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Abstract8

Ship speed is one of the most fundamental parameters which influences ship design, the9

energy efficiency of its operation, and safety. Therefore, ship speed selection and prediction under10

various environmental and operational conditions are of great concern recently for optimizing ship11

design and operational performance. Among the different approaches that address the ship speed12

topic, data-driven methodologies and Artificial Neural Network (ANN) techniques are attracting13

widespread interest due to its efficiency, accuracy, robustness, flexibility, and fault tolerance.14

Consequently, this study investigates multiple ANN model sizes and architectures to determine15

the suitable network parameters for ship speed prediction. Thus, we have a good balance between16

the model’s prediction accuracy and computational complexity. For this study, a publicly-available17

high-quality operational dataset suitable for benchmarking the results is utilized. This analysis also18

includes the effect of the data quantity and sampling duration on the data correlation and the ANN19

performance. The results indicate that the proposed ANN model can accurately predict ship speed20

under real operational conditions with an error of less than 1 knot. Furthermore, it has been shown21

that the proposed model can help with the decision-making and optimization processes of voyages22

planning and execution.23

Keywords: Ship speed prediction, Data-driven model, Machine learning, Artificial neural24

network, MATLAB25

1. Introduction26

Improving the operational efficiency of seaborne transportation and reducing its environmental27

impact have received much attention by ship owners, maritime regulators, and decision makers28

in recent years. This is due to the fact that the total shipping greenhouse gas (GHG)29

emissions and its share in the global anthropogenic emissions have increased by 9.6% and 4.7%30

respectively between 2012 and 2018 according to the most recent GHG study by the International31
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Maritime Organization (IMO) despite implementing more rigorous regulations (Faber et al., 2020).32

Moreover, with the projected growth in seaborne trade and the continued increase of ships number33

and size, ship emissions are expected to increase by 90% to 130% of 2008 emissions by 205034

(Faber et al., 2020). Therefore, greater efforts are necessary for further GHG emissions reduction35

(Gössling et al., 2021).36

Current mandatory technical and operational measures adopted by the IMO to reduce shipping37

emissions include the Energy Efficiency Design Index (EEDI) for new ships built from 201338

onwards, and the Ship Energy Efficiency Management Plan (SEEMP) for all ships (Rehmatulla39

et al., 2017; Bazari and Longva, 2011). Moreover, the Marine Environment Protection Committee40

(MEPC) of the IMO has adopted new mandatory measures which are the Energy Efficiency41

Existing Ship Index (EEXI) and the Carbon Intensity Indicator (CII) for all ships to further reduce42

ships fuel consumption and GHG emissions to meet the IMO target of 50% emission reduction in43

2050 compared to 2008 (De Oliveira et al., 2022).44

Among the different types of energy efficiency measures available, measures mainly based45

on speed (i.e. slow steaming) and measures that have a speed element (i.e. voyage execution46

and weather routing) are considered the most effective for ship operational efficiency (Poulsen47

et al., 2022; Rehmatulla and Smith, 2015). This can be explained as a cubic relationship can be48

assumed between ship speed and ship required power which can be used to give an indication of49

the consumed energy during a ship voyage (Dalheim and Steen, 2021; Molland et al., 2017). Also,50

ship speed has a non-linear relationship with fuel consumption, fuel cost and emissions (Psaraftis51

and Kontovas, 2013). Therefore, a small variation in ship speed can have a significant impact on52

the ship power and consequently its fuel consumption, energy efficiency and emissions (Dalheim53

and Steen, 2021). Also, speed related measures do not require major installation and application54

costs or physical modifications to the ship before its application and can be implemented quickly55

without affecting the ship operation (Poulsen et al., 2022; De Oliveira et al., 2022). However, speed56

selection and adjusting during the design stage and operation of a ship depend on the shipping57

sector and its trading pattern, ship payload and fuel consumption, fuel price, freight rate, etc.58

which will influence ship’s profitability and energy efficiency (Poulsen et al., 2022; Rehmatulla59

and Smith, 2015). Therefore, accurate prediction of ship speed in real operational conditions as60

well as in design stage is extremely valuable prior to implementing any EEDI or SEEMP measures61

for better ship operation monitoring and performance evaluation.62

The economically and environmentally efficient operation of vessels depend considerably on63

ship speed selection and prediction in different operational conditions. In this respect, ship speed is64

required to assess the ship’s EEDI alongside its capacity and CO2 emissions. Moreover, accurate65

ship speed estimation is a necessary prerequisite for an accurate prediction and optimization of66

ship fuel consumption (Zhou et al., 2021; Bialystocki and Konovessis, 2016). In addition, ship67

speed is a key input variable in estimating ship emissions and a key driver of the rate of emissions68

growth (Faber et al., 2020). Furthermore, an accurate ship speed prediction is required for efficient69

voyage planning and execution which includes ship weather routing and trajectory prediction to70

satisfy both the commercial and environmental constraints (Poulsen et al., 2022; Zis et al., 2020).71

Likewise, inaccurate ship speed prediction impacts the ship’s estimated time of arrival (ETA)72

which will affect the operational efficiency of ports and its call optimization framework (Park73

et al., 2021). It is also essential to forecast ship speed accurately for developing navigational74
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assistance systems, maneuvering optimization, traffic control and collision prevention techniques75

for safe ship operation (Wang et al., 2022b; Huang et al., 2020; Du et al., 2019; Gan et al., 2016).76

The accurate forecast and monitoring of ship speed can also help with identifying the impact of77

biofouling on the ship performance and speed loss during service which significantly impacts the78

ship operational performance and profitability (Tarełko, 2014; Farkas et al., 2020).79

Traditional techniques of speed prediction include regressing the data obtained during ship80

speed trails on full-scale and model-scale experimental work to obtain the relation between81

ship speed, power and propeller speed (ITTC, 2017b,a). Ship speed performance can be also82

approached computationally by analyzing the flow around the ship using different numerical83

methods of computational fluid dynamics (CFD) (Molland et al., 2017) or by using the84

mathematical modeling and numerical simulation method (Nielsen et al., 2019). Physics-based85

models also include using in-service propeller measurements of torque and rotational speed to86

model the ship speed as suggested in (Dalheim and Steen, 2021). However, physics-based methods87

are usually limited to a specific ship characteristics beside the cost, time, and effort spent on ship88

trails and experimental work (Wang et al., 2022b). Moreover, CFD models are computationally89

expensive, complex and time-consuming (Petersen et al., 2012). Aside from traditional models,90

ship operational data and environmental measurements can be utilized to drive the ship speed91

based on data-driven different techniques such as Machine Learning (ML) which doesn’t need92

much physical knowledge about the ship with more robust prediction and ease of implementation93

than theoretical models (Bassam et al., 2022; Soner et al., 2019). Furthermore, a hybrid approach94

that incorporates physics-based model and data-driven model, normally referred to as grey model,95

has been proposed for ship speed prediction but it still has the physics-based model limitation96

(Wang et al., 2022b; Liu et al., 2020).97

Along with the growing interest in ship performance monitoring and optimization for more98

efficient operation, ML models have gained increasing attention owing to its capability of dealing99

with high-dimensional data with a nonlinear structure such as ship operational data and extracting100

valuable information from this raw data (Dalheim and Steen, 2020; Soner et al., 2019). This101

attention is also being driven by the increasing number of ships equipped with sensors and the102

increasing rate of data generation due to the rapid development of sensor technology and data103

acquisition systems (Dalheim and Steen, 2020; Shenoi et al., 2015). Therefore, more advanced,104

proper, and robust techniques are required to process this big data which is difficult to process105

using traditional data processing techniques (Soner et al., 2019; Shenoi et al., 2015).106

2. Related work107

Various data-driven ML methodologies have been investigated for ship speed prediction in108

the literature for ship performance monitoring and optimization. Due to its simplicity and ease109

of implementation and interpretation, Linear Regression (LR) has been proposed for ship speed110

prediction and used as a baseline for comparison with other models. LR was used in (Berthelsen111

and Nielsen, 2021) to predict the speed-power relationship utilizing noon reports of 88 tankers.112

In (Mao et al., 2016), LR was compared with the autoregressive and the mixed effects models113

to predict ship speed as a function of the main engine speed and weather conditions for a114

containership collected over 28 voyages in the North Atlantic. Also, LR was compared with115
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the generalized additive models and projection pursuit regression models in (Brandsæter and116

Vanem, 2018) for the prediction of ship speed in terms of shaft thrust, ship motion, trim, and117

draft, and the wind conditions available from full scale sensor measurements. For a bulk carrier,118

LR was also considered in a quantitative and qualitative comparison with several widely-used119

data-driven methods for ship speed prediction where random forest (RF) outperformed other120

models considering the ship dynamic information and metocean forecasts (Wang et al., 2022b). A121

new method based on RF was also proposed for the same bulk carrier by introducing the historical122

speed sequential data to the RF model to improve its accuracy for short-term speed prediction123

(Wang et al., 2022a). Moreover, the ability of the RF and two gradient boosting methods to predict124

the ship speed in ice condition was demonstrated in (Rao et al., 2021) with an average mean125

absolute error of 3.5 knots in a ship operational speed range of 0 to 20 knots.126

Due to its power and efficiency in describing nonlinear systems, Gaussian Process (GP) model127

has been also employed to predict the speed and engine power of a containership in (Yoo and128

Kim, 2019) using the real ship operational data and weather data. Likewise, GP model yielded129

the best results in predicting ship speed when compared to linear regression, Support Vector130

Machine (SVM), regression trees, and ensembles of trees models for a case study utilizing a131

high-quality operational dataset of a ferry (Bassam et al., 2022). Using the same dataset, a GP132

model was also compared to a shallow Artificial Neural Network (ANN) model to predict the133

ship fuel consumption and speed where the ANN model provided better performance with a root134

mean square error (RMSE) of 0.32 knots compared to a RMSE of 0.63 knots for the GP model135

(Petersen et al., 2012). For the same ferry, tree-based regression methods adopting bagging,136

random forest, and bootstrap techniques have been compared to the GP and ANN models and137

the ANN model as well performed marginally better than the tree-based and GP models (Soner138

et al., 2018). Moreover, shrinkage regression models such as the Ridge and the Least Absolute139

Shrinkage and Selection Operator (LASSO) models have been investigated in (Soner et al., 2019)140

utilizing the same ferry operational dataset, and both methods provided better speed prediction141

than the GP model in (Petersen et al., 2012) with a RMSE of 0.52 knots and 0.45 knots for the142

Ridge and LASSO models respectively, but the ANN model still provided a better speed prediction143

accuracy.144

For operational optimization, a shallow ANN model with 1 hidden layer, as a black box model,145

was combined with a physically-based model to predict the ship speed and fuel flow rate of an146

ocean vessel which improved significantly the prediction accuracy of the physically-based model147

(Leifsson et al., 2008). Likewise, a shallow ANN model yielded the best performance in predicting148

the ship power and speed compared to nonlinear versions of the principal component and partial149

least squares regression models for ship hydrodynamic performance monitoring (Gupta et al.,150

2022). Furthermore, because of its generalization and extrapolation capabilities, a deep ANN151

model with 2 hidden layers was also used as a black box model for a decision-making support152

system in which the outputs were the ship speed and hourly fuel consumption (Rudzki and Tarelko,153

2016). The ANN approach was also shown to be more accurate and efficient that SVM and154

polynomial regression for the prediction ship speed and fuel consumption utilizing a simulated155

data from a weather routing code in (Moreira et al., 2021). Moreover, for ship maneuvering156

simulation, shallow and deep neural network models with different architectures were used to157

predict ship speed in different directions of surge, sway and yaw based on data obtained from158
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model-scale or full-scale maneuvering trails or from a maneuvering mathematical model (Moreira159

and Soares, 2003; Hao et al., 2022). The integration of an optimization technique such as particle160

swarm optimization (PSO), orthogonal least square or fuzzy logic approach with ANN models161

were also proposed for more accurate ship speed prediction (Valčić et al., 2011; Gan et al., 2016).162

From the above, it can be seen that modeling and predicting ship speed is an active163

research area utilizing different machine learning techniques for different purposes. Among these164

techniques available, artificial neural network based models have been found more accurate in165

prediction due to their high inference accuracy, flexibility, robustness, fault tolerance, adaptability,166

scalability, generalization and extrapolation capabilities in many successful applications. This167

includes ship speed prediction as shown in the literature, prediction of ship resistance and added168

resistance, fuel and energy consumption, emissions, power, ship trajectory, etc. (Simsir et al.,169

2014; Parkes et al.; Peng et al., 2020; Cepowski, 2020; Karagiannidis and Themelis, 2021; Sun170

et al., 2022). However, previous studies proposed different artificial neural network (ANN)171

architectures and parameters which are inconclusive as to which architecture is more suitable for172

accurate ship speed prediction. Therefore, this study investigates the performance of shallow173

and deep ANN models with different architectures and sizes for better ship speed prediction174

accuracy. The investigation includes the influence of the number of hidden layers and neurons175

as well as the influence of the utilized dataset size on the performance of the ANN models and176

their computational complexity. The effect of the utilized dataset size on the interrelation between177

different ship operational parameters is also examined through a correlation analysis. Moreover,178

a sensitivity analysis is performed to study the effect of varying the number of ANN training179

cycles on the model prediction accuracy. Furthermore, computational experiments are conducted180

to investigate the generalization capability and functionality of the developed ANN model.181

The rest of the paper is organized as follows; Section 3 provides a short description of ANN182

systems and the working principle. Section 4 gives a brief description of the utilized ship and the183

operational dataset preprocessing. Meanwhile, Section 5 elaborates on the used methodology and184

simulation parameters. In Section 6, the simulation results are presented and analyzed. Finally,185

Section 8 presents the overall conclusions and recommendations.186

3. Artificial neural networks187

Inspired by the human brain biological nervous system, a mathematical model is developed188

which consists of neurons grouped into layers. These layers are mainly the input, output, and189

one or more hidden layers (Hagan et al., 1997). The number of hidden layers defines the network190

depth, where a network with more than 1 hidden layer is a deep neural network. The layers and191

neurons are connected to process the data where the strength of each connection is indicated by a192

unique weighting. These weights are adjusted during the network training according to a specific193

learning rule using the available dataset. In view of our problem of predicting the ship speed194

as a function of other ship operational variables, it is a regression supervised machine learning195

problem.196

The main basic steps for applying an artificial neural network to map the nonlinear inputs and197

output include preprocessing the data, selecting the network architecture, training the network,198

validating the network, testing and evaluating the network. As shown in Figure 1, in this study199
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the provided data from the vessel database is preprocessed and divided into three branches for200

training, validating, and testing data. This data is then used with different ANN model sizes201

and architectures to determine the suitable network parameters for ship speed prediction in terms202

of prediction accuracy and computational complexity. These steps are described briefly in the203

following sections.204

Figure 1: Flow diagram of the proposed methodology

4. Data description & preprocessing205

A high-frequency real ship operational dataset suitable for benchmarking the results is used to206

train the ANN in this study. This dataset is obtained from the passenger and car ferry ’MS Smyril’207

which operates around the Faroe Islands sailing two or three voyages daily between the capital208

Tórshavn to the southernmost island Suduroy and its main specifications are shown in Table 1.209

Table 1: Specifications of the ’MS Smyril’ ferry

Parameter Value
Length 123 m
Breadth 22.7 m
Draft 5.6 m
Passenger capacity 975
Car capacity 970 m / 200 cars
Service speed 21 kn
Main engines 4 * MAN B&W 7L32/40

The data was recorded using an automated data acquisition system installed onboard the ship210

over a duration of two months and more than 250 trips (Petersen et al., 2012). The data collection211
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system consisted of a computer placed on the ship to collect the data from the measuring devices212

and store it for further analysis. The measuring devices included a Doppler speed log and GPS213

for ship speed measurements, an inclinometer for the trim angle measurements, and two radars for214

water level measurements placed on both sides of the ship. Measurements also included the port215

and starboard rudder angle, port and starboard propeller pitch, and the wind angle and direction.216

A full description of the data acquisition system components and its measurement frequency can217

be found in (Soner et al., 2019; Bassam et al., 2022; Propulsion modelling).218

The selected measurements used to train the ANN models for ship speed prediction in this219

study are presented in Table 2. These measurements are chosen for their significant influence220

on the ship speed and performance (Soner et al., 2018; Yoo and Kim, 2019). It should also221

be mentioned that ship speed over ground is used in this analysis due the higher reliability and222

accuracy of the GPS besides the difficulty and uncertainty of speed through water measurements223

(Dalheim and Steen, 2021; Gupta et al., 2022). Moreover, ship speed over ground is influenced by224

the sea currents and takes it into consideration.225

Table 2: Selected parameters and measurement frequency (Propulsion modelling)

Feature Measurement
unit

Measurement
frequency (Hz)

Ship speed Kn 1
Trim angle degree 3
Port water level measurement m 3
Starboard water level measurement m 3
Port propeller pitch Volt 1
Starboard propeller pitch Volt 1
Port rudder angle Volt 1
Starboard rudder angle Volt 1
Wind angle degree 0.5
Wind speed m/s 0.5

Due to the varying sampling rate of the installed ship monitoring devices, different226

measurements were first resampled on MATLAB at an average frequency of 1 Hz utilizing the227

linear interpolation method as suggested in (Gupta et al., 2022). Then, to further decrease the228

measurements noise, signal averaging is performed over a suitable window size or sampling229

period. It should be noted that different window sizes have been proposed in the literature230

which includes 15 minutes (Gupta et al., 2022), 10 minutes (Leifsson et al., 2008), or 5 minutes231

(Brandsæter and Vanem, 2018). Therefore, a sensitivity analysis of different sampling periods is232

made in this study. However, this step should made for the most relevant variables which can be233

selected through feature selection.234

In order to improve the ANN model prediction accuracy, reduce its computational cost and the235

overfitting risk, feature selection is firstly performed to ensure that the features which are highly236

correlated to the ship speed are selected and used for the model training. Due to the nonlinear237

nature of the ship operational data, distance correlation (Székely et al., 2007) is used in this study238
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to evaluate the interrelation between the ship speed and other measured operational parameters.239

Unlike linear correlation usually used in the literature (Brandsæter and Vanem, 2018; Gkerekos240

et al.; Moreira et al., 2021), distance correlation can capture the nonlinear association between241

variables with more reliability and robustness.242

Moreover, to further improve the data representation and the ANN model performance, feature243

engineering is also performed by generating new variables from the raw data to better describe244

the underlying problem. In this respect, the measured water level at both the port and starboard245

ship sides were transformed into the draft amidships. Also, in order to overcome the wind246

direction discontinuity between 0◦ and 360◦, the measured apparent wind speed and angle were247

transformed into two new variables which are called crosswind and headwind. Moreover, the trim248

angle measurements were also corrected to calculate the real ship trim angle via the inclinometer249

calibration constant.250

As shown in Figure 2, the distribution of the processed ship operational dataset is illustrated251

where most of the ship speed is in the 15 to 25 knots range with the propellers’ pitch between252

70% and 90%. Also, the trim angle represents a ship trim range of -1.5 to 1.25 m with a ship draft253

between 5 and 6 m related to the ship loading and refuelling. Moreover, the relative headwind and254

crosswind varies between 0 to 35 Kn. It can be seen that different variables retain their distribution255

shape for different sampling periods but with different data frequency. This is because, reducing256

the data window size will increase the available number of samples. The resulted sample size is257

5425, 2653, and 1732 observations using a 5, 10, and 15 minutes window size respectively.258

In the meantime, sample size also affects the correlation estimation. A small sample size often259

results in an inaccurate and unstable correlation estimation (Schönbrodt and Perugini, 2013). This260

is due to the fact that a small sample size may not reflect the data population accurately which can261

result in a spurious correlation coefficient. However, the required sample size for a stable estimates262

of the correlations depends on the data homogeneity, the effect size measure for correlation, the263

corridor of stability around the true correlation, the requested confidence, and the nature of the264

study itself. Therefore, in order to investigate the effect of sample size on correlation estimates,265

the correlation analysis in this study is made with different sample sizes according to the utilized266

sampling period of the recorded data as discussed earlier.267

As indicated in Table 3, by increasing the sample size, the correlation estimation uncertainty268

is reduced and its stability is improved. Distance correlation ranges between 0 and 1 where 0269

indicates no correlation and 1 is total correlation. Since the propeller pitch and rudder angle270

have a significant effect on ship speed and maneuverability, their dependence with ship speed271

are high as shown in Table 3. On the other hand, headwind and crosswind variables have lower272

correlation with the ship speed because the data was collected over a period of two months where273

the meteorological conditions didn’t change much. Meanwhile, with a correlation value of 0.7 or274

higher as an indication of a significant correlation, a stronger correlation can be detected between275

the rudder angles and the ship speed using a larger sample size. While, at smaller sample size, a276

moderate correlation can be shown as listed in Table 3.277

Another important data preprocessing step is the feature scaling which is made to have a more278

consistent dataset and make its different attribute values and scales to have equal weights for the279

training of neural network model. For this study, the data standardization method is used to rescale280

all data to have a zero mean and a unit standard deviation as suggested in (Gkerekos et al.; Gupta281
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Figure 2: Histograms of ship operational variables using different sampling time

et al., 2022). Afterward, the processed dataset is used in training the neural network model for282

accurate ship speed prediction as will be discussed later in the following sections.283

5. Neural network parameters284

The selection of the suitable network structure and parameters is a fundamental issue to provide285

an accurate prediction. Therefore, this study aims to investigate the effects of different ANN286

parameters on the prediction performance, especially the number of hidden layers and neurons.287

For this type of operational data, a shallow ANN model with 1 hidden layer has been considered288

sufficient for accurate prediction (Petersen et al., 2012; Du et al., 2019). Also, deep networks289

with large number of hidden layers have been used in several studies utilizing ship operational290

data (Bui-Duy and Vu-Thi-Minh, 2021). However, by increasing the neural network depth, the291

overfitting risks and computational complexity are also increasing (Parkes et al.; Gupta et al.,292

2022). This has been discussed in prior studies where different architectures of neural network293

with up to 5 hidden layers were compared and it was found that a shallow model with 1 hidden294

layer (Gupta et al., 2022) or a deep model with 2 hidden layers (Parkes et al.) are sufficient for295
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Table 3: Distance correlation of ship speed to other operational variables using different sampling periods

Variables Sampling period
5 minute 10 minute 15 minute

Port propeller pitch 0.9282 0.8832 0.8211
Starboard propeller pitch 0.9073 0.8632 0.81
Port rudder angle 0.7779 0.7212 0.6201
Starboard rudder angle 0.6775 0.6099 0.5255
Draft 0.556 0.4011 0.3164
Trim angle 0.2935 0.3108 0.2923
Headwind 0.2777 0.1904 0.1118
Crosswind 0.107 0.0921 0.0728

accurate prediction. Therefore, neural network models with 1 and 2 hidden layers are investigated296

for ship speed prediction in this study.297

Regarding the number of neurons in the hidden layers, several studies have addressed this298

issue experimentally with a trial and error procedure because there is no general rule to decide299

the neurons number (Beşikçi et al., 2016; Parkes et al.; Bui-Duy and Vu-Thi-Minh, 2021). For300

example, a range between 1 and 100 neurons in each layer has been tested for shaft power301

prediction in (Dalheim and Steen, 2020) and for ship performance monitoring in terms of shaft302

power and speed in (Gupta et al., 2022). In (Bui-Duy and Vu-Thi-Minh, 2021), the tested number303

of hidden nodes was between 50 to 200 for a ship fuel consumption model. A larger number of304

hidden neurons of up to 3500 has been tested for predicting ship fuel consumption and speed.305

However, using more neurons in the hidden layers increase the probability of overfitting and poor306

generalization (Du et al., 2019). In some previous studies, the number of neurons in the hidden307

layers were not specified (Petersen et al., 2012; Simsir et al., 2014; Peng et al., 2020).308

Based on the MATLAB (R2019b) Deep Learning Toolbox, different architectures of feed309

forward neural networks (NN) are investigated in this research for better ship speed prediction as a310

function of the measured real ship operational data processed in Section 4. The training of different311

NN architectures is based on the Levenberg-Marquardt algorithm as suggested in (Leifsson et al.,312

2008; Simsir et al., 2014; Beşikçi et al., 2016) where the network weights are updated during313

the training using the back-propagation technique to improve the network accuracy. This step314

is repeated for a number of cycles or epochs which has a default maximum number of 1000.315

During the training process, a validation check is performed to avoid overfitting and improve316

the generalization capability of the network. In this check, part of the available dataset is used317

to calculate a validation error which should decrease during training. An early stopping of the318

training is initiated when the validation error starts to increase for a specified number of epochs319

and the network weights are returned to its values at the minimum validation error. After the320

network training and validation, another part of the dataset is used to test the trained network321

where a test error is also calculated to compare the performance of different trained networks.322

Accordingly, the available dataset is randomly divided into 3 sets; training, validation, and test323

sets, with standard percentages of 70%, 15%, and 15% respectively (Hagan et al., 1997; Parkes324

et al.; Moreira et al., 2021).325
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Furthermore, the process of training, validating, and testing of different ANN architectures326

under investigation is repeated 10 times as suggested in (Gkerekos et al.) and the results are327

averaged to have more consistent representation of the prediction performance which is evaluated328

using performance metrics as explained in the next section.329

5.1. Performance indicators330

The performance of different ANN models can be evaluated through different prediction331

performance indices which include the mean square error (MSE) which calculates the average332

of the square of the errors between the measured values of the ship speed yi and the predicted333

values ŷi made by the ANN model for a number of samples n according to the following equation.334

MSE =
1
n

n∑
i=1

(yi − ŷi)2 (1)

By taking the square root of the MSE, another common error estimation criterion is calculated335

which is the root mean square error (RMSE) as shown in the following equation.336

RMSE =

√√
1
n

n∑
i=1

(yi − ŷi)2 (2)

A similar error metric to the RMSE, which is the mean absolute error (MAE) that calculates337

the average of the absolute errors between the measured and predicted values of the ship speed as338

follows.339

MAE =
1
n

n∑
i=1

|yi − ŷi| (3)

The MAE has more robustness and less sensitivity to the data outliers compared with the MSE.340

Moreover, in order to represent the quality of the ANN model predictions and show the variability341

between the real ship speed measurements and the ANN model predictions, the coefficient of342

determination R2 can be used and it is computed as follows,343

R2 = 1 −
∑n

i=1(yi − ŷi)∑n
i=1(yi − ȳi)

(4)

where ȳi is the average value of the response variable (i.e. ship speed). This coefficient’s value344

ranges between 0 and 1 where a higher R2 indicates a better data fit. On the other hand, the lower345

the MSE, RMSE, and MAE, the better the model performance.346

6. Results & analysis347

In this section, the performance of different ANN model architectures for predicting the348

operational ship speed as a function of other ship operational parameters will be evaluated. For 1349

hidden layer networks, different number of hidden neurons up to 1000 are examined for different350

sampling periods of the utilized ship operational dataset. As shown in Figure 3, by reducing the351
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sampling window size of the dataset, more data samples are available for the ANN model which352

results in better training, lower prediction errors, and higher coefficients of determination. For353

example, at 200 hidden neurons in the hidden layer, the ANN model predicted better with an R2 of354

approximately 94% when the utilized dataset has a 5-min averaging time window compared to an355

R2 of approximately 90% and 80% when the ANN model was trained with dataset averaged over356

10 and 15-min time windows respectively. Also, the ANN model has lower prediction RMSE by357

about 26% and 47%, lower MSE by 46% and 72%, and lower MAE by 23% and 42% utilizing358

the 5-min averaging time window dataset instead of the dataset sampled over 10 and 15 minutes359

respectively.360

Regarding the optimal number of hidden neurons, a slight improvement of the ANN361

performance indicators can be observed by increasing the number of hidden neurons up to 50362

and 100 neurons. The performance then remains nearly stable as more hidden neurons are added363

to the hidden layer up to 200 neurons. However, by increasing the hidden neurons number of more364

than 200, the ANN model performance starts to decline with higher errors and overfitting risks365

as shown in Figure 3. Therefore, for a shallow ANN network with 1 hidden layer, 200 hidden366

neurons is suitable for accurate prediction. Also, for the deep ANN networks investigation, the367

number of hidden neurons increases up to only 200 neurons. Moreover, the ship operational dataset368

sampled over 5-minutes time windows is used for better training and higher prediction accuracy369

as explained earlier.370

In order to investigate the dependence of the ANN model prediction accuracy on the number371

of hidden layers, another hidden layer is added to the ANN model while testing different numbers372

of hidden neurons up to 200 neurons in both hidden layers. As shown in Figure 4, by increasing373

the number of hidden neurons in the hidden layers, better prediction can be made by the ANN374

model. Lower MSE, MAE, and RMSE by about 21%, 15%, and 11% can be achieved respectively375

by increasing the hidden neurons in both layers as shown in Figures 4a, 4b, and 4c. Also, the376

coefficient of determination can be improved by about 1.4% as shown in Figure 4d with less377

required number of epochs as shown in Figure 4f which are required to train the ANN model before378

stopping the training to ensure the network generalization and avoid overfitting. However, more379

processing time will be required for training the ANN deep network which increases remarkably380

as a result of using more hidden neurons in the hidden layers as shown in Figure 4e.381

Compared with the performance of a single hidden layer with 200 neurons shallow ANN382

model, adding a second hidden layer with 100 neurons to the first hidden layer with 200 neurons in383

a deep ANN network architecture can improve the MSE, RMSE, and MAE by about 11%, 6%, and384

5% respectively while improving the R2 by about 1% with less required number of training epochs385

by about 8%. However, more training time will be required for the deep ANN network which386

exceeds 20 minutes of training per single epoch. Therefore, to trade-off between complexity and387

prediction accuracy of the investigated deep ANN model, an ANN model architecture of 100388

hidden neurons in each hidden layer is found to be suitable and used in the further investigations.389

The proposed ANN model with 2 hidden layers and 100 neurons in each layer can predict the390

ship speed with an R2 of 95% and a MSE of 0.051, MAE of 0.165, RMSE of 0.225 utilizing the391

standardized dataset sampled over 5-min time windows which correspond to a MSE of 0.92 kn2,392

MAE of 0.7 kn, and RMSE of 0.96 kn. Compared with the performance of the exponential GP393

model in (Bassam et al., 2022), the proposed ANN model has lower MSE, MAE, and RMSE by394
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(a) Mean square error (b) Mean absolute error

(c) Root mean square error (d) Coefficient of determination

Figure 3: Performance indicators of the single hidden layer network with different hidden neurons number for different
sampling periods of the dataset
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(a) Mean square error (b) Mean absolute error

(c) Root mean square error (d) Coefficient of determination

(e) Average training time per epoch (f) Number of training epochs

Figure 4: Performance indicators of the deep ANN model of two hidden layers for different number of hidden neurons
utilizing the dataset sampled over 5-min time windows
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about 41%, 25%, and 22% respectively with a higher R2 by 4%. Also, the proposed ANN model395

has better prediction accuracy than the SVM regression model and tree ensemble models with396

a higher R2 of about 8% and lower MSE, MAE, and RMSE of more than 56%, 36%, and 34%397

respectively.398

6.1. Sensitivity analysis399

In order to investigate the sensitivity of the deep ANN model performance to the number of400

training epochs, different values of the performed validation checks are required before stopping401

the ANN model training. The default value of the maximum validation failures in the Neural402

Network Training tool in MATLAB is 6. In this analysis, higher and lower values of the validation403

check number than the default are used for training the proposed deep ANN model of two hidden404

layers with 100 neurons in each layer to show its impact on the ship speed prediction accuracy and405

computational time.406

As shown in Figure 5f, by increasing the value of the maximum validation checks, more407

iterations are performed to train the ANN model before it is stopped. Consequently, more training408

time is required as a result of increasing the training epochs as shown in Figure 5e. However,409

a negligible prediction accuracy improvement can be obtained. For example, increasing the410

validation checks from its default value of 6 to 100 will reduce the ANN model prediction errors411

and improve its coefficient of determination by less than 0.1% as shown in Figures 5a, 5b, 5c, and412

5d. Also, using a lower number of validation checks than the default value of 6 results in poorer413

prediction performance as shown in Figure 5. Therefore, the default validation checks number of414

6 is suitable and used in the further investigations.415

6.2. Computational experiments416

In this section, computational studies are performed in order to investigate the generalization417

capability of the trained deep ANN model for ship speed prediction to demonstrate its usability418

in voyage planning and optimization. A new unseen dataset of a single voyage of the examined419

ferry is used as an input to the ANN model to measure its prediction accuracy of the ship speed.420

As shown in Figure 6, the predicted ship speed by the ANN model is in good agreement with the421

measured real ship speed with an R2 of 94.2% and a MSE of 0.043, MAE of 0.152, RMSE of422

0.207 utilizing the standardized dataset which correspond to a MSE of 0.8 kn2, MAE of 0.6 kn,423

and RMSE of 0.9 kn.424

The trained ANN deep network can be also used in voyage optimization studies such as finding425

the ship optimal sailing speed and investigating different ship energy efficiency measures related426

to ship speed such as slow steaming. For example, the influence of slow steaming with respect to427

the ship expected time of arrival can be investigated using the trained ANN network by changing428

the pitch of ship propellers. As shown in Figure 6, a lower propellers’ pitch than the real values by429

10% is used as an input to the ANN model to predict the ship speed along with the other real ship430

operational and environmental parameters of draft, trim, rudders angles, wind speed, and direction.431

As a result of reducing the propellers pitch 10%, more sailing time of 11 minutes will be required432

to complete the same ship voyage as illustrated in Figure 6. However, assuming a cubic relation433

between the ship speed in Figure 6 and the propulsion power, the consumed energy during the434

voyage is reduced by 14% as a result of reducing the ship speed.435
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(a) Mean square error (b) Mean absolute error

(c) Root mean square error (d) Coefficient of determination

(e) Average training time per epoch (f) Number of training epochs

Figure 5: Performance indicators of the deep ANN model of two hidden layers with 100 neurons in each layer at
different number of validation check utilizing the dataset sampled over 5-min time windows
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Figure 6: Measured and predicted ship speed using real and different values of propellers pitch
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Figure 7: Predicted ship speed at different wind directions

On the other hand, it can be required to reduce the ship sailing time and increase the number436

of daily voyages depending on the market conditions, freight rates, and fuel prices. The influence437

of increasing the propellers pitch on ship speed can be also investigated using the trained ANN438

model. As shown in Figure 6, by increasing the propellers pitch 10% while using other real ship439

operational and environmental parameters, the required ship sailing time can be reduced by 11440

minutes to perform the same voyage. Yet, the consumed energy during the voyage is increased by441

17% as a result on increasing the ship speed assuming a cubic relation between the ship speed and442

propulsion power. However, more accurate prediction of fuel consumption is required for more443

precise estimation.444

The proposed ANN model can be also used to predict the ship speed for a given weather445

forecast data and identify its impact on a given voyage. In the first case, it is assumed that the446

ship sails in a beam wind with an angle of 90◦ while using the real measured wind speed and447

other real ship operational parameters of draft, trim, rudders angles, and propellers pitch. As448

a result, less ship speed is obtained due to wind resistance which increases the voyage time as449

shown in Figure 7. In the second case, while using the real measured wind speed and other real450

ship operational parameters of draft, trim, rudders angles, and propellers pitch, it is assumed that451

the ship experiences a bow wind with an angle of 45◦ which further increases the added resistance452

and consequently increases the sailing time as as shown in Figure 7. Alternatively, more power453

can be used to maintain the required service speed which increases fuel consumption.454
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7. Discussion455

Besides the above computational experiments, the trained ANN model can be used to study456

the effect of changing other ship operational parameters such as ship draft or trim or draft/trim457

combinations which can be made in future studies. Consequently, ANN models for ship458

speed prediction can help with the complex decision-making process for voyage planning and459

execution, speed choice, and monitoring for more efficient ship operation. This can be made460

by integrating the ANN ship speed prediction model in an optimization model with different461

objectives of minimizing the fuel consumption, maximizing profit, reducing voyage time, reducing462

the emissions, etc. It can be also used to provide guidance about the optimal operational parameters463

for a given navigation or sea condition. Moreover, a ship speed prediction model based on ANN464

technique can be used to monitor and forecast the ship speed and identify the impact of biofouling465

on the ship propulsion characteristics.466

However, for more reliable and consistent predictions, more data are required for the ANN467

models’ training. For this study, the proposed ANN model has been trained with a high-quality468

operational dataset but it covers about two months of operation and more than 250 trips of one469

ferry. Hence, it doesn’t include the changing weather patterns during the year. Therefore, a larger470

and more representative dataset is required. A large dataset over several years will be also required471

to identify the impact of biofouling on the ship performance. Also, the measured environmental472

parameters in the utilized dataset includes only the wind speed and direction. Therefore, multiple473

sources of meteorological data should be used in addition to the recorded sensor data onboard the474

ship for more information about waves, sea currents and water temperature (Du et al.).475

8. Conclusion476

The decision-making processes of shipping industry are of growing interest due to the477

challenge of more energy efficient and environmentally friendly ship operations. This is due478

to the many operational, commercial, technical, and environmental parameters, constraints, and479

criteria which are required to be considered and many of them are related, in one way or another,480

with ship speed. Therefore, the selection, prediction, and optimization of ship speed are of great481

importance. However, traditional theoretical and experimental methods of studying ship speed482

can be expensive (i.e. model testing) or have limitations and uncertainties or can require time483

consuming computational approaches. Therefore, data-driven techniques especially Artificial484

Neural Networks (ANN) have gained significant momentum due to their advantages, capabilities,485

and it also driven by the rapidly developing technologies of sensors and communications.486

In this study, ANN has been applied to a high-quality and high-frequency real ship operational487

dataset of a ferry to provide useful insights about the suitable neural network parameters and depth488

for an accurate ship speed prediction balanced with the computational cost. Different sizes and489

architectures of shallow and deep ANN models have been investigated and compared in terms490

of their prediction accuracy of ship speed under real operational conditions and computational491

complexity. For this investigation, a correlation analysis has been performed to select and extract492

the most influential parameters on ship speed from the utilized real ship operational dataset.493

Then, new parameters have been engineered for better representation of the ship operational data.494
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Also, the extracted and engineered parameters have been resampled, averaged, and standardized495

for better training of the ANN models. After training, ANN models are validated, tested, and496

evaluated. Moreover, sensitivity analyses have been performed to show the effect of different data497

quantity as well as different number of validation checks on the performance of different ANN498

models.499

The results show that an ANN with 2 hidden layers with 100 neurons in each layer can500

accurately predict the ship speed with an error of less than 1 knot under real operational conditions501

of the examined ferry. The proposed ANN model also outperformed the SVM and tree ensemble502

models utilizing the same dataset. These results may be different for other types of ships of503

different hull types or different operational conditions. However, due to its black-box nature, the504

proposed methodology in this study of data preprocessing and ANN model training can be used505

with different ship types and operational conditions without an additional domain knowledge.506

The performed sensitivity analysis shows that increasing the number of data samples allows507

better model training. Also, by increasing the data sample size, the stability of the data correlation508

analysis can be improved and its estimation uncertainty can be reduced. On the other hand,509

increasing the number of ANN training epochs has a negligible improvement on the prediction510

accuracy and increases the computational time and overfitting risks. Moreover, the proposed511

ANN model has been used successfully to study the effect of changing different operational and512

environmental parameters on ship speed which can help with decision-making process, voyage513

planning, optimization, and execution. The proposed ANN model can be also used to identify the514

impact of biofouling on the ferry operational performance but a large historical dataset would be515

required.516
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