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ABSTRACT
Carbon emission from internal combustion engines has been a crucial environmental issue that causes the greenhouse effect. In maritime transportation, diesel engines are the main propulsion plant and for electrical energy generation. Therefore, the enormous amount of ship movement causes the production of a great quantity of CO2. Usage of hydrocarbon fuels gives rise to CO2 generation, for that reason, strategies used to lower the CO2 emission involve fuel consumption reduction methods International Maritime Organization and European Commission fuel consumption records have been collecting from ships over 5000 gross tonnages to detect the impact of marine vessels on CO2 generation. Ship electrical system comprises mostly three diesel generators which produce CO2 generation and leads to air pollution both during the voyage and staying in the port. In this study, the simulation and mathematical model of the electrical power generation system of 50,000 DWT oil/chemical tanker were created using MATLAB software to detect CO2 production and fuel consumption caused by marine diesel generators of the ship. The model calculates the generator load distribution related to the electrical demand of the operation onboard and contains six modes of the ship operation that determine the electric demand from the generator plant. The simulation estimated the fuel consumption and CO2 emission production of the ship in one year using hourly position, port call, and operational data gained from the vessel. To predict the future fuel consumption and CO2 emission of the ship, we conducted a time series analysis using Auto-Regressive Integrated Moving Average (ARIMA) method. An iterative algorithm ensured the selection of the best model orders for the fuel consumption and CO2 emission production data sets. The ship produced 7273.829 metric tons of CO2 emission and consumed 2329.429 metric tons of marine diesel oil between 06.12.2019 and 10.03.2021 according to the outputs of the model. Results showed that ARIMA (3, 1, 2) is the best model and has a 98.263% of accuracy ratio for fuel consumption data. ARIMA (4, 1, 2) is the most suitable model for Carbon emission forecasting with an accuracy ratio of 97.716 %. 
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1. INTRODUCTION

       The increment of the global temperature has been a crucial and worrying issue currently that considers various sectors around the World. The phenomenon is directly related to greenhouse gases (GHG) produced by usage of fossil fuels for the energy generation (Mohammed et al., 2012). Researchers have been estimating the temperature rise of the Earth to be between 1 and 3.7 °C, which can vary with future GHG emission production (Anderson et al., 2016). Although fossil fuel usage is slightly reduced compared to previous years, fossil fuels still supply the World’s energy with 84% usage rate in 2019 (BP, 2020). 

     A major source of the GHG is global cargo transfer with commercial ships (Eyring et al., 2005). Shipping is more dominant to other forms of cargo transportation around the World. In fact, over 70% of global trade carried with maritime transportation so, its impact on air pollution and global warming is crucial (Sirimanne et al., 2019). Internal combustion engines are heat engines that can produce mechanical energy using the chemical energy of fossil fuel combustion. They can be used for propulsion of vehicles and electricity generation (Pulkrabek, 2004). One type of the internal combustion engines is diesel engines, and they are main propulsion plant and electricity generation plant on a ship (Nichols and Williams, 2009). As mentioned above, marine diesel generators are the electricity generation plant onboard. They comprise a set of a synchronous alternator for three-phase electricity production and a diesel engine as the prime mover of the alternator. Number of working marine diesel generators can vary depending on the operation and energy demand (McGeorge, 1998). The power generation plant is a continuous source of emission which contributes the air pollution significantly. Especially, during the cargo discharge operations in ports, ship electrical needs are amply high that leads to release many hazardous gases (Styhre et al., 2017).

     The International Convention for the Prevention of Pollution from Ships (MARPOL) Annex 6 Prevention of Air Pollution from Ships regulates the air pollution from marine vessels. The convention sets a limit to CO2, SOx, NOx, particle matter (PM) emissions which lead to implementing the reduction technologies of these emissions onboard. However, reduction of CO2 emission has been a problem since their source is combustion of fossil fuels. To track the CO2 production from ships, International Maritime Organization (IMO) and European Commission collected fuel consumption data from ships over 5000 gross tonnages (IMO,2020; EC, 2020). Determination and prediction of CO2 emission from marine diesel engines become a priority to detect the current situation and future actions (Prpić-Oršić and Faltinsen, 2012).

     Several studies have been conducted on calculation, prediction, and reduction of GHG from ships. Kesgin and Vardar (2001) calculated GHG from ships in Istanbul and Canakkale straits using AIS data. Cooper (2003) conducted a study that analyzes ships’ exhaust emission at berth. Emission measurements is the source of the data from main and auxiliary engines of six different ships. Miola and Ciuffo (2011) proposed an alternative approach to estimate GHG from ships and analyzed reliability of current methods. Prpić-Oršić and Faltinsen (2012) developed a method to predict ship speed loss and related CO2 emission for container ship on North Atlantic route. Winnes et al. (2015) calculated GHG emissions using AIS and ship technical data from ships, then analyzed reduction strategies of GHG emission from ships in port areas. They analyzed three different scenarios which are “Alternative Fuel”, “Ship Design” and “Operation”. They used the Port of Gothenburg as the case study. Tichavska and Tovar (2015) created a model based on AIS data and Ship Traffic Emission Assessment Model (STEAM). Their model has calculated emissions from cruise and ferries in Las Palmas Port. Styhre et al. (2017) developed a model that estimates GHG emissions from ship operations from different ports. They analyzed the various GHG reduction methods and their affects. Tichavska et al. (2019) analyzed the effect of the recent amendments on MARPOL Annex 6 in three different ports. They created a model based on STEAM and AIS data. Reis et al. (2019) developed and tested two feature-oriented model to predict ship CO2 emissions using an actual data set from a Ro-Pax ship. Wang et al. (2020) presented a system dynamics model that simulates ship CO2 emissions using the real-time data. The simulation has determined the relation between CO2 emissions speed, status, main and auxiliary engines of the ship. Carral et al. (2020) conducted an analysis that evaluates the impact of Panama Canal on GHG from ships. Liu and Duru (2020) proposed a probabilistic Bayesian estimation algorithm which forecasts ship emissions based on ship movements gathered from AIS data. Ammar and Seddiek (2020) presented a study that assesses the environmental and economic effects of emission reduction methods for container ships. The focus of these studies concentrates ports and ships, which work steady routes because of easier data acquisition. 

     This study aims to determine the fuel consumption and CO2 emissions from ship electricity generation plant. To calculate emissions, we constructed the mathematical simulation of the 50000 DWT oil tanker electrical system using MATLAB software. Port Call data, historical position data, ship electrical system technical specifications and operational data was obtained from the ship. A time series analysis provided future forecasts of the CO2 emissions. We constructed time series model using Python stats models and scikit-learn libraries, using data from 06/12/2019 to 10/03/2021.

2. METHODOLOGY

     This section consists of ship electricity generation plant model, validation of the model and time series analysis of emission and fuel consumption data.

2.1. Ship Electricity Generation Plant Model

     The section explains mathematical structure and formulas of the ship electric production plant model. The plant comprises three equivalent marine diesel generators. Synchronous generator equations are from Chapman, (2005) and Krause et al., (2002). Equation 1 describes the relationship between power and frequency. P is the power of the generator fnl is the no load frequency of the generator, fsys is system operation frequency and sp is slope of speed-power curve in MW/Hz.

	
	(1)



If two equivalent generators are working parallel in the system, the total power is equal to addition of each generator’s power. Equation 2 is the formula of the total power of the system.

	
	(2)



     In the mathematical simulation, look-up tables provided by the manufacturer of the engine provided brake specific fuel consumption data of the prime mover. The power and torque transmitted to the synchronous generator calculated using the stroke, the bore and the break mean effective pressure values also gathered from the manufacturer. Equation 3 to 8 (Pulkrabek, 2004) explains the calculation process of the power and torque of the diesel engine.

	
	(3)


 is displacement volume, b is the bore of the piston and s is the stroke.

	
	 (4)


P is the transmitted power, n is the number of the cylinders which is 6 for this engine, bmep is the brake mean effective pressure and N is the number of firing strokes which can be calculated with division of rpm to 120 for this engine and finally  is the transmission efficiency. 

     The model uses the stoichiometric method to calculate CO2 emission produced by each generator has. In this method, Carbon content of the fuel and hourly fuel consumption data are necessary. Carbon content of marine diesel oil and marine gas oil is 0.875 (Acomi and Acomi, 2014). Manufacturer’s datasheet supplied fuel consumption data. The method relies on the chemical reaction equation of the formation of CO2. Equation 12. explains burning of one-kilogram fuel.

	
	(5)


C is the mass of the Carbon in the fuel and reaction energy produced QC. When we convert units of the equation to kilograms, that yields Equation 6. Equation 7 shows when the amount of the burnt C is “c” kg.
	
	(6)

	
	(7)


Finally, Equation 8 calculates the amount of CO2, when the hourly fuel consumption is Ch and the mass of the C is c because of the combustion. (Coşofreţ et. al., 2016).
	
	(8)


     Manufacturer of the alternator supplies shop test result data which include load tests, governor tests, parallel running tests, open circuit and short-circuit tests. Manufacturer guides and manuals of the prime mover also provide the required data for the prime mover model. Electrical load analysis tests and data of the ship ensured operational load in kW parameter. There are six operational modes in the model, and the user can select each of them. In addition, the model enables to enter alternative load values as well. Table 2 shows the available operational modes, their loads, and operational currents.

Table 1. Operational modes used in the model.
	Operational Mode
	Operational Load (kW)
	Operational Current (A)

	Sea Gong
	850.6
	1364.152

	Sea Gong with Tank Heating
	1195.7
	1917.607

	At Port
	1122
	1799.410

	At Cargo Handling
	1781.5
	2857.085

	At Harbor
	571.3
	916.224

	At Harbor with Tank Heating
	863
	1384.038



     Operational current is the required current, which is to be produced by the synchronous generators. According load and the current, the model makes a comparison with an active power of generators calculated in the synchronous generator section. This analogy determines the number of generators for the selected operational mode. According to the number of generators, the model includes to the operation the synchronous generators of the ship by order. The user can specify the order of generators, filling the generator sequence section. Using this section, the model fills a binary array if the generator is running its value 1, if not 0. Then, the algorithm checks the control array to calculate frequency, speed drop, slope of the power curve of the running generators. After that, again using the control array and number of generators data, the model computes system frequency, power, load, and current requirement of each generator. Then it determines brake specific fuel consumptions using the calculated load percentage of each generator, power of the prime mover, armature currents, internal generated voltages, line voltages, voltage regulation percentages, synchronous power output. The interpolation of manufacturer data ensures brake specific fuel consumption values for changing load conditions and the algorithm calculated synchronous machinery data using the equations given in this section. Brake specific fuel consumption yields the fuel consumption in kg per hour and carbon emissions produced by the generator, also in kg per hour.

2.2 Model Validation

     The error rate can determine the performance of the model, and it is the comparison between the actual value and the calculated value by the model. The average error describes model performance metrics. Two model performance measurement methods become prominent among studies. These are root-mean-square error (RMSE) and mean absolute error (MAE). There are some studies that compare these two methods for model performance evaluation. According to results, MAE is more applicable metric compared RMSE for model error calculation and to evaluate the model validity, it gives more precise outcomes (Chai and Drexler, 2014; Willmott and Matsuura, 2005). Thus, MAE evaluated the validity and performing the ship electric system model in this study. Equation 9 shows the formula of the MAE (Willmott and Matsuura, 2005).
	
	(9)


where, n is the total data number,  is the calculated or predicted value and    is the real or true value. MAE measures the difference between real and predicted value without direction considerations so, smaller MAE means better prediction performance (Chai and Drexler, 2014).

[bookmark: _Hlk69327074]     Some performance metrics that can provide to measure to the model validation. These performance criteria are real data got from the ship, and the mathematical model also calculated them. Thus, the comparison between calculated and real parameters measured the performance. The first metric is the analogy between measured and calculated line voltages of the synchronous generator. MAE of the line voltage calculation of the model is 0.000325. The error rate of the model line voltage prediction is successful according to error rate calculation. The next one is the benchmarking between calculated and measured output power of the synchronous generators. MAE of this analogy is 0.0035 which is small rate for this calculation. Another criterion is the analogy between the frequency from governor test results and the frequency calculated by the model for generator 1, 2 and 3. The frequency calculation for the generator 1 resulted with a MAE of 0.0034, for the generator 2 MAE is 0.0039 and for the generator 3 MAE is 0.004. The error rate is also in an acceptable range for this evaluation. The next metric illustrates the comparison between the power sharing of according to total system load taken from parallel running tests of each generator. The final criterion shows the frequency drop of the system depending to total system load. Parallel running test done by manufacturer, starts with stabilized system frequency which is 60 Hz. However, the model neglects the stabilization processes so, the error rate of the system frequency calculation could be higher. The error rate of the system frequency drop rate with the rising system power is 0.0099. The MAE of the power sharing calculation for generator 1 is 0.0168, for generator 2 is 0.0095 and for generator 3 is 0.0102 which are also reasonable error rates. 

2.3 Time Series Analysis

          Time series data are quantitative values formed with chronological time stamps. The time series analysis in this thesis used the data formed in the application. Time series analysis is a statistical approach that targets time series data or data with a trend (Kirchgässner and Wolters, 2007; Shumway and Stoffer, 2017). 

     Stationary in the time series data means that statistical features of the data are not changing with time. If the data is nonstationary, it is recommended to apply an appropriate method which transforms the data to the stationary state. Plotting the time series and examination of statistical summary of the model can help detection of seasonality and stationary. In addition, Augmented Dickey-Fuller (ADF) test is an option to check if it is stationary or not. In ADF test, p-value can determine stationary of the model. If the p value is under 0.05, the data is stationary (Mills, 2019). In Auto-Regressive (AR) time series, past observations can find the current value. Equation 10 shows the AR(p) model description (Mills, 2019; Salvi, 2019).
	
	(10)


where  and  values represent lags and white noise, respectively. In Moving-Average (MA) model, linearly combined past errors can express the present data. Equation 11 describes the MA(q) model process (Salvi,2019).
	
	(11)


Combination of the AR(p) and M(q) models give the ARMA (p, q). Equation 12 is the formula that describes the ARMA (p, q) process (Mills, 2019; Salvi ,2019).
	
	(12)


To ensure the stationary differencing, the data is an applicable method. Auto regressive integrated moving average (ARIMA) models can apply the differencing automatically with the change of the parameter d, which is the non-seasonal differencing order (Brownlee, 2020). 

     Box-Jenkins method is a useful guide when selecting the right model for the data and building the model. It was introduced by George Box and Gwilyn Jenkins in 1970. The method assumes the time series can be forecasted with ARMA for stationary models. If the data does not perform well with the ARMA models, using an ARIMA model can fix the problem. Steps of the method can be listed as: (Box et. al., 2015; Brownlee, 2020).
· Identification
· Estimation
· Model Diagnostic Control
· Forecasting
     The Akaike Information Criteria (AIC) and the Bayesian Information Criteria (BIC) supplies model order and type selection. Researchers commonly use this performance metrics in time series analysis. AIC and BIC determine the model quality with an estimation of the model error. Both metrics penalize complex models they select simple models with minimum error rate. The lower AIC and BIC show the better performance. Equation 13 and 14 are AIC and BIC formulas respectively (Fabozzi, et al., 2014).
	
	(13)


 model parameter vector,  likelihood of the maximum model estimation, k is the number of predicted parameters in the model.
	
	(14)


where n is the number of observations and the other parameters are denoted same in AIC formula. 

3. RESULTS AND FINDINGS

     The model described above simulated the operation of marine diesel generators from 06.12.2019 to10.03.2020. Figure 1 illustrates the brake specific fuel consumption (kg/kWh) and fuel consumption (kg/h) of three generators. Figure 2 and Figure 3 illustrates the amount of carbon emission produced and fuel consumption according to the six operation modes explained above in the specified date range by the ship electric generation plant. Results reveal that ship electric system consumes the highest fuel rate and produces the highest carbon during the voyage. The operation modes “Sea Going”, and “Sea Going with Tank Heating” burnt 1469.111 metric tons of marine diesel oil, so the plant produced total 4587.18 metric tons carbon emission in these modes.
[image: ]
Figure 1 Fuel consumption of generators according to engine rpm.

Figure 2 Total carbon emission of generators according to operation modes.

Figure 3 Total fuel consumption of generators according to operation modes.
     The plant consumption data converted to the Time series data in the app designed by authors. Figure 4 illustrates the total carbon emission produced by the plant, and Figure 5 shows the total fuel consumption. Both time series plots show the data are non-seasonal and the stationary. To ensure these assumptions, the ADF test applied to both data sets and their Table 2 shows the results at the. In the Table p-values for both C emission and fuel consumption data are below 0.05 and ADF statistics are also below zero. These results illustrate that the assumptions of stationary data were correct.

Table 2. Results of ADF tests on data.
	Data
	p-value
	ADF Statistics

	C Emission
	2.2703677538899416e-15
	-9.173348833133982

	Fuel Consumption
	2.2703677538899416e-15
	-9.179627964971871



[image: ]
Figure 4. Time series data of total plant carbon emissions.

[image: ]
     Figure 5. Time series data of total plant fuel consumption.
     To detect right model orders for each data set, AIC and BIC calculated with an iterative algorithm. The algorithm tried every combination of p, q, d within the specified limits and the range for p and q was 1 to 5 and for d 1 to 3. Autocorrelation and partial autocorrelation plots determined these limits. The output of the algorithm suggested that ARIMA (3, 1, 2) and ARIMA (4, 1, 2) were the best model for fuel and carbon emission data, respectively. These models fitted to data sets separately, and their mean forecasts were compared to the actual data. Figures 11 and 12 illustrate mean predictions and actual values comparison plots for each data. MAE of predictions is 0.014933 for carbon emission data set and 0.003637 for the fuel consumption data set. The correctness of the model for carbon emission data set is 97.7167012% and for the fuel consumption data set 98.263512% which are notably satisfying validation metrics. The model predicts 26639.755368 metric tons of CO2 production and 6376.176724 metric tons of fuel consumption for 5 years.
 [image: ]
Figure 6. ARIMA (4, 1, 2) mean prediction vs actual values plot for carbon emission data.
[image: ]
Figure 7. ARIMA (3, 1, 2) mean prediction vs actual values plot for fuel consumption data.
4. CONCLUSIONS AND DISCUSSION

          The primary goal of the study was to calculate the fuel consumption and CO2 emissions from marine diesel generators. A mathematical simulation of parallel generator operation of a 50000 DWT oil tanker was modeled using MATLAB software. The modeled ship ensured the operational and technical data. A ship traffic tracking software that uses the Automatic Identification System (AIS) provided port calls and position data. The model calculates CO2 emissions and fuel consumption by taking different onboard operations into account. The model neglects sudden load changes during generator operations to calculate outputs, which is the major limitation of the model. Also, using the Port Call and position data, time-series data was formed for CO2 emissions and the fuel consumption calculation. We have carried time series analysis out using ARIMA (4, 1, 2) and ARIMA (3,1, 2) in the Python environment. These models supplied mean future forecasts. 

      The main outputs derived from the study are listed below:

· [bookmark: _GoBack]The generator plant fuel consumption and CO2 production are the highest during the voyage. During the “Sea Going” mode, there is only one generator is running. If the ship is loaded with a cargo that needs to be heated, “Sea Going with Tank Heating” mode is valid and two generators on moderate load are running during the voyage. Although generators are not loaded so much, the time of navigation for the ship is long which causes high fuel consumption compared to other operations. These operations are stable, and they are applicable candidates for a hybrid application on marine diesel generators.

· Harbor and port operations follow the sea-going operations. Port operations do not comprise discharge operations in this model. During port staying, two generators work on higher loads. At the harbor, one generator is running with a lower load. These operations can be stable as well. We can evaluate these operations in the hybrid application scenarios.

· Cargo handling operations last a short period compared to other operations. It requires working three generators in most times. We can see alterations on load more frequently in this operation.

· ARIMA model seems to a suitable model for these data set with a high correctness rate. The future forecasts show an extensive amount of CO2 production for a 5-year period. The future forecasts also can be a useful tool for a hybrid application.

       Some recommended areas for future studies include the development of a more comprehensive mathematical model which considers sudden load changes, time series analysis with different methods, and hybridization of the marine electric production plant.   
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C Emission Produced by the Plant(MT)
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Total Plant Fuel Consumption (MT)
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