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SUMMARY

Fuel Oil Consumption (FOC) represents a significant portion of a fishing vessel’s operating costs, often exceeding 50%. Accurately forecasting FOC during the voyage planning stage is crucial but challenging for optimizing routes and supporting decision-making systems aimed at fuel-saving. Data-driven models have shown excellent performance in FOC prediction. However, gathering the necessary data for these models is expensive and time-consuming. Even though, the applicability of FOC model derived from one vessel to predict FOC for another vessel has received limited research attention. This paper investigates the performance in predicting FOC for an unseen tuna purse seiner, using a two-stage model trained on metocean and operational data, from Copernicus and sensors installed on her similar vessel, respectively. By considering the engine performance modifications, the two-stage model trained on the similar vessel achieves high mean accuracies (over 94%) in predicting FOC for the unseen vessel.
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1.  INTRODUCTION

Reducing emissions in the marine industry is important due to the contribution of shipping activities to global greenhouse and noxious emissions impacting the local and the global environment while in operation (Gibson et al. 2019). To meet the target set by the International Maritime Organization (IMO), international shipping needs to reach net-zero GHG emissions by or around 2050 (Bilgili and Ölçer, 2024). Various investigations and solutions have been proposed by researchers to reduce fuel consumption and hence emission (Endresen et al. 2003; Eyring et al. 2010; Walsh and Bows 2012; Trodden et al. 2015), among which the development of a Route Optimisation Decision Support System (RODSS) has shown great potential in addressing the challenges of reducing emissions and operating costs in the marine industry (Gkerekos et al. 2019). Towards successful implementation of this system, an accurate Fuel Oil Consumption (FOC) prediction model is the key element for optimal route selection, optimisation and evaluation (Papandreou and Ziakopoulos 2022).

The recent advancements in ship sensor technologies, characterized by high transmission rates, have created new opportunities for employing data-driven approaches in modeling ship FOC for target vessels. Various data-driven approaches, including Artificial Neural Networks (Beşikçi et al., 2016; Karagiannidis et al., 2019), Support Vector Machines (Gkerekos et al., 2019), Random Forest (Uyanık et al, 2020; Chen et al, 2023), Multivariate Polynomial Regression and eXtreme Gradient Boosting (XGBoost) (Papandreou and Ziakopoulos, 2022) have been implemented for ship FOC estimation during the last 10 years. These data-driven models are generally developed in a one-stage form and working as a black box, which are trained based on the vessel operational and Metocean data obtained from onboard sensors. Despite previous works demonstrated that the FOC for these vessels can be predicted accurately for any given vessel using data-driven models and operational data, their wide application is limited as the data sources are not always available for each vessel due to the high costs associated with sensors and their installation. The cost of installing required sensors to gather these data is extremely high, in the region of £100,000s for each vessel (Parkes et al., 2022). Moreover, the installation process is time-consuming. For the vessels typically built by the same shipyard or from the same series or class of ships, which are constructed using the same plans, hull form, and equipment, these vessels usually have similar performance, capabilities, and operational characteristics. Installing the sensors for the development of a FOC prediction model in every vessel of the fleet may be deemed unnecessary. Most of the related works focused on the model development of one target vessel, however, there has been limited research attention given to the transferability of FOC models derived from one vessel to accurately predict FOC for her sister or similar vessels. Papandreou and Ziakopoulos (2022) explore the transferability of a FOC prediction model for a Very Large Crude Oil Carrier (VLCC) to a second vessel. The FOC prediction model was based on eXtreme Gradient Boosting (XGBoost) and demonstrated good performance in predicting FOC for the second vessel. In the generalization process, the selected features and model hyperparameters from the first vessel’s model development stage were applied to train the data of the second vessel. However, operational and Metocean data from onboard sensors were still required to obtain an accurate FOC model for the second vessel. Concurrently, Parkes et al. (2022) investigated the possibility of predicting shaft power for vessels lacking data using a neural network trained on a fusion of data from various sensors on sister vessels within a fleet. Although their work achieved high accuracies in shaft power prediction on sister vessel, the conclusion might differ in the case of FOC prediction, especially if the sister vessel undergoes engine modifications.. The shipping companies continually enhance the power and propulsion systems of their vessels to improve fuel efficiency, in compliance with the emission reduction targets set by the International Maritime Organization (IMO) (Geertsma et al., 2017). Such modifications can significantly influence the relationship between power and FOC, potentially impacting the generalization of the FOC prediction model for sister vessels.

To address this research gap, this paper demonstrates the applicability of adopting the FOC prediction model derived from one vessel to her sister vessel, which underwent engine modifications. In this specific case, a two-stage model are developed based on the data from on-board sensors and weather data from Copernicus service to predict FOC of a tuna purse seiner which could then be applied to her sister vessel, providing necessary information for voyage planning. Additionally, a one-stage data-driven FOC model, previously proven feasible for a target vessel in reviewed works, is developed as a benchmark. A comparative analysis is conducted to evaluate the performance of both models in predicting FOC for the target vessel and assess their transferability when applied to the sister vessel. This comparison aims to substantiate the effectiveness of the proposed two-stage model in incorporating the impact of modification changes, thereby achieving enhanced transferability.

2.  METHODOLOGICAL APPROACH

This section provides a comprehensive overview of the detailed development process for both the one-stage model and the proposed two-stage model. The methodology of the models encompasses several key steps, starting with the elucidation of a fitting pre-processing technique tailored for the acquired dataset. Subsequently, the focus shifts to the development and implementation of the models, followed by a critical aspect of hyperparameter optimization based on performance evaluation during the validation stage.

2.1 ONE-STAGE FOC MODEL DEVELOPMENT

The overall methodology of one-stage FOC model development for single vessel can be visualized from Figure 1, which consists of: a) data acquisition; b) data pre-processing; c) feature selection and standardization technique demonstration; d) model training and development; e) performance evaluation of the developed model on test dataset. This methodology adheres to the conventional approach for one-stage FOC model development as described in the majority of the reviewed literature.

In terms of the data acquisition process a in Figure 1, the data from approximately 200 variables gathered onboard a tuna purse seiner (TPS A.) through an automatic retrieving and storing system Ratatosk (Skjong et al. 2019). These data are related to vessel performance, status and its surrounding environment, which are periodically synchronized with onshore servers and stored. The wave variables related to this work are obtained from CMEMS wave (WAV) products (Global Monitoring and Forecasting Centre, 2019). Initial data cleaning and filtering techniques are employed to exclude samples containing NaN values, missing features, and abnormal data.

In the data pre-processing stage (b in Figure 1), firstly, ship cruising data are extracted for model development by identifying and excluding the data related to fishing events, when the vessel consistently operates with more than two auxiliary engines (Basurko et al. 2022). Consequently, data gathered during these manoeuvring events were unsuitable for the FOC model. Furthermore, periods characterized by main engine idle status were defined as conditions where engine RPM was below 400 and the ship’s speed over ground (SOG) was less than 1.5. Additional filters were developed to filter out the fishing and engine idle periods. Moreover, the collected data from the onboard sensors was sampled at a frequency of 1 Hz. To necessitate an averaging procedure to synchronize the data from onboard sensors and CMEMS, the data collected from the onboard sensors was aggregated on an hourly basis (Zhou et al. 2022). This work utilized the Nearest Neighbours Imputation method proposed by Faisal and Tutz (2021), which identified the closest neighbouring indexes for CMEMS data retrieval purposes according to ship’s position and time. The wave data obtained from CMEMS product is originally provided based on the Earth-fixed coordinate system, presented in the form of magnitude (M) and angle (a). By incorporating the ship’s heading into the calculations, the magnitude and angle can be transformed into longitudinal and transverse components in the vessel’s fixed frame based on previous work (Zhou et al. 2023).
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Ship speed and heading are key considerations for the feature selection process (c in Figure 1), serving as input and control variables in various route optimisation algorithms like the Calculus of Variations (Walther et al. 2016), while Dijkstra’s algorithm employs ship’s heading and engine power variation. Previous studies investigating FOC prediction models (Gkerekos and Lazakis 2020; Jeon et al. 2018; Chen et al. 2023) have primarily utilized Speed Over Ground (SOG) and engine/shaft power as the primary inputs. However, accurately predicting ship power requirements for future voyages poses challenges. An additional modeling process is necessary to estimate power demand based on predictable variables. An alternative main input, Speed Through Water (STW), has been selected as the primary input in this work. STW can be estimated from SOG and sea surface currents provided by Metocean forecast services, and it tends to serve as a better proxy for the engine regime compared to SOG (Gloaguen et al. 2016). Wind and wave effect are also important factors that influence vessel’s fuel efficiency. Relative wind speed and direction, as well as the wave height data are also included as potential model inputs. The multivariate Correlation-based Feature Selection (CFS) method (Hall, 2000) implemented in WEKA has been adopted to select the influential environment variables when working with STW. A 10-fold cross-validation strategy is implemented within the CFS framework. Table 1 demonstrates the results of CFS. The frequencies indicate the percentage of times each predictor is included in the subsets that yield the highest scores across the 10 folds. According to the CFS, the selected features are: STW, vwind and θwind, VHM0_SW1 components and VHM0_SW2 components.
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The descriptive statistics of the selected variables in TPS A’s datasets are shown in Table 2. The dataset after filtering and cleaning includes 849 hourly based samples for TPS A. The model development and analysis in the following sections will be carried out based on the datasets. The data from June 2021 to December 2021 are used for training/validation (572 samples). Data collected from January and February 2022 (277 samples) are used as test datasets to assess the model performance over time with new unseen data. 
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Prior to model training, a z-score normalization method was employed, which has been shown to enhance the convergence speed of model algorithms (Ioffe and Szegedy 2015). With regard to model development stage (d in Figure 1), XGBoost is applied in this work as shown excellent results in STW-based FOC prediction models in the previous works (Papandreou and Ziakopoulos, 2022). A more detailed overview of the algorithm is introduced in Chen and Guestrin (2016). Generally, several hyperparameters, including learning rate, penalizing coefficients, number of estimators and the maximum tree depth can be fine-tuned to enhance its effectiveness for XGBoost model development. During the model development stage, 10 times repeated 5-fold cross-validation approach is applied to reduce the risk of overfitting (Tuson et al. 2021), which contributes to obtain a final model with optimal hyperparameters for XGBoost. The key indicator of model evaluation in this work in cross-validation is Mean Absolute Error (MAE), which can be expressed as: [image: ], where n is the number of samples in y, ŷi is the prediction by model, and yi is the true value. | yi–ŷi | is then the absolute error (AE) over n samples. After the hyperparameter tuning process, the best performing XGBoost model yielded a MAE ± Std of 18.11 ± 1.77 (kg/h), with the hyperparameters set: {n_estimators: 3500, max_depth 4:, learning_rate: 0.003, lambda: 2, gamma: 4}. The model is then retrain based on the optimal hyperparameters on the whole training/validation dataset, which will be evaluated in unseen test dataset.

2.2 TWO-STAGE FOC MODEL DEVELOPMENT

In order to investigate the transferability capabilities of the models, the required data from a sister vessel, the Tuna Purse Seiner B. (TPS B.), were retrieved for this investigation. The investigation focused on variables in vessels’ power and propulsion system associated with engine performance, revealing distinct relationships between engine indicated power (ipower) and FOC for TPS B. and TPS A. vessels, as depicted in Figure 2. After subsequent discussions with the company, it was confirmed that improvements were made to the engine system of TPS A. during the drydock in May 2021. As expected, the curves for both vessels demonstrate nearly linear relationships within the power band when vessels operate during cruising periods. As the indicated power increases, it was found that the SFOC (Specific Fuel Oil Consumption) for TPS A. and TPS B. stabilize at approximately 162 g/kWh and 175 g/kWh, respectively, which results in the nearly linear relationships. Moreover, both linear regression and polynomial regression have been applied for the data fitting. It was noticed that polynomial regression provides a more accurate fitting with higher R-squared in this case. Thus, the polynomial regression models will be applied for later modelling process, which can be mathematically expressed as: 
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By referring to Figure 2, it indicates that engine indicated power and FOC are highly related to each other. The data points for TPS A. and TPS B. are fitted with their respective trendlines: a dashed blue line for TPS A. and a dashed red line for TPS B. Here, the R-squared is applied to evaluate the precision of the fitted curves, which can be computed as: [image: ], where y̅ is the mean value of y. The best R2 is 1, with lower values being worse. As it presented, even simple polynomial curve fittings are able to model the relationship with more than 0.98 R2 values.

In order to address the discrepancies in the relationship between engine indicated power and FOC for TPS B. and TPS A. vessels, a two-stage modelling process is proposed for more accurate FOC prediction. The first stage involves modelling the engine indicated power using a generalized prediction model developed from TPS A. dataset, which can be applied to both vessels. Once the indicated power is predicted in stage 1, the second stage employs polynomial models specific to each vessel to estimate FOC, which take into account the variations in the indicated power to FOC curves. The overall methodology for the two-stage model is visualized in Figure 3. To evaluate the performance of the two-stage model in predicting TPS A. FOC, the estimated FOC based on the predicted indicated power will be compared with the true FOC using the power to FOC curve in the test dataset. On the other hand, in order to investigate the model performance in the sister vessel, the indicated power prediction model is applied to the whole TPS B. dataset. Then the FOC estimated from the predicted indicated power will be compared with true FOC in case of TPS B. 

However, it is important to acknowledge the potential influence of external factors that can affect the performance of the engine system, thereby affecting the applicability of the model to sister vessels. Specifically, ambient air temperature, humidity, and pressure can impact the density and properties of the intake air and alter the engine’s combustion process (Issa et al. 2020; Basurko and Uriondo 2015). These variations can potentially disrupt the relationship between ship/engine power variables and FOC. Furthermore, any modifications to the ship’s particulars could lead to variations in the power requirement even under similar loading conditions. This, in turn, would affect the relationship between speed and FOC .While the fishing vessels in this study operate in the same area in the Indian Ocean and are identical to each other in terms of design, dimensions, and build, it is practical and sensible to consider the disparities in operating locations and conditions, as well as the difference in particulars of the vessels before applying the model to a sister vessel. 
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The whole pipeline of the stage-1 indicated power model development is similar to the methodology in Section 2.1. After the data acquisition and cleaning process, feature selection process will be implemented. Since the strong relationship exists between indicated power and FOC, the features selected by CFS when choosing indicated power as target, are the same as the selected features in Table 1. After model training and hyperparameter tuning, the XGBoost model yielding optimal performance shows the validation error of MAE±Std=108.68±10.53 (kW), with the hyperparameters set: {n_estimators: 3400, max_depth 4:, learning_rate: 0.003, lambda: 2, gamma: 4}.

3.  RESULT

After the development of both the one-stage model and the proposed two-stage model outlined in Section 2, this section aims to showcase and analyze the performance of these models. 

3.1 ONE-STAGE MODEL PERFORMANCE

In this section the performance of the one stage developed in Section 2.1 will be statistically evaluated using test dataset from both target vessel and the sister vessel. It is worthwhile to mention that neither of these datasets are used to develop the one stage model. 

3.1 (a) One-stage Model Performance using Test dataset from Target Vessel

Figure 4 illustrates the one-stage FOC model performance in test dataset for TPS A. Here, mean accuracy is applied as one of the metrics to evaluate the model performance in test data (e in Figure 1), which is expressed as: [image: ]. To test the model stability in terms of prediction performance, predictions within 10% deviation to true value are acceptable and considered as precise. The number of accurate data samples can be expressed as:
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A new metric for this purpose is introduced:
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The detailed accuracy metrics of the model performance appear on the table located at the bottom right of Figure 4, which displays considerably high accuracy metrics. The mean accuracy of over 95% in FOC prediction can be achieved. The high % of Sample Accuracy over 90% score indicates that more than 92% of the predictions are within 10% deviation to the measured FOC data. Overall, the results obtained on unseen future dataset indicate that the developed model is capable of predicting FOC for the target vessel’s future voyage.

3.1 (b) One-stage Model Performance using dataset from Sister Vessel

The raw data from TPS B. were collected, which were cleaned and processed based on the same methods implemented for TPS A, following the procedures elaborated in Section 2. Then the selected features of TPS A. model were retrieved from TPS B. dataset. The descriptive statistics of TPS B’s data are shown in Table 3. The scaler developed in the case of TPS A. is then implemented to the below dataset to obtain the standardized inputs for the FOC model. The one-stage FOC prediction model developed from TPS A. data is applied to predict the FOC of TPS B.

Figure 5 illustrates the one-stage FOC model (Developed from TPS A. dataset) performance in the sister TPS B. It was found that the model did not provide outstanding performance as its application in TPS A. test dataset. In the case of TPS B, the model only achieves the mean accuracy of around 85.56%, with only 15.89% of samples showing the accuracy over 90%. It seems that the TPS A. model generally underestimates the FOC of TPS B. The results of directly implementing TPS A. model to her sister vessel for FOC prediction suggest that TPS A. tends to be more fuel-efficient than TPS B. Furthermore, a comparative analysis of the variable ranges presented in Table 2 and Table 3 reveals that, in general, the range of each input variable in the TPS B. case falls within the range of the corresponding variable in the TPS A. case. This observation significantly reduces the risk of an extrapolation problem in the XGBoost model, which could lead to underestimation. Since the two vessels were built in the same technical details in terms of hull form and tend to have similar hydrodynamic performance, the results reveal that there might be some modifications in the power and propulsion system between them and the performance degradation observed when applying the TPS A. model to predict TPS B. FOC might be attributed to the disparity in fuel efficiency.
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3.2 TWO-STAGE MODEL PERFORMANCE

In this section the performance of the two stage developed in Section 2.2 will be statistically evaluated using test dataset from both target vessel and the sister vessel. 

3.2 (a) Two-stage Model Performance using test dataset from Target Vessel

The performance of the two-stage model on TPS A. test dataset is depicted in Figure 6. The stage 1 indicated power prediction model achieves 95.47% mean accuracy in predicting indicated power on TPS A. test dataset. To access the model performance in test dataset in terms of FOC prediction, the FOC for TPS A. is estimated from the model predicted indicated power based on the curve functions between indicated power and FOC. The two-stage model presented the performance comparable to the one-stage FOC prediction model elaborated in Section 3.1 (a). The model achieves 95.48% mean accuracy with 90.97% of samples showing over 90% accuracy.
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3.2 (b) Two-stage Model Performance using dataset from Sister Vessel

To evaluate the transferability of the two-stage methodology, the engine indicated power prediction model developed using the TPS A. datasets and the fitted curve function are applied to the TPS B. dataset (With its descriptive statistics demonstrated in Table 3). In a similar fashion, the stage-1 of the methodology utilizes STW, vwind and θwind, VHM0_SW1 components and VHM0_SW2 components as inputs for the TPS A. indicated power model, predicting the indicated power for the TPS B. vessel. The indicated power prediction model achieves 93.54% mean accuracy in predicting indicated power for TPS B. Subsequently, the FOC for TPS B. is estimated based on the model-predicted indicated power, employing the TPS B. curve function. The performance of the two-stage model on TPS B. dataset is depicted in Figure 7. The two-stage model yields high mean accuracy (94.75%) and large proportion (88.52%) of samples with high accuracy when true FOC ranging from 236 kg/h to around 743 kg/h. The results of applying one-stage FOC prediction model to TPS B. dataset are also depicted. It is observed that the two-stage model can correct the predictions to the identity line, by considering the discrepancies in fuel efficiency between the two vessels. Specifically, the two-stage model increases the mean accuracy by around 9%, with the % of Sample Accuracy over 90% going up by around 73%. Based on the aforementioned results and discussion, it can be summarized that the two-stage model presents superior performance in terms of model transferability compared to the one-stage model. 

4.  DISCUSSION

This study presents a two-stage FOC model for predicting fuel consumption in tuna purse seiners, adaptable to sister vessel with similar design but different engine performance. Conversely, a conventional one-stage FOC model proved non-transferable to sister vessels. The findings of this work suggest that while the generalization of the FOC model has the potential to support the process of route optimisation, voyage planning, and fuel usage management for a fleet of vessels, it is crucial to identify and record any changes or upgrades made to the engine system of each vessel. Achieving the emission reduction targets set by the International Maritime Organization (IMO) necessitates periodic improvements to the power and propulsion systems of ships to enhance fuel efficiency. These modifications might have a substantial impact on vessels’ performance. Therefore, it is necessary to reconfigure the FOC prediction model by developing additional layer to accommodate these changes for effective generalization on vessels with similar design characteristics and specifications. In this case, the discrepancies in the relationships between indicated power and FOC of the target vessel and sister vessel is considered as the parameters that influence the model generalization, resulting from the changes in the engine system. For other scenarios, such as improvements in the propulsion system (e.g. propeller) and power system (e.g. from diesel mechanical to hybrid), the influencing parameter may differ. Nonetheless, the proposed grey-box model methodology can still be applicable if the influencing parameters are well-defined and modelled. This practice ensures that the FOC model remains accurate and reliable, which contributes to cost-effectiveness, time-saving benefits, and improved fuel management across their fleet. 

In Section 3, the relationship between indicated power and FOC has been applied in second stage modelling to address the engine performance modifications of the vessels. Although it was stated that the information of engine power trend during the voyage is quite limited during the voyage planning stage, in this case, the indicated power requirement is estimated from predictable variables such as ship speed, weather and Metocean variables. In terms of the stage from indicated power to FOC, the ship engine manufacturers typically provide performance maps or curves that depict the relationship between indicated power and FOC for their engines, based on extensive testing and measurements conducted during the engine’s development and certification process. Additionally, modern ship diesel engines are equipped with monitoring systems designed to track various parameters and performance variables, ensuring efficient and safe engine working condition. These systems align with the engines investigated in this study, which allow for the retrieval of relevant data on engine power and FOC to model their relationship. This availability of information ensures that there is sufficient data for the application of the two-stage model in the planned voyage.

5.  CONCLUSION

This study presents the development of a two-stage FOC model based on the data from on-board sensors and weather data from Copernicus’ CMEMS service to predict FOC of a tuna purse seiner which could be generalized to sister vessel with engine system modifications, providing necessary information about fuel usage in possible future voyages to support RODSS. The main findings of the research are as follows: 

i. The one-stage FOC prediction model can achieve an overall mean accuracy of over 95% in the unseen test dataset of the target vessel, with the proportion of samples accuracy over 90% reaching 92.06%. However, it is not applicable for the sister vessel built with the same technical details due to the engine system modifications.

ii. A two-stage FOC prediction model is then developed based on the dataset of the target vessel by considering the modifications. The model achieves comparable performance as the one-stage FOC prediction model in case of the target vessel, yielding over 95% mean accuracy with 90.97% of samples showing over 90% accuracy. In terms of the performance towards transferability, the model achieves the mean accuracy of 94.75% with large proportion (88.52%) of samples with accuracy over 90% in case of its application in sister vessel built with the same technical specifications, which justifies the applicability of the two-stage FOC prediction model in both vessels.

Unlike previous research that primarily relies on historical sensor data to develop FOC prediction model for a single vessel, this study explores the potential of adopting a model developed from one vessel to its sister vessel, offering a more generalized approach to monitoring and predicting FOC for vessels within the same series, which can contribute to the generalized implementation of RODSS. The proposed methodology is expected to contribute to various marine applications, such as ship and propeller performance monitoring, voyage planning and generalization of ship digital twin model.
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Table 3. Descriptive statistics of TPS B. dataset

TPS B. (Feb. 2021 to Feb. 2022)

. i : . . Standard

Count Min Mean Max 25% Median 75% Deviation (Std)
STW (m/s) 262 1.85 6.50 735 631 668 684 0.56
Y, (VS) 862 1.38 943 1580 702 946 1204 332
6, (rad) 262 034 3.06 5.99 122 238 528 2.00
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Variable Sources
TPSA

STW Speed log 100 (Selected)
Vg a0d 6,5 Anemometer 100 (Selected)
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1_VHMO_SW2, CMEMS WAV
CVHMO_SW2 70 (Selected)
1_VHMO_WW, CMEMS WAV o
 VHMO_WW

Abbreviation meanings:
STW: Speed through water (m/s). v,,,, and ,,,; Wind rel-
ative velocity (m/s) and direction (rad). VHMO: Significant
wave height (m). VHMO_WW: Spectral significant wind
wave height (m). VHMO_SW1: Spectral significant primary
swell wave height (m). VEIMO_SW2: Spectral significant
secondary swell wave height (m). 1_and t_: longitudinal and
transverse components converted to the fixed frame of vessel.
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