

Response to Reviewer 2 Comments

This paper presents a time-series forecast model of ship fuel consumption based on a regression analysis using a broad learning system (BLS). They compared the mean absolute error (MAE) and computational time performance of the proposed algorithm with autoregressive integrated moving average model with exogenous inputs (ARIMAX), support vector regression (SVR), recurrent neural network (RNN) and long short-term memory network (LSTM). In addition, this paper includes experiments to find the optimal parameters of each method and compare the obtained the MAE of each method when using the optimal parameters. The structure of this article is sufficient, and the writing is clear. There are some revisions as follows:
[bookmark: _GoBack]Response: Thank you very much time and effort on our manuscript. According to the comments and suggestions, the manuscript has been completely revised. The detailed responses and revisions were listed as follows. We also requested English editing service to polish the language of our manuscript. Since it will take a few days to finish the English editing and polishing, we will attach the certification in final version.

[bookmark: _Hlk120902960]Point 1: Authors needed to describe the scientific contribution better and clarify what is new in the proposed algorithm. 
Response 1: Thank you very much for your comment. We have added the explanation of scientific contribution to Section 1, and simultaneously added a table in Appendix to list the scientific contribution of this paper as follows.
Section 1, Page 2: 
This paper fills the gap of the application of emerging BLS in the field of time-series analysis for fuel consumption.
And according to the characteristics of different models to demonstrate the applicability and accuracy by systematic verification analysis.
Moreover, in order to enable the forecast model to operate in the real navigation environment and adapt to the possible changes, this paper considers the internal and external factors related to the ship fuel consumption. According to the sea state and weather conditions, the data of the two case ships are divided into two groups for separate discussion. 

Appendix A, Page 20: 
Table A2
	Highlights
	Academic contributions

	[bookmark: _Hlk121045753]1
	The application of emerging BLS model in the field of time-series forecast for ship fuel consumption is expanded.

	2
	Using two different types of case ships as research objects to verify the generalization of the results.

	3
	According to the sea state and weather conditions, the data of the two case ships are divided into two groups for separate discussion, so as to restore the actual navigation environment to the maximum extent and improve the reliability of the forecast model.

	4
	The model which consume less time and more accurately is obtained by systematic verification analysis on the applicability and accuracy of different time series analysis and machine learning techniques for ship fuel consumption forecast.




Point 2: There are many acronyms and parameters: I suggest authors add a list of abbreviations and parameters at the beginning of the manuscript. 
[bookmark: _Hlk120901290]Response 2: Thank you very much for your kind advice. The list of acronyms used in the paper has been added to the Table A5 of Appendix A and be cited in the Section 3.1.2. The parameter table has been updated in Table 5 of the Section 4.2.
Appendix A, Page 20: 
Table A5
	Explanation
	Abbreviation
	Explanation
	Abbreviation

	Broad Learning System
	BLS
	Autoregressive Integrated Moving Average Model with Exogenous Inputs
	ARIMAX

	Support Vector Regression
	SVR
	Recurrent Neural Network
	RNN

	Long Short-term Memory Network
	LSTM
	Extreme Learning Machines
	ELM

	Roll-on Roll-off
	Ro-Ro
	Liquefied Petroleum Gas
	LPG

	Least Absolute Shrinkage and Selection Operator
	LASSO
	Linear Regression
	LR

	Artificial Neural Networks
	ANN
	Autoregressive Average
	AR

	Moving Average
	MA
	Autoregressive Integrated Moving Average
	ARIMA

	Support Vector Machines
	SVM
	Polynomial
	Poly

	Radial Basis Function
	RBF
	Single-hidden Layer Feedforward Neural Networks
	SLFNs

	Ship Automation System
	SAS
	Electronic Chart Display and Information System
	ECDIS

	Mean Absolute Error
	MAE
	Multiple linear regression
	MLR

	Gradient Boosting Regression
	GBR
	Random Forest Regression
	RF

	K-Nearest Neighbor Regression
	KNN
	Explained Variance Score
	EVS

	Mean Squared Error
	MSE
	Cumulative Score
	CS

	Root Mean Square Deviation
	RMSD
	
	



Section 4.2, Page 12: 
Table 5
	Forecast model
	Hyperparameter setting

	ARIMAX
	p=1
q=1
d=’None’

	SVR
	C=1.0
Kernel= ‘Linear’

	RNN
	Number of Hidden Layers=1
Number of Neurons=100
Activation Function=Tanh
Batch Size=1
Dropout=0.2

	LSTM
	Number of Hidden Layers=1
Number of Neurons=100
Activation Function=Tanh
Batch Size=1
Dropout=0.2

	ELM
	Number of Hidden Layer Nodes=50

	BLS
	N1=10
N2=10
N3=10



[bookmark: _Hlk120901563][bookmark: _Hlk120901546]Point 3: At the end of Section 1 (Introduction and literature review), suggest to add a table summarizing related literature review to show how this study differs from other work. In addition, a highlight with bullet points showing a list of paper contributions should be added. 
Response 3: Thank you very much for your kind advice and comment. The table summarizing related literature review has been added to the Table A1 of Appendix A, and the contributions of this paper have been added to the Table A2 of Appendix A in this paper according to the comments of the reviewer.
Appendix A, Page 20: 
Table A1
	Literature
	Case ship
	Data source
	Forecast model
	Measuring criterion

	[4]
	Container ships
	Ship operational data
	LR
	

	[6]
	Cruise ship
	Navigation data, engine data
	MLR
	

	[7]
	Container ship
	The dataset derived from the fleet management system
	LASSO
	MAE, RMSD, CS

	[8]
	Passenger ro-ro ship
	Ship operational data
	LR, SVR, ANN
	RMSE

	[9]
	More than 30 types of ships
	Collected by Jingtang Port
	GBR, RF, ANN, LR, KNN
	EVS, MAE, MSE, 

	[10]
	Cargo ship
	The monitoring data of ship sailing
	ANN, RNN, LSTM
	RMSE, MAE,


	This paper
	Passenger ro-ro ship, LPG carrier
	Onboard data, available oceanographic and meteorological data
	ARIMAX, SVR, RNN, LSTM, ELM, BLS
	MAE, Time



Appendix A, Page 20: 
Table A2
	Highlights
	Academic contributions

	1
	The application of emerging BLS model in the field of time-series forecast for ship fuel consumption is expanded.

	2
	Using two different types of case ships as research objects to verify the generalization of the results.

	3
	According to the sea state and weather conditions, the data of the two case ships are divided into two groups for separate discussion, so as to restore the actual navigation environment to the maximum extent and improve the reliability of the forecast model.

	4
	The model which consume less time and more accurately is obtained by systematic verification analysis on the applicability and accuracy of different time series analysis and machine learning techniques for ship fuel consumption forecast.



Point 4: Citation numbers are missing from page 9 onwards. Please verify. 
Response 4: Thank you very much for your comment. The whole linked references in this paper have been checked, and the missing references have been corrected, completely.

Point 5: In Figure 7-10, In my opinion, the results of this experiment should be presented in a table showing the METF and MAE values, which would better illustrate the differences in the efficacy of each method. If the authors want to offer a graph, it should also explain the trend of each method's forecast value. Please explain the meaning of METF. 
Response 5: Forecast trends for each method have been added at the end of Figure 7-10 based on comments from the reviewer; METF is the abbreviation of Main Engines Total Fuel Consumption.
Section 4.2, Page 13: 
As shown in Figure 7, the real fuel consumption value is distributed in stages. And the data difference between each stage is large, and the data difference within each stage is small. Before the 700th data point, the prediction deviation of each model is relatively large. But from the whole point of view, the prediction deviation of each model is small. The forecast result of BLS model is the closest to the reality, the MAE of BLS on  can reach 0.0345. While the deviation of ARIMAX and SVR model is relatively large.
As shown in Figure 8, the real fuel consumption is with great overall fluctuation. Especially after the 450th data point, the data fluctuated greatly and the forecast deviation was large. BLS model has the best forecast result, and the MAE of BLS on  can reach 0.0397. The results of ARIMAX and SVR models are relatively poor.
As is shown in Figure 9, the data as a whole is less volatile. On the whole, the forecast of the region with stable trend after the 1000th data point is relatively accurate. While the forecast error of the region with large fluctuation before the 1000th data point is relatively large. The forecast result of BLS is closer to the real value than other models, the MAE of BLS can reach 0.0272 under ballast. And ARIMAX failed to perform well in the forecast.
It can be seen from Figure 10 that the real value of fuel consumption are less volatile overall. The forecast error of the regions with large fluctuations in trend of each model is relatively large before the 400th data point and after the 1200th data point. While the forecast is relatively close to the real value between the 400th and 1200th data points. The forecast result of BLS model is the closest to the real value, the MAE of BLS under laden can reach 0.0759. While the overall deviation of SVR and ARIMAX model is large.

Point 6: Sections 4.3 and 4.4 should be merged into one section. 
Response 6: Thank you very much for your kind advice and comment. Sections 4.3 and 4.4 have been merged into one section.

Point 7: In tables 6 and 7, the forecasting time performance of each method should be further described. 
Response 7: Thank you very much for your comment. The forecast time performance of each method in Tables 6 and 7 have been sufficiently described in detail as follows.
Section 4.3.2, Page 18:
In terms of forecasted time consumption, the performance of BLS on  is better than ELM and about twice that of SVR. Meanwhile, BLS has absolute advantages over the ARIMAX, RNN and LSTM models, which only takes about one hundredth of the time of them; As for the performance of BLS on , it is better than SVR, about four times that of ELM, and can reach hundreds of times that of ARIMAX, RNN and LSTM.
Section 4.3.3, Page 19:
At forecasted time consumption aspect, BLS perform better than SVR under ballast state and takes 4 times as long as ELM; BLS perform better than ELM under laden state and takes 5 times and 3 times longer than SVR of C_1 and C_2, respectively. In addition, BLS perform greatly ahead of ARIMAX, RNN and LSTM, saving tens to hundreds of times of time for all datasets of LPG carrier

Point 8: The conclusion section proves to be too short. This should also collect a summary of the problem, a brief discussion of the results and the future steps to cover the weak points of the current method. Please complete the final section. 

Response 8: Thank you very much for your comment. The conclusion section has been completely revised as follows.
Section 5, Page 19:
The key to improving ship energy efficiency and reducing consumption costs is the accurate forecast of ship fuel consumption. Currently, the accuracy and time performance of many ship fuel consumption forecast models still need to be improved. In view of the problem, this paper describes the study comparing BLS with ARIMAX, SVR, RNN, LSTM and ELM models for two types ships under their respective two sets of actual navigation data.
This is also in line with its unique characteristics, that is, it has the advantages of simple structure and short training time. Therefore, compared with ARIMAX, SVR, RNN, LSTM and ELM, it is more suitable for application in navigation scenarios with high accuracy and real-time requirements such as this research.
Simultaneously, more sailing data of different ships will be collected to enrich the number of ship data types in this paper, so as to further verify the generalization ability of this method can be applied to other types of ships in future work.
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