ME. The third dataset is produced by combining the noon 

report data 2NR , ERA5 reanalysis data, and each member of GEFS ensemble forecast data 
type

jW  (if 

type perturbed  , 1,2,..., 20j  ; if type control  , 1j  ) separately, and is denoted as 

2

5 5 18

1, , , |
type type
j jW ERA W ERA

NR i i i i iD v c c u  , where 
type
jW

ic   represents the sea/weather conditions, including 

WS, WD, and 2mT, and is derived from the j  th perturbed or control member, and 
5ERA

ic   is the 

sea/weather conditions introduced in Table 1 (excluding WS, WD, and 2mT). Figure 2 shows that 

2

5
type
jW ERA

NRD   equals 1

2

5controlW ERA

NRD  if type control  ; 
2

5
type
jW ERA

NRD   equals 
2

5
1,2,..., 20

perturbed
jW ERA

NRD j   if 

type perturbed  . Dataset 1

2

5controlW ERA

NRD   presents deterministic weather forecasts, and dataset 

2

5
1,2,..., 20

perturbed
jW ERA

NRD j  presents ensemble weather forecasts.  

 

Note: 1NR  contains 305 noon report records and 2NR  contains the noon reports of a 9-day laden voyage and a 9-day ballast voyage, i.e., a total of 18 

noon report records as mentioned in section 3; part 1 of ERA5 data includes MPWW, MDWW, SHWW, MPTS, SHTS, SHCWWS, MDTS, MWP, FSR; 

Part 2 of ERA5 data includes WS, WD and 2mT. 

Figure 2. The illustration of data fusion 



23 

 

(ⅱ) Model implementation: As shown in Figure 3, this step develops an XGBoost model 
XGf  and 

a GBRT model 
GBf  to predict ship fuel consumption rates. Specifically, the XGBoost model is 

employed to compute the actual ship fuel consumption rates by inputting the sailing speeds, actual 

sea/weather conditions, and operational data. The GBRT model is used to predict the ship fuel 

consumption rate when the actual sea/weather conditions are unknown. Figure 3 shows the whole 

training and testing process of model 
XGf  . First, the entire dataset 

1

5ERA

NRS   is randomly divided 

according to an 8:2 ratio; the larger subset is used to tune model hyperparameters and train the model, 

while the generalization ability of models is evaluated by the smaller subset. Then, the optimal values 

of the hyperparameters in the XGBoost model are found by a Bayesian optimization method with five-

fold cross validation on the whole training set. Finally, the performance of the XGBoost model is 

evaluated on the test set in terms of the mean squared error (MSE), mean absolute error (MAE), mean 

absolute percentage error (MAPE), and coefficient of determination ( 2R ). To train and test the GBRT 

model, a simulated dataset first needs to be generated. As shown in Figure 3, the simulated input 

variables 
305

1, , |simu simu simu

i i i iv c u  are generated by adding Gaussian noise to the features in the original 

dataset  
1

5ERA

NRS , while the simulated output variable 
305

1|simu

i iy  is calculated by inputting the simulated 

input variables to the XGBoost model 
XGf . Then, the simulated dataset simuS  can be represented 

by 
305

1, , , |simu simu simu simu

i i i i iv yc u  , which is utilized for training and testing the GBRT model. The 

train/test set split ratio is set to 8:2. The training and testing procedures are the same as those for 

XGBoost model 
XGf . 
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Figure 3. The flowchart of the development of prediction model 

(ⅲ) Speed optimization: Based on the ship fuel consumption rates predicted by the GBRT model 

GBf , the optimized sailing speed in each segment of a voyage can be obtained using model [M2], 

which is introduced in section 6.1. To compare the impacts of deterministic and ensemble weather 

forecasts on ship speed optimization, these two different weather forecasts are input to the 
GBf  

model to obtain the predicted ship fuel consumption rates. Then, the predicted fuel consumption rates 

are input to model [M2] to obtain the optimal sailing speed in each segment, denoted as 
9

1|d i iv v ,  

and the optimal time of arrival at the beginning of each segment, denoted as 
10

1|d i it t  ( 1=0t ; 10t  is 

the time of arrival at the end of the last segment). Specifically, according to the deterministic forecast 

data approach shown in Figure 4(a), deterministic sea/weather conditions 1 5 9

1, |
controlW ERA

i i ic c  , ship 

operational data 
9

1|i iu , and discretized speed values 
1 2, ,..., imm

i i i iv v v v  for each segment of the 

laden or ballast voyage are input to 
GBf , and we can obtain the hourly fuel consumption prediction 

for each segment. Then, the predicted hourly fuel consumption and sailing distance of each segment 
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are input to the speed optimization model [M2] to find dv  and dt . In addition, the sailing time in each 

segment, denoted as dt , can be calculated based on dt . The objective function of [M2] can be defined 

as below. 

 15

1 1

min , , ,
i

control
mn

Wm GB m ERA i
i i i i i m

i m i

L
y f v

v
c c u .  (30) 

In the ensemble forecast data approach, the sea/weather conditions of each perturbed member 

9

1| 1, 2,..., 20
perturbed
jW

i i jc  , sea/weather conditions of ERA5 
5 9

1|ERA

i ic  , and ship operational 

data 
9

1|i iu   of dataset 
2

5
type
jW ERA

NRD   are input to 
GBf  , and the hourly fuel consumption 

20 5

1
, , , / 20

perturbed
jWGB m ERA

i i i ij
f v c c u  on each segment can be calculated by averaging the 20 hourly 

fuel consumption predictions. Then, the average hourly fuel consumption and the sailing distance on 

each segment are input to the speed optimization model [M2] to determine the optimal sailing speed 

in each segment, denoted as ensv , and the optimal time of arrival at the beginning of each segment, 

denoted as 
10

1|ens i it t  ( 1= 0t ; 10t  is the time of arrival at the end of the last segment). In addition, 

the sailing time in each segment, denoted as enst , can be calculated using enst . The objective function 

of [M2] is mathematically represented as below. 

 

20
5

1

1 1

, , ,

min
20

perturbed
j

i

WGB m ERA

i i i imn
jm i

i m
i m i

f v
L

y
v

c c u

. (31) 
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Figure 4. The flowchart of developing speed optimization model [M2] using different datasets 

(ⅳ) Comparison: The last step compares the actual overall fuel consumption of a voyage when the ship 

sails at speeds in dv  and ensv , respectively. As shown in Figure 5(a), when the ship sails at speeds in 

dv , the vector of actual hourly fuel consumption 
2

5

d

ERA

NR v
y  is predicted by inputting speeds dv , the actual 

sea/weather conditions 
9

1|i ic   of the dataset 
2

5ERA

NRS  , and the ship operational data 
9

1|i iu   of 

dataset 
2

5ERA

NRS  to the XGBoost model 
XGf . Then, the actual overall fuel consumption over a voyage 

in the deterministic weather forecast setting is obtained by calculating the dot product of the vector of 

the optimized sailing time dt  and the vector of actual hourly fuel consumption 
2

5

d

ERA

NR v
y . As shown in 

Figure 5(b), the vector of actual hourly fuel consumption 
2

5

ens

ERA

NR v
y   and the actual overall fuel 
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consumption in the ensemble weather forecast setting are calculated using the same method as shown 

in Figure 5(a) when the ship sails at speeds ensv . Finally, we can compare the actual total ship fuel 

consumption of the voyage under the two different weather forecast settings to determine which 

weather forecast is better for ship speed optimization.  

 

Figure 5. The flowchart of comparing the actual total ship fuel consumption in deterministic and 

ensemble weather forecast settings  
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Table 2. Original ship sailing information for voyage i 
Day Sailing 

hours 
(h) 

Total 

fuel 
(tons) 

Speed 

(knots) 
Hourly 

fuel 
consum-

ption 

(tons/h) 

Drau-

ght 
(m) 

Actual meteorological data (from Era5) 
Relative 

wind 

direction 
(degree) 

Wind 

speed 

(m/s) 

Mean 

period 

of 
wind 

waves 

(s) 

Relative 

mean 

direction 
of wind 

waves 

(degree) 

Signif-

icant 

height 
of 

wind 

waves  
(m) 

Mean 

period 

of total 
swell 

(s) 

Signif-

icant 

height 
of total 

swell 

(m) 

Relative 

mean 

direction  
of total 

swell  

(degree) 

Significant 

height of 

combined 
wind 

waves and 

swell (m) 

Mean 

wave 

direction 
(s) 

Forecast 

surface 

roughness 
(10-2 m) 

2m 

temper-

ature  

(°C) 

1 24 32.2992 12.63 1.3458 8.6 57.0676 8.1503 4.9802 128.4499 1.2963 7.1365 1.0833 150.3852 1.8079 6.1582 0.0181 28.0580 
2 24 32.5008 12.58 1.3542 8.6 4.2611 3.4006 2.8358 65.9841 0.1886 5.5691 0.5065 60.6949 0.5677 4.9930 0.0045 28.3143 
3 24 32.5008 12.92 1.3542 8.6 8.7405 1.4705 2.5480 124.8815 0.0679 3.7525 0.3291 90.0941 0.3420 3.6393 0.0032 27.6437 
4 24 31.9992 13.29 1.3333 8.6 126.4456 0.4662 3.4569 108.0065 0.0145 6.3865 0.2916 77.4096 0.2942 6.3555 0.0048 28.0852 
5 24 32.2008 13.83 1.3417 8.6 157.3829 0.6602 3.1445 78.7957 0.0539 4.6846 0.3968 5.9885 0.4067 4.5522 0.0036 27.5683 
6 24 32.2992 13.50 1.3458 8.6 101.5281 3.3529 2.5259 98.8893 0.1518 6.9266 0.6298 64.7416 0.6615 6.6298 8.0360 26.5783 
7 24 32.5008 13.29 1.3542 8.6 174.5065 3.5061 2.5661 34.8911 0.1387 11.8568 1.6078 48.6969 1.6163 11.7638 0.0025 26.3400 
8 24 32.8008 11.67 1.3667 8.6 157.8617 5.5250 2.9507 21.5785 0.4718 10.9085 1.9007 57.3629 1.9633 10.4231 0.0060 25.6933 
9 24 21.9096 10.17 0.9129 8.6 133.6145 4.0771 2.1372 45.6302 0.2151 9.2389 1.5157 63.7959 1.5309 9.0986 0.0024 25.1473 

 

Table 3. Original ship sailing information for voyage ii 
Day Sailing 

hours 
(h) 

Total 

fuel 
(tons) 

Speed 

(knots) 
Hourly 

fuel 
consum-

ption 

(tons/h) 

Drau-

ght 
(m) 

Actual meteorological data (from Era5) 
Relative 

wind 

direction 
(degree) 

Wind 

speed 

(m/s) 

Mean 

period 

of 
wind 

waves 
(s) 

Relative 

mean 

direction 
of wind 

waves 
(degree) 

Signif-

icant 

height 
of 

wind 
waves  

(m) 

Mean 

period 

of total 
swell 

(s) 

Signif-

icant 

height 
of total 

swell 
(m) 

Relative 

mean 

direction  
of total 

swell  
(degree) 

Significant 

height of 

combined 
wind 

waves and 
swell (m) 

Mean 

wave 

direction 
(s) 

Forecast 

surface 

roughness 
(10-2 m) 

2m 

temper-

ature  

(°C) 

1 24 21.3000 9.17 0.8875 9.2 140.7620 5.9578 3.1118 27.3673 0.4983 6.6657 1.2247 78.0075 1.3434 6.1678 0.0067 28.1749 
2 24 20.7000 9.96 0.8625 8.6 114.6310 4.0419 2.4882 46.9734 0.1895 4.4306 0.4333 76.0421 0.4941 4.0285 0.0033 27.8245 
3 24 21.1704 10.96 0.8821 8.6 147.9591 1.9898 3.2340 81.6656 0.1023 4.4670 0.4586 19.7456 0.4899 4.3052 0.0036 28.1829 
4 24 26.3496 12.00 1.0979 8.6 164.6344 3.8953 2.0693 6.2955 0.1642 4.5724 0.4431 9.4587 0.4790 4.2506 0.0028 27.3150 
5 24 40.8000 11.20 1.7000 8.6 48.3739 1.5031 2.9114 145.5869 0.0487 4.3055 0.3326 132.5486 0.3409 4.2229 0.0029 27.8522 
6 24 32.5800 13.35 1.3575 8.6 126.7840 3.8328 3.0632 78.5747 0.3314 5.4641 0.5352 43.1780 0.6656 4.7684 0.0053 27.7590 
7 24 31.3008 12.83 1.3042 8.6 97.6062 4.3871 2.9039 93.2445 0.3256 9.1373 1.0104 26.2728 1.0841 8.5744 0.115821 25.4205 
8 24 32.5704 12.71 1.3571 8.6 98.6909 7.7959 4.1743 80.0752 1.0302 10.5849 1.8770 10.8017 2.1676 9.2449 0.000116 26.6168 
9 24 32.4000 12.00 1.3500 8.6 84.9367 5.6870 2.9649 94.7588 0.5626 12.0735 1.8855 52.5861 2.0130 11.3822 0.000065 25.6271 

Note: Era5 meteorological data are retrieved using the data fusion method introduced in section 4.2. Relative wind direction, relative mean direction of wind waves, and relative mean direction of total swell 
present the wind direction, mean direction of wind wave, and mean direction of total swells relative to the ship’s heading, respectively. 
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7. Computational experiments  

We introduce two data fusion methods in section 4, which can improve the accuracy of sea and 

weather data of the noon report. 1NR  combined with ERA5 meteorological data using fusion methods 

in section 4.1 and section 4.2 are denoted as 
1

51ERA

NRS  and 
1

52ERA

NRS , respectively. 
1

51ERA

NRS  and 
1

52ERA

NRS are 

used to train and test FCPMs 1

XG

Sf  and 2

XG

Sf . 1

XG

Sf  and 2

XG

Sf  are developed using the same 

machine learning model, i.e., XGBoost model and parameter turning process, the only difference being 

the data fusion method used to obtain datasets 
1

51ERA

NRS   and 
1

52ERA

NRS  . Therefore, by comparing the 

predictive performances of 1

XG

Sf  and 2

XG

Sf  on the test data, we can conclude which fusion method 

can obtain more accurate meteorological data and then finally choose the corresponding XGBoost 

model to generate the simulated dataset. The simulated dataset simuS  is generated according to step (ⅱ) 

of section 6.2, and the standard deviations of the Gaussian noise are set to 5% of the standard deviations 

of the features in the original dataset 
1

51ERA

NRS (or 
1

52ERA

NRS ). Then, simuS  is used to train and test 
GBf . 

Finally, step (ⅲ) and step (ⅳ) of section 6.2 are performed to compare the impacts of deterministic and 

ensemble weather forecasts on ship speed optimization. 

7.1 Implementation of fuel consumption prediction model 

The XGBoost 1.6.1 library0F
1 is used to develop the XGBoost regressors 1

XG

Sf  and 2

XG

Sf  to 

predict the actual ship fuel consumption using actual meteorological data, i.e., the ERA5 reanalysis 

data in this study. The parameters for the XGBoost regressor are founded by the Bayesian optimization 

method implemented via the hyperopt 0.2.2 library1F
2 (Hyperopt) with five-fold cross validation. Details 

of the hyperparameters tuned in XGBoost regressors 1

XG

Sf  and 2

XG

Sf  are presented in Table 4. 

Aside from those hyperparameters, the default values adopted by the XGBoost 1.6.1 library are used. 

 
1 https://xgboost.readthedocs.io/ 
2 http://hyperopt.github.io/hyperopt/ 
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Table 5 lists the predictive performance of 1

XG

Sf   and 2

XG

Sf   on the test set. Although 1

XG

Sf  

performs slightly better than 2

XG

Sf  in terms of MSE, 2

XG

Sf  is better than 1

XG

Sf  regarding MAE, 

MAPE, and R2. We can conclude that the data fusion method proposed in section 4.2 can obtain more 

accurate meteorological data as a supplement for the noon report data than the fusion method proposed 

in section 4.1. Therefore, the fusion method proposed in 4.2 is used to combine the noon report data 

2NR   and the meteorological data from weather forecasts for the downstream speed optimization 

experiment.  

In addition, the prediction performance of model 2

XG

Sf   is compared with several popular 

machine learning algorithms, including random forest (RF), decision tree (DT), least absolute 

shrinkage and selection operator (LASSO) regression, and artificial neural network (ANN). It is found 

that 2

XG

Sf  shows the best performance on the test set among five machine learning algorithms. The 

detailed performances of five machine learning models are described in Appendix A. To train and test 

the GBRT model 
GBf , we use 2

XG

Sf  to generate the simulated dataset simuS .  In addition, 2

XG

Sf   

is also used to calculate the actual hourly fuel consumption in step (ⅳ) of section 6.2. 

Table 4. Hyperparameters in XGBoost models 1

XG

Sf  and 2

XG

Sf  

Hyperparameter Interpretation Searching 

space 

Selected 

value in 

( 1

XG

Sf ) 

Selected 

value in 

( 2

XG

Sf ) 

max_depth Maximum depth of a tree. [2,17] 15 6 
n_estimators The number of trees. [10,300] 48 83 
learning_rate Learning rate shrinks the step size to prevent 

overfitting. 
[0.00001,1] 0.45 0.16 

min_child_weight Minimum sum of instance weight (hessian) 

required in a child. 
[0,10] 5.58 9.54 

colsample_bytree The subsample ratio of columns in the 

construction of each tree. 
[0.1,1] 0.85 0.64 

subsample Subsample ratio of the training instances. [0.4,1] 0.77 0.94 
reg_alpha L1 regularization term on weights. [0,2] 0.20 0.23 
reg_lambda L2 regularization term on weights. [0,2] 0.61 1.76 
gamma Minimum loss reduction required for further 

partitioning on a tree leaf node. 
[0,2] 0.29 0.18 

 

Table 5. Performance of the XGBoost model 1

XG

Sf  and 2

XG

Sf on the test set 

Model MSE MAE MAPE R2 
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1

XG

Sf  0.023 0.114 8.023 0.721 

2

XG

Sf  0.024 0.107 7.706 0.777 

The GBRT model 
GBf  is used for predicting the fuel consumption in the downstream speed 

optimization experiment and developed using the scikit-learn python library 1.0.22F
3. Hyperparameters 

in 
GBf  are found using the Hyperopt tool with five-fold cross validation and are listed in Table 6. 

Aside from those hyperparameters, other hyperparameters are configured as the defaults in the scikit-

learn library. Table 7 lists the predictive performance of 
GBf  on the simulated test data. It can be 

seen that
GBf  has good performance on the simulated test set in all metrics.  

Table 6. Parameters in GBRT regressor 
GBf  

Name Interpretation Searching 

space 
Selected 

value 
max_depth Maximum depth of a single estimator. [2,10] 3 
min_samples_leaf The minimum number of samples required per leaf node. [1,20] 7 
min_samples_split The minimum number of samples required for splitting an 

internal node. 
[2,20] 17 

max_features The number of features to be considered when searching for 

the best split. 
[1,15] 15 

n_estimators The number of regression trees. [10,300] 264 
learning_rate Learning rate diminishes the contribution of each tree. [0.00001,1] 0.06 
subsample The fraction of samples used to fit each base learner. [0.4,1] 0.87 

 

Table 7. Performance of GBRT model 
GBf  on the simulated test set 

Model MSE MAE MAPE R2 
GBf  0.003 0.039 2.738 0.932 

 

7.2 Speed optimization based on deterministic and ensemble weather forecasts 

We consider two voyages from the noon report that are not in the training and test sets, namely 

voyage i and voyage ii. Voyage i is a 9-day ballast voyage with a total steaming time of 216 h and total 

fuel consumption of 281.0112 tons. Voyage ii is a 9-day laden voyage with a total steaming time of 

216 h and total fuel consumption of 259.1712 tons. Detailed information from voyage i and voyage ii, 

including ship operational data (i.e. sailing condition and draught) and actual meteorological data (as 

 
3 https://scikit-learn.org/stable/ 
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obtained using fusion method developed in section 4.2), are presented in Table 2 and Table 3.  

 

7.2.1 Optimizing sailing speed using deterministic weather forecasts 

In the speed optimization experiment using deterministic weather forecasts, the hourly fuel 

consumption in model [M2] is predicted by 
GBf   with discretized speed values, deterministic 

weather forecasts, draught, and sailing condition as the inputs. The optimized sailing speed and sailing 

time solved by the CPLEX optimizer in each segment of voyage i and voyage ii are presented in Table 

8 and Table 9, respectively. The actual hourly fuel consumption and actual total fuel consumption in 

Table 8 and Table 9 are calculated according to step (ⅳ) in section 6.2. Specifically, 2

XG

Sf  obtained 

in section 6.1 is used to predict the actual hourly fuel consumption for the two voyages. The input 

features include the optimized sailing speed and the actual meteorological conditions and ship 

operation data shown in Table 2 and Table 3. The actual total fuel consumption data in Table 8 and 

Table 9 are calculated by multiplying the optimized sailing time by the actual hourly fuel consumption.  

Table 8. The sailing information of the ship in voyage i after speed optimization using deterministic 

weather forecasts  
Day Sailing time 

(h) 
Sailing speed 

dv  (knots) 

Actual hourly fuel 

consumption (tons/h) 
Actual total fuel 

consumption (tons) 

1 22.7433 13.1 1.3438 30.5624 
2 23.0810 13.1 1.3489 31.1340 
3 23.3887 13.1 1.3419 31.3853 
4 24.4178 13.0 1.3026 31.8067 
5 31.2338 10.7 1.3035 40.7133 
6 24.3290 13.1 1.3655 33.2213 
7 29.0115 10.7 1.1108 32.2260 
8 15.6583 18.0 2.1463 33.6074 
9 18.6601 13.1 1.3730 25.6203 
Total 212.5235 / / 290.2765 

 

Table 9. The sailing information of the ship in voyage ii after speed optimization using deterministic 

weather forecasts  
Day Sailing time 

(h) 
Sailing speed 

dv  (knots) 

Actual hourly fuel 

consumption (tons/h) 
Actual total fuel 

consumption (tons) 

1 16.9857 13.0 1.4905 25.3172 
2 22.2359 10.7 1.1460 25.4823 
3 19.9880 13.1 1.3542 27.0678 
4 22.1410 13.0 1.5634 34.6152 
5 27.2183 10.7 1.3285 36.1595 
6 28.4722 10.7 1.0838 30.8582 
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7 16.6841 13.1 1.3938 23.2543 
8 27.0107 10.7 1.1805 31.8861 
9 22.9783 13.1 1.3564 31.1678 

Total 203.7142 /  265.8084 

7.2.2 Optimizing sailing speed using ensemble weather forecasts 

In the speed optimization experiment using ensemble weather forecasts, the hourly fuel 

consumption in model [M2] is predicted by 
GBf  with discretized speed values, ensemble weather 

forecasts, and operational data as inputs. The optimized sailing speed and sailing time solved by the 

CPLEX optimizer in each segment of voyage i and voyage ii are presented in Table 10 and Table 11, 

respectively. The methods for calculating the actual hourly fuel consumption and total fuel 

consumption in Table 10 and Table 11 are the same as those in section 7.2.1. 

Table 10. The sailing information of the ship in voyage i after optimizing the speed using ensemble 

weather forecasts 
Day Sailing time 

(h) 
Sailing speed 

ensv  (knots) 

Actual hourly fuel 

consumption (tons/h) 

 

Actual total fuel 

consumption 

(tons) 
1 22.7433 13.1 1.3438 30.5625 
2 23.0810 13.1 1.3489 31.1340 
3 23.3887 13.1 1.3419 31.3853 
4 24.4178 13.0 1.3026 31.8066 
5 18.5668 18.0 2.0745 38.5168 
6 24.3290 13.1 1.3655 33.2213 
7 29.0115 10.7 1.1110 32.2318 
8 26.3411 10.7 1.1083 29.1938 
9 18.6601 13.1 1.3730 25.6203 
Total 212.5393 / / 283.6723 

 

Table 11. The sailing information of the ship in voyage ii after optimizing the speed using ensemble 

weather forecasts 
Day Sailing time 

(h) 
Sailing speed 

ensv  (knots) 

Actual hourly fuel 

consumption (tons/h) 
Actual total fuel 

consumption (tons) 

1 16.9857 13.0 1.4905 25.3172 
2 22.2359 10.7 1.1460 25.4832 
3 19.9880 13.1 1.3542 27.0677 
4 22.1410 13.0 1.5634 34.6152 
5 27.2183 10.7 1.3285 36.1595 
6 23.4348 13.0 1.3705 32.1174 
7 16.6841 13.1 1.3938 23.2543 
8 27.0107 10.7 1.1805 31.8861 
9 22.9783 13.1 1.3564 31.1678 
Total 173.9864 / / 267.0676 

 

The actual overall fuel consumption after optimizing the sailing speeds and the overall fuel 

consumption prediction based on the original sailing speeds in the noon report for voyages i and ii are 
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summarized in Table 12; both are obtained via 2

XG

Sf . As shown in Table 12, the ship consumes 

556.0849 tons of fuel to complete voyage i and voyage ii in the deterministic weather forecast setting, 

and it consumes 550.7399 tons of fuel to complete the same voyages in the ensemble weather forecast 

setting. It can be concluded that, compared to using the deterministic weather forecasts, using the 

ensemble weather forecasts to optimize the sailing speed can reduce the overall fuel consumption of 

the voyage by more than 1%. If we compare the fuel consumption after sailing speed optimization 

using ensemble weather forecasts and the actual total fuel consumption before sailing speed 

optimization, i.e., 596.5593 tons, we can conclude that fuel consumption can be reduced by more than 

7.7%. Compared to the use of deterministic weather forecasts, using ensemble weather forecasts to 

optimize the sailing speed can reduce the total fuel consumption to complete voyage i by over 2.27% 

(a reduction from 290.2765 tons to 283.6723 tons, respectively). However, the total fuel consumption 

to complete voyage ii increases by over 0.47% (from 265.8084 tons to 267.0676 tons, respectively) if 

we use the ensemble weather forecast to optimize the speed. As mentioned above, the actual total fuel 

consumption at certain speeds is predicted by 2

XG

Sf . However, as 2

XG

Sf  is not completely accurate, 

it will inevitably introduce errors into the prediction results. Therefore, the actual total fuel 

consumption predicted by 2

XG

Sf  will fluctuate to some extent.  

Table 12. Actual fuel consumption of two 9-day sailing voyage after speed optimization in 

deterministic and ensemble weather forecast settings  
Voyage Actual total fuel 

consumption before 

speed optimization 

beforeF  (tons) 

Actual total fuel consumption after 

speed optimization (tons) 

Reduction ratio 

Deterministic 

weather forecast 

setting dF  

Ensemble 

weather forecast 

setting ensF  

100%
before ens

before

F F

F
 100%d ens

d

F F

F
 

Voyage i 304.1203 290.2765 283.6723 6.7%  2.28% 

Voyage ii 292.4390 265.8084 267.0676 8.7% -0.47% 

Total 596.5593 556.0849 550.7399 7.7%  1.00% 

Note: The actual total fuel consumption before speed optimization is predicted by 2

XG

Sf  when the ship sails at the speeds in the noon report under the 

actual sea/weather conidtions derived from the ERA5 dataset. 

 

8. Future work 

The framework proposed in this study provides an alternative solution to compare the impacts of 

different weather forecasts on ship sailing speed optimization when the actual fuel consumption is not 
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accessible. In this framework, we assume that the actual fuel consumptions are predicted by 
XGf .    

XGf  is trained based on historical data which combine the noon report data and the meteorological 

values obtained from the ERA5 dataset. However, 
XGf  cannot accurately predict the actual fuel 

consumption with 100% accuracy. In the future, we could consider building a simulation platform that 

simulates ship fuel consumption rates with all possible combinations of sailing speed profile and the 

surrounding sea/weather conditions. This would enable us to compare the impacts of different weather 

forecasts on sailing speed optimization in a fairer manner. 

In addition, the sea and weather conditions used for optimizing sailing speeds are static, as they 

are obtained through the latest updated weather forecasts before the ship’s departure. However, the 

static sea and weather conditions cannot reflect the continuously changing environment at sea. 

Therefore, the vessel sailing speed optimization based on the static sea and weather conditions may 

not generate the optimal speeds throughout the voyage. In the future, we can implement the rolling-

horizon approach in the vessel sailing speed optimization decision problem. More specifically, the 

sailing speeds of the vessel can be continuously optimized for the remaining voyage based on the 

established speed optimization model once the latest updated weather forecast data are obtained. 

Therefore, the rolling-horizon method can offset the distortion of speed optimization results caused by 

the changing sea and weather conditions over time. Similarly, based on the rolling-horizon approach, 

we can also compare the impacts of deterministic and ensemble weather forecasts on ship sailing speed 

optimization.  

Furthermore, the meteorological dataset used in this study has a limited spatial resolution, which 

may not provide meteorological values for the exact locations of waypoints and interpolated points. 

Therefore, the IDW is used to calculate the weighted average of the meteorological values at the four 

corner points of the grid in which the waypoint or interpolated point is located. This weighted average 

is then used as the meteorological value for the waypoint or the interpolated point. In the future, we 



36 

 

can consider more grid points, such as corner points of eight adjacent grids around the grid where the 

waypoint is located, as measured points to estimate the meteorological values for the waypoint or 

interpolated point. Furthermore, we can investigate the impact of the number of measured points on 

the accuracy of sea and weather information derived for waypoints or interpolated points, such that we 

can determine the optimal number of measurement points to obtain more accurate sea and weather 

information, thereby improving the performance of the vessel sailing speed optimization model. 

9. Conclusion 

In this work, we investigate the impacts of two different data fusion methods on a FCPM of ship 

and compare the impacts of deterministic and ensemble weather forecasts on ship speed optimization. 

First, we develop two different data fusion methods to combine noon report data and external 

meteorological data to generate two different datasets for training and testing an actual FCPM. From 

the prediction accuracy on the test set, we find the rhumb line based fusion method produces more 

accurate meteorological data than the fusion method that directly connects meteorological data with 

raw noon report records. Therefore, the rhumb line based fusion method is employed to prepare the 

essential data for the two-phase speed optimization model.  

Second, based on a two-phase speed optimization model, the impacts of deterministic weather 

forecasts and ensemble weather forecasts on speed optimization are investigated. Specifically, in phase 

one, a simulated dataset is generated by adding Gaussian noise to the features of the original fusion 

dataset, which is adopted for training and testing a FCPM based on the GBRT algorithm. In phase two, 

a speed optimization model established on the predicted fuel consumption is adopted to minimize the 

total fuel consumption over a voyage, generating optimized speed profiles under the deterministic and 

ensemble weather forecast settings, respectively. In numerical experiments on two 9-day sailing 

voyages, the total fuel consumption with the speed profile based on ensemble weather forecasts is 1% 

lower than that based on deterministic weather forecasts. Based on global marine fuel consumption in 

2019, speed optimization based on ensemble weather forecasts could save 2 million tons of fuel, 
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demonstrating the potential of ensemble weather forecasts in speed optimization.  

This study contributes to the field in two ways. First, the comparison of the two data fusion 

methods provides new insights into ways to remedy the quality and quantity issues in the sea and 

weather conditions of ship noon reports. Second, this study proposes a framework to compare the 

impacts of ensemble versus deterministic weather forecasts on ship sailing speed optimization when 

the actual ship fuel consumptions are unavailable, making it possible to evaluate the fuel consumption 

of multiple speed plans based on different weather forecast data before a voyage. Based on the 

evaluation results, we suggest that shipping companies should plan the sailing speed of their ships 

based on ensemble weather forecasts, which will reduce ship fuel consumption and GHG emissions to 

a larger extent. Therefore, the study will help both shipping firms and policy makers improve the 

environmental sustainability of maritime transport.  
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Appendix A.  Comparison of different machine learning algorithms on predicting the hourly fuel 

consumption rate 

Based on the dataset which combines the noon report data and meteorological data derived from 

the ERA5 dataset by the rhumb line based fusion method, the prediction performance of the XGBoost 

regressor is compared with several popular machine learning algorithms. Four popular regression 

models are selected for comparison: RF, DT, LASSO regression, and ANN. DT uses a tree structure to 

partition the training data into smaller subsets, and then predicts the output of each subset by 

calculating the mean of the outputs of the samples contained in the subset. Random forest builds 

multiple decision trees and combines their predictions to improve the accuracy and robustness of the 

model. ANN is a machine learning model inspired by the structure and function of the human brain, 

consisting of interconnected nodes that process and transmit information to make predictions. LASSO 

is a linear regression technique that uses regularization to prevent overfitting and improve the model’s 

accuracy and interpretability by shrinking the coefficients of less important features towards zero. The 

datasets utilized to train and test the models are identical to those employed for the XGBoost regressor. 

In addition, we adopt the scikit-learn python library 1.0.2 to construct the RF, DT, LASSO, and ANN 

models. The hyperparameters for these models are tuned by the Hyperopt tool with five-fold cross 

validation. Table 13 summarizes the performance of the prediction models. It shows that the XGBoost 

model demonstrates the best prediction performance with the minimum MSE, MAE, and MAPE, as 

well as the highest R2 among all the models. 

Table 13. Performance of five models on test set 

Model/Metric MSE MAE MAPE R2 

XGBoost 0.024 0.107 7.706 0.777 

RF 0.040 0.114 9.508 0.702 

DT 0.045 0.111 9.213 0.658 

LASSO 0.049 0.163 11.156 0.479 

ANN 0.048 0.153 10.840 0.641 




