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Abstract

:

In the last decade the reduction of carbon dioxide emissions in the transport sector, including the marine sector, has become the direction of its strategic development. Increased air pollution in the air is one of the main reasons for premature deaths around the globe. It was determined that while many methods provide adequate information about pollution levels, improvements could be made to avoid major errors. The traditional methods are either expensive or require a lot of data and human resources to correctly evaluate those data arrays. To avoid these problems, artificial neural networks (ANN) and other machine learning methods are widely used nowadays. Many ANN models for ship pollution evaluation in ports either included the whole port area or went even further and included cities near port areas. These studies show that ANNs can be effectively used to evaluate air pollution in a wide area. However, there is a lack of research on ANN usage for individual ship pollution or ship plume evaluation. This study attempts to fill this gap by developing an ANN model to evaluate an individual ship’s plumes by combining several data sources such as AIS data, meteorological data, and measured the ship’s plume pollutants concentration. Results show good correlation; however, additional limitations have to be overcome regarding data filtering and the overall accuracy of the model.
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1. Introduction


In the last decade, reduction of carbon dioxide emissions in the transport sector, including the marine sector, has become the direction of its strategic development. In September 2020 the European Union (EU) Commission adopted ambitious plans to reduce greenhouse gas emissions by at least 55% by the end of 2030 and to achieve climate neutrality by the end of 2050 [1]. To achieve these results for the international maritime transport sector by 2050, the plan is to reduce CO2 emissions by at least 82% compared to 1990 [2]. However, the fact that shipping (with small exceptions) is currently exclusively using fossil fuel complicates the solution to the problem in the maritime transport sector [3]. Thus, 97% of the 44 million tons consumed by the ships registered in 2018 were made by liquid fossil fuel. Accordingly, in 2018, the fuel of 98.4% of all ship engines was conventional marine fuel. It means that, until a significant percentage of the fuels is replaced by renewable and low-carbon fuels, the main benefit is to consider increasing the efficiency of energy use in marine vessels. Given this information, the latest international maritime organization (IMO) initiatives to limit CO2 emissions as well as the most toxic components in exhaust gas from ship power plants (SPP) include all technological methods of ships operations, both for voyages and operations in the port [4]. The IMO pays a lot of attention in particular to the decarbonization of marine transport and the eco-friendliness of the port. According to statistics [5], pollutants emitted at the quays account for about 6% of the total CO2. At the same time, sulfur oxides (SOx), nitrogen oxides (NOx), and particulate matter (PM) have a major impact on air pollution in coastal agglomerations and port cities. In certain regions of Europe, the amount of these pollutants can reach up to 80% of NOx and SOx, and up to 25% of PM2.5 [6]. As a result, the discharge of greenhouse gases and toxic components from the ship power plants is one of the main causes of negative effects on human health, which exceeds the permissible norms in the port territories.



In recent years. increasing air pollution is becoming an even more serious problem that affects many areas, from cities to ports. Global shipping traffic in recent years, more specifically in 2019–2020, took a serious reduction due to the COVID-19 pandemic [7,8,9,10], however recent statistics show a rapid traffic increase. According to European maritime safety agency (EMSA) data, the shipping traffic from 2019 to 2022 increased by 8% while in the years from 2019 to 2020, and from 2019 to 2021, traffic trends were negative: −15% and −1%, respectively [9]. Increasing maritime traffic contributes to growing pollution in ports and port cities [11,12]. Increased air pollution and especially particulate matter (PM) concentration in the air is one of the main reasons for premature deaths around the globe. Even without premature deaths, increased particulate matter can cause various diseases, such as cerebrovascular diseases, pulmonary diseases, hospital admissions, cardiovascular diseases, and others [13,14,15,16,17]. The most complex evaluation and control are nitrogen oxides and particulate matter in the ship plume during ships operations in the port, as it depends on practically uncontrollable factors, such as: the real SPP load level, organization of SPP fuel combustion cycle, SPP technical condition, etc. Contrary to the evaluation and control of the emissions of the ship standing by the quay, the direct measuring of emissions in SPP exhaust gas in an organized manner is not possible. Many theoretical and practical studies have been dedicated to the solution to this problem, especially in recent periods.



Considering the danger presented by increased particulate matter in the air, it is required to measure, monitor, and take action to prevent excessive amounts of PM in the air [18]. There are a lot of methodologies concerning how to measure and predict pollution from ships. Many of those methods were reviewed in a previous publication [19]. It was determined that while many methods provide adequate information about pollution levels, improvements could be made to avoid major errors. The traditional methods are either expensive, because of the need for external devices such as unmanned aerial vehicles or stationary measuring devices [20,21,22] or require a lot of data and human resources to correctly evaluate those data arrays [23,24,25]. Another issue with traditional methods is that the calculations of emissions based on ship statistics are characterized by major errors [26].



To avoid these problems, artificial neural networks (ANN) and other machine learning methods are widely used nowadays. In most cases, ANNs are used for air quality determination in cities and many cases evaluate stationary pollution sources or wide areas [27,28,29,30,31,32]. ANN usage also helps with data array correlations between each other and reduces the work required by a human.



There are a lot of ANN models, such as convolutional neural networks (CNN), backpropagation neural networks (BPNN), recurrent neural networks (RNN), gated recurrent units (GRU), long short-term memory neural networks (LSTM), and bidirectional long short-term memory neural networks (Bi LSTM) [33,34,35,36,37]. Each has its advantages and disadvantages. Prediction accuracy depends on the structure of the neural network [37,38].



Other studies which tried to use ANNs for ship pollution evaluation in ports either included the whole port area or went even further and included cities near port areas [28,39]. These studies show that ANNs can be effectively used to evaluate air pollution in wide areas. However, there is a lack of research on ANN usage for individual ship pollution or ship plume evaluation. This study attempts to fill this gap by developing an ANN model to accurately evaluate the plumes of individual ships.




2. Materials and Methods


Research is based on using ship AIS positions and exhaust gas plume analysis. Due to the geographical positioning of the port of Klaipeda, ships move along a narrow channel in the Curonian lagoon, along Klaipeda city. During the western winds, the exhaust gas plume is blown to the port and the city and can be registered by the air pollution analysis equipment positioned in the port. During the movement of the ship, the exhaust gas plume moves in parallel to the ship; when the plume moves through the measurement station, the data on the concentrations of the horizontal slice of the plume is registered (Figure 1).



The position of every ship (coordinates and position relative to the end of port), speed above ground as well as weather parameters are registered at time tx with time intervals of 1.5 min. Ship technical data is added from the ship register database based on the IMO number. Exhaust gas plume measurements were made with AQM 65 measurement station [40]. Pollutants’ measurement (PM1, PM2.5, PM10) was conducted 24/7 with a measuring time interval of 1 min for 46 days. Time intervals of the position of every ship (coordinates and position relative to the end of port), speed above ground, as well as weather parameters and pollutant measurements were synchronized according to AIS data, using linear interpolation, for final data array.



2.1. Ship Technical-Specification Data


Ship technical data (Table 1) was taken from the IHS Fairplay world shipping encyclopedia. The matching of technical data to ships was based on the IMO number in the AIS system and IHS Fairplay database.




2.2. Weather Data


Weather data (Table 2) was carried from two sources: measured directly using the sensors on the station and from available archives online. Weather data was available at a frequency of 30 min [41]. Linear interpolation was used to determine the weather data conditions for each minute of AIS data.




2.3. AIS Data


AIS data was provided by the Lithuanian transport safety administration. AIS data was filtered based on coordinates, limiting the data to only ships that were operating in Klaipeda port waters. Parameters for identification of the ship as well as the definition of position, movement speed, and direction at time t were used (Table 3).




2.4. Neural Network


For neural network training, a neural designer data science and machine learning platform (version 5.9.8) [42] was used. An approximation network was used consisting of 17 inputs (Table 1, Table 2, Table 3 and Table 4) and 3 target variables consisting of PM1; PM2.5; PM10 concentration (µg/m3) measured using AQM 65 station. In total 81,949 lines of data array were made (Figure 2). Wind direction was selected such that wind would carry the ship plume to the AQM65 station side. We excluded wind direction from the east side. The numerical form of wind direction used in the data array was in degrees and between 180 and 360.



A standard distribution of 60% training samples, 20% selection samples, and 20% testing samples was made for the training of the network. A neural network of 5 layers with 4 Hyperbolic tangent (tahn) activation functions was chosen (Table 4). Normalized squared error (MSE) was selected for the loss index. The regularization term measures the values of the parameters in the neural network. For the regularization, L2 method, consisting of the squared sum of all the parameters in the neural network, was selected. The adaptive moment estimation method (Adam) was used for training.





3. Results and Discussions


Modeling results showed a good correlation with measurement data for the whole data array R2 = 0.903 for PM1, R2 = 0.880 for PM2.5, and R2 = 0.807 for PM10, respectively. The mean squared error for testing samples was 0.123.



A comparison of individual ship plume measurements is presented in Figure 3 in relative values (CM/CANN). Each measurement point was registered when the measurement station was downwind from the maneuvering vessel. Four different ship types are presented:



a—a bulk cargo ship with a deadweight of 56,810 t and main engine power 9480 kW(measurement distance 0.44–3.92 km);



b—a chemical tanker with a deadweight 650 t and main engine power of 625 kW (measurement distance 1.07–3.29 km);



c—a trawler with a deadweight of 30 t and engine power of 221 kW (Measurement distance 0.51–3.8 km);



d—and a refrigerated cargo ship with a deadweight of 2713 t (0.32–3.95 km) and main engine power 2601 kW(measurement distance 0.32–3.95 km).



For wider analysis, results by ship type are presented in Figure 4 for four ship types. The coefficient of determination for each type of vessel is in the range R2 = 0.66–0.80 for RoRo, R2 = 0.91–0.94 for general cargo, R2 = 0.71–0.92 for bulk, and R2 = 0.75–0.91 for tugs. The worst correlation and sum squared error are for RoRo vessels. These vessels are among the tallest vessels that enter port, which in some cases can result in their exhaust gas plume moving above the measurement station. Furthermore, it should be noted that part of the RoRo vessel fleet is equipped with scrubbers that are known to reduce PM emissions by a significant percentage. Since data about scrubbers is not included in the IHS Fairplay database used for this analysis, this could cause significant errors in the prediction of PM concentration in the RoRo exhaust gas plume. The best correlation was determined for the general cargo ships (b). The big errors, especially well seen in case d, are associated with an incorrect selection of time for emission peak concentration, predicting exhaust gas plume earlier/later than it occurs, and less with an incorrect prediction of concentration levels.



The deployment of the model allows for the evaluation of different conditions and impacts of ship exhaust gas plume. Model deployment was performed by supplying the ANN with data from an average tugboat with an engine power of 2500 kW and at a distance of 135 m, moving at speeds of 10.7 knots (20 km/h). Different wind speed was modeled for the same location. It was determined that the biggest concentration reaches the shore when wind speed is in the range of 9–12 m/s for all particulate matter sizes. At wind speeds of 3 m/s and less, the concentration becomes indistinguishable from the background. The structure of the plume was presented in Figure 5. The full exhaust gas plume concentration range was obtained by changing the wind direction from a single vessel source at the same distance during a wind speed of 9 m/s. The peak concentration reaches 27 µg/m3 for PM10, 21.6 µg/m3 for PM2.5, and 20 for PM1.



The data on shipping power consumption and emissions have always been limited and diverse [43]. Different propulsion plants, level of technological maintenance, age of the ship, and quality of fuel used by the ship are all influencing factors [44]. This is especially case in ports where it is difficult to predict pollutant emissions due to the complexity associated with low engine load, transient effects, and multiple external influencing factors [45,46,47]. Due to these difficulties, in many port emission evaluation models shipping can be omitted as an emissions source [48]. The lack of comprehensive tools makes it difficult for port operators to evaluate the level of impact that is occurring due to shipping activities at the current time. Online measurement stations are one of the more available solutions, however, a significant number of them are necessary to sufficiently cover port territory, and purchase and maintenance prices can become prohibitive.



Due to the aforementioned limitations, it is difficult to evaluate the impact shipping activities can have in ports, and due to the relatively slow change in the world fleet, this is going to remain a complicated issue for some time. It is there for necessary task to develop robust tools for shipping impact evaluation that could be used in port areas for evaluation and real-time prediction of pollutant impact. This is where machine learning can be accepted as one of the possible solutions [43,49]. Presented research results show a promising potential for artificial neural network use in these cases. Even though currently there are cases where ANN makes major inaccuracies, especially when the concentration level is low or exhaust gas abatement technologies are used on board, as was seen with RoRo vessels, with improvements in data filtering and expansion in training data array size, prediction accuracy is expected to increase substantially.



ANN also allows us to perform an analysis of exhaust gas plume dispersion in different environmental conditions, ship positions, distances, etc. Performing this only with experimental measurements would be very complicated in the technologically dynamic environment of a seaport.



However, an increase in alternative fuel use in the future can further complicate model use. Therefore, the periodical addition of data and retraining are necessary. With more data gathered from in-port measurements, the model accuracy can be significantly improved.




4. Conclusions


Due to the growing attention towards air pollution in port by vessels, effective monitoring and modelling techniques have to be developed. This study shows that ANN models can be used for the prediction of exhaust gas plume concentration during different weather conditions, circumventing direct emission measurement and only using the technical characteristics of the vessel, weather conditions, and AIS data.



Developed ANN models can be used to model the exhaust gas plume for different vessels, analyze the exhaust gas plume structure, and estimate the impact for effected territories such as port terminals or close urban territories.



Limitation to model accuracy exists because of a lack of data on emission abatement technologies and quality/type of fuel used on board the vessel. Additional data and the periodical retraining of the model are necessary for full model implementation.
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Nomenclature




	AIS
	automatic identification system



	ANN
	artificial neural network



	CANN
	concentration calculated by the trained ANN



	CM
	measured pollutant concentration



	CO2
	carbon dioxide



	DWT
	deadweight tonnage



	EU
	European union



	GT
	gross tonnage



	IMO
	international maritime organization



	NOx
	nitrogen oxides



	PM
	particulate matter



	SOx
	sulfur oxides



	TSP
	total suspended particles
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Figure 1. Schematic representation of exhaust gas plume measurement. 
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Figure 2. Algorithm for neural network preparation. 
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Figure 3. Comparison of measured and calculated concentrations: (a) bulk cargo ship, (b) chemical tanker, (c) trawler, (d) refrigerated cargo ship. 
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Figure 4. Comparison of measured and calculated concentrations: (a) RoRo ships, (b) general cargo ships, (c) bulk carriers, (d) tugs. 
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Figure 5. Comparison of modeled exhaust gas plume structure. 
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Table 1. Ship technical data collection.






Table 1. Ship technical data collection.





	Parameter
	Dimension





	DWT
	km/h



	GT
	t



	Ship length
	m



	Beam
	m



	Ship depth
	m



	The total power of the engines
	kW



	Ship draft
	m
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Table 2. Weather data collection.






Table 2. Weather data collection.





	Parameter
	Dimension





	Wind speed
	km/h



	Wind direction
	°



	Pressure
	mb



	Relative humidity
	%
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Table 3. AIS data collection.






Table 3. AIS data collection.





	Parameter
	Dimension





	Ship speed
	km/h



	Course over ground
	°



	True heading
	°



	Longitude
	°



	Latitude
	°



	Distance to the end of the port
	m
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Table 4. Parameters of neural network.






Table 4. Parameters of neural network.










	Name
	Neurons
	Activation Function





	Perseptron layer 1
	17
	Hyperbolic tangent (tahn)



	Perseptron layer 2
	150
	Hyperbolic tangent (tahn)



	Perseptron layer 3
	80
	Hyperbolic tangent (tahn)



	Perseptron layer 4
	4
	Hyperbolic tangent (tahn)



	Perseptron layer 5
	4
	Linear



	Bounding layer
	
	Data range
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