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SUMMARY

Ship pollution contributes to global anthropogenic emissions, and they have a significant impact on human health as well as climate change. Thus, this paper aims to review recent studies that used various methodologies to measure and estimate ship emissions. It provides a comprehensive review of different techniques for monitoring ship emissions, including measurement and estimation methods, to identify each technique’s features, strengths and limitations. Three main methodologies for ship emission measurement are investigated, including the on-board measurement, the in-situ measurement for sniffer method, and optical remote-sensing techniques such as Differential Optical Absorption Spectroscopy (DOAS), Light Detection and Ranging (LiDAR), and UV-CAM-based monitoring. Direct measurements are not always possible due to time and human resource restrictions, and the difficulty of installing measurement devices. Therefore, emission inventories are the most commonly applied method to estimate ship emissions. Estimation methods, including inventory approaches and the application of machine learning techniques, are also reviewed here. Among the reviewed approaches, direct measurements provide high accuracy but may be costly and operationally challenging, whereas inventory and data-driven methods offer broader applicability for large-scale assessments. Future work should focus on integrating measurement, inventory, and machine-learning approaches to improve reliability, scalability, and standardization in ship-emission monitoring.
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1. INTRODUCTION

The accelerated growth of activities in the marine environment has affected the global economy. With 90% of the worldwide transport volume being carried by ships, maritime air pollution has exacerbated local society’s health and the environment due to the high volume of emissions exhausted. The amount and type of emissions directly depend on the ship’s type and the fuel used. Heavy fuel oil (HFO), marine diesel oil (MDO), marine gas oil (MGO), liquefied natural gas (LNG), and liquefied petroleum gas (LPG) are the most common marine fuels. Among them, HFO contains many impurities, including sulphur and metals, and has been used by almost all ships owing to its economic benefits. For such fuels, the typical exhaust gaseous primary emissions include carbon dioxide (CO2), nitrogen oxides (NOx), sulphur dioxide (SO2), carbon monoxide (CO), and particle matter (PM). An overview of emissions from shipping operations is shown in Figures 1 and 2. Recent assessments indicate that international shipping emitted approximately 1,076 million tonnes of CO₂ in 2018, accounting for about 2.6–3% of global anthropogenic CO₂ emissions (EDGAR v7.0; Comer et al., 2022). Although emissions briefly declined during the COVID-19 pandemic, updated inventories suggest a rebound to approximately 1,015–1,030 million tonnes of CO₂ in 2021–2022. For other pollutants, shipping released approximately 20.7 million tonnes of NOₓ and 1.8–2.2 million tonnes of PM₂.₅ in 2018. In addition, the implementation of the IMO 2020 global sulfur cap has been associated with a 70–80% reduction in SO₂ emissions worldwide (Comer et al., 2022). These pollutions affect not only human health and lead to mortality but also the environment, agriculture, and infrastructures. Numerous studies have shown a high correlation between ship emissions and harmful impacts on human health and local ecosystems, especially when ships are at berths or near ports (Viana et al., 2014). 
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The impact of shipping emissions is particularly significant in heavily trafficked coastal regions. Studies have shown substantial air-quality deterioration in areas such as the Mediterranean Sea, the North Sea, and the coastal zones of East and Southeast Asia, where population density and shipping intensity are both high. These regions experience elevated concentrations of SOₓ, NOₓ, and fine particulate matter, contributing to increased health risks and environmental stress. Health risks from particles are related to the size of particles and their compositions, making particle mass a coarse parameter for indicating how harmful emissions are. Exposure to PM (especially PM2.5) causes significant adverse health effects (Xing et al., 2016). Exposure to tropospheric ozone (O3) also increases the risk of death (Jerrett et al., 2009). On the other hand, climate change is affected by emissions of the greenhouse gases CO2, the short-lived climate pollutants (SLCP), methane (CH4), black carbon (BC), NOx, and in many sea regions, SO2 (Corbett et al., 2007). Furthermore, the IMO 2020 global sulfur regulation, effective from 1 January 2020, reduced the allowable sulfur content in marine fuels from 3.5% to 0.5% m/m worldwide. In designated Emission Control Areas (ECAs), a stricter limit of 0.1% m/m continues to apply. These regulations have substantially lowered SOₓ emissions from international shipping (IMO (2020)).

Hence, tracking the emissions and understanding their potential effects on the surrounding environment is vital. However, unlike land-based emissions monitoring by stringent rules and regulations, the shipping sector still lacks reliable approaches to monitoring and estimating emissions. This has become significantly important since previous studies found that ocean-going vessels generate 17–31% of worldwide emissions of NOx and 4–10% of SOx (Deniz and Kilic, 2010; Moreno-Gutiérrez et al., 2015). It is estimated that CO2 from shipping emissions accounts for approximately 2–3% of world emissions. It has also been found that ship emissions worsened the near-port ambient air quality. According to (Corbett et al., 2007), nearly 70% of ship exhaust emissions occur within 400 km of the global coastline. Other studies found a 1–45% increase in local PM2.5 concentrations due to shipping operations. 

To reduce the harmful effects of ship emissions, the International Convention for the Prevention of Pollution from Ships (MARPOL) was adopted in 1973 and later modified by the 1978 Protocol. These regulations were enacted in May 2005 to reduce NOx, SOx, and PM from ship emissions. The International Maritime Organisation (IMO), a specialised agency of the United Nations (UN), issues global regulations on the safety, security, and environmental performance of international shipping. IMO and governments in different countries have introduced some policies for limiting SOx and NOx emissions from ships (IMO, 2020). For example, the limit for Fuel Sulphur Content (FSC) was globally reduced from 4.5 to 3.5 %(m/m) in 2012 (Balzani Lööv et al., 2014). However, a further reduction is expected to meet the demand for low Sulphur fuel (FSC is usually given in units of per cent Sulphur content by mass, i.e., % m/m).

An effective policy strategy to regulate air emissions must be based on robust estimates or measurements in terms of quantiﬁcation and location. For this purpose, ship emissions must be monitored and characterized according to fuel type and ship characteristics such as speed and engine type. Regulations on the marine fuel oil refining industry and ship emissions highlight the need for reliable measurement and estimation to limit ship emissions. Different approaches have been proposed for monitoring ship emissions that can generally be divided into two key categories: measurement and estimation techniques. Figure 3 provides an overview of standard methods for ship-emission tracking. Although previous review studies have examined individual measurement and estimation methods (e.g., Grigoriadis et al., 2021), there remains a lack of an up-to-date and comprehensive review that integrates both measurement and estimation techniques. This study will provide an overall perspective and some guidelines on ship emissions that will assist both regulatory approval organisations and shipping industries to better characterise emissions. This will be beneficial for the development of better regulations that minimise the risk of ship emissions to human health and the surrounding environment.
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2. SHIP EMISSION MEASUREMENT TECHNIQUES

There are three main methods to measure ship emissions: on-board, in-situ, and remote sensing. On-board and in-situ measurements mainly involve high-end pollutant analysers or more simplified sensors placed in the ship exhaust line (before or after any emission control system) or a specific drone (Ntziachristos et al., 2016). In situ measurements mainly employ the sniffing method, which refers to directly entering the ship plume for measurement using a helicopter or drone equipped with a sniffer. Remote sensing measurement includes optical and spectroscopy methodologies. These methods were used to evaluate the emissions factors, i.e., the amount of an emitted species relative to the amount of consumed fuel of individual ships in real-time. Such data are needed to check whether ships comply with new policies and evaluate the shipping sector’s environmental impact. These techniques for emissions measurement from the ships are discussed in the following sections. 

2.1 ON-BOARD MEASUREMENTS

On-board measurement is essential to fully validate emission factors. In the context of real-world measurement campaigns, emission rates can be extracted by measuring exhaust emissions in relation to fuel consumption or the energy output of the vessel engines. One of the purposes of engine exhaust measurement is to establish mandatory procedures for testing, surveying, and certification of marine diesel engines to ensure that all applicable marine diesel engines comply with allowable emissions. Normally engine certification occurs on a testbed; however, on-board testing is applied for engines that cannot be certified on a testbed. However, the practical deployment of on-board measurement systems can be costly and operationally challenging, particularly for large-scale monitoring across diverse vessel fleets.

On-board techniques require various types of equipment and often considerable installation space (Bai et al., 2020; Chu-Van et al., 2018). Usually, the measurement equipment station is quite near the exhaust channels. The pipelines and tubes for the exhaust sampling are installed while preparing actual measurement instruments. The distance from the equipment station to the exhaust inlet can be dozens of meters. After calibration, the measurement process records the required information for a fixed period. The data gathered from the loggers and computers used on-board are transferred to readable form, and the integrity of the data is checked. The emission measurement report is prepared after the measurement run.

For example, Chu Van et al. (Chu-Van et al., 2018) carried out on-board ship emission measurements for two large cargo vessels operating under different conditions, including at berth, manoeuvring, and ocean-going. Figure 4 demonstrates a schematic diagram of the sampling setup for the main engine and auxiliary engine. They used a setup of sampling for the main engine in which the raw hot-exhaust gas was directed to the DMS 500 dilution system from the first sampling point. The second sampling point was used for measurements by a Testo 350 XL, DustTrak, and Slable CO2 monitor through a dilution system. They showed that manoeuvring compared to ocean-going conditions resulted in high emissions levels, which can negatively impact human health and the environment in coastal and port areas.
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Engine exhaust investigation is carried out in laboratories and on-board ships, where the exhaust composition is analysed after the combustion process (Moldanova et al., 2009) at different loads and fuel types (Anderson et al., 2015; Moldanová et al., 2013; Winnes et al., 2016). Moldanová et al. (2013) investigated emissions for particulate matter and some sub-components in two on-board measurement campaigns and found that an increased fraction of the sulfur in the fuel oxidizes to sulphate with increasing engine load.

Although on-board measurement studies are essential to comprehensively analyse real-time emissions from ships, a very limited number of studies have been undertaken. Moreover, these on-board measurement studies only focused on the part of a whole ship voyage, such as at-berth, manoeuvring, or ocean-going. To the best of the authors’ knowledge, none of them has investigated the entire ship’s journey in various environmental and operational conditions. Therefore, further on-board measurements need to be carried out to improve the quality of the data on ship emissions and help develop emissions inventory models with more comprehensive applications.

2.2 IN-SITU MEASUREMENTS

The first in-situ set-up was reported in 1964 and used in the marine environment to determine salinity on the basis of measurements of conductivity and temperature (Brown & Hamon, 1961). Today it is possible to measure a broad range of emissions and analyse them quickly and accurately using different techniques. A brief review of these techniques is given below. 

The sniffer instruments are commercially available as a state of the art instruments and are being used worldwide as reference methods for air quality measurements. In the last few years, the development of microsensor technology, featured with low cost and small size, has emerged as a promising approach for alternative air pollution measurements. New techniques such as drones carry small sniffer systems that chase plumes and measure emissions. They are applied to measure in-plume content for various pollutants. The principle of the sniffer method is to obtain emission factors in grams of pollutant per kilogram of fuel by measuring the ratio of the concentration of the pollutant versus the concentration of CO2, inside the emission plume of the ships (Beecken et al., 2014; Chen et al., 2005). This principle has been employed in other studies to monitor ships’ and harbours’ emissions (Zhou et al., 2022). A few studies have attempted to use microsensors on-board small drones to determine the air pollutant concentration distributions (Gu et al., 2018). A compact microsensor system (MSS) is integrated with a drone and employed to measure fuel content using the ship plume measurement. The MSS is mounted on the top of a drone or an unmanned aerial vehicle (UAV) equipped with a high-precision thermal imaging camera. In addition, a GPS sensor, wind sensor, internet modem and control electronics are employed. The collected data can be analysed automatically to identify ship plumes and calculate emission factors.

Villa et al. (2019) used an unmanned aerial vehicle (UAV) to characterize the gaseous (CO2) and particle (10–500 nm) emissions of a ship while the ship was operating at sea, at a steady engine load of 30%. Measurements of particle number (PN) and CO2 concentrations in the ship plume were performed using two commercial sensors mounted on-board a hexacopter UAV. The UAV used, which is shown in Figure 5, is a composite material S800 EVO manufactured by DJI. The DISC mini is a portable monitor used to measure the concentration of particles in the 10–500 nm diameter size range, with a time resolution of up to 1 s (1 Hz). A TSI (TSI, Shoreview, Minnesota, United States) IAQ- calc 7545 model was chosen to measure CO2 concentrations. In this study, the calculated particle number emission factor, EFPN, was 7.6 ± 1.4 × 1015no. kg−1fuel which is in line with those reported in the literature for ship emissions ranging from 0.2 to 6.2 × 1016 no. kgfuel−1.
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Another method for detecting SO2 is based on UV fluorescence (Luke, 1997). Recently, this method has been applied in various studies. Anand et al. (2020) developed and evaluated a UAV-borne lightweight (750 g) MSS, which is capable of measuring ship plume SO2, NO2, NO, CO2, CO, and particulate matter in real time. The sniffing system used in this study integrates a highly sensitive MSS (Sirius-E2, Sapiens) and a UAV to conduct airborne measurements. Beecken et al. (2015) analysed in situ measurements of 174 ship plumes from 158 different ships in the open sea. A flight-modified Picarro G2301-m was used to monitor the concentration of CO2 in the air. This instrument is a greenhouse gas monitoring system based on cavity ring-down spectroscopy. The average SO2 emission factor was found 18.8 ± 6.5 g kg−1 fuel. In addition, approximately 85% of the monitored ships were found to be compliant with IMO sulfur-content limits during the measurement campaign in the observed sea regions.

The sniffer method has some strengths and limitations. It has high detection accuracy and can measure the concentrations of multiple gases simultaneously, allowing FSC to be calculated from the SO2/CO2 ratio. However, the sniffing method requires continuous and stable maintenance of an aircraft and finding the best sampling area of the plume, which is difficult (Cao et al., 2021).

2.3 OPTICAL REMOTE SENSING METHODS

Exhaust gases have specific light absorption characteristics at specific wavelengths. Optical remote-sensing technology is used to estimate gas concentrations based on changes in light intensity as radiation passes through an exhaust plume (Figure 6). In contrast to in-situ measurement, remote sensing techniques allow the measurement of mean pollutant concentration in a relatively large volume of air. Measuring instruments used for remote reading of the pollutants emitted from ships are based on electromagnetic radiation detection and spectroscopic techniques. Optical remote sensing techniques, such as differential optical absorption spectroscopy (DOAS), light detection and ranging (LiDAR), and the ultraviolet camera (UV-CAM) technique, can detect the variation of light properties after interaction with the exhaust plume and, thus, the corresponding SO2 and NO2 emission levels in the plume (Balzani Lööv et al., 2014).
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Differential optical absorption spectroscopy (DOAS) is a powerful remote sensing technique that enables direct and sensitive detection of multiple trace gases simultaneously without influencing their chemistry. This method was introduced by Noxon et al. (Noxon, 1975) during stratospheric trace gas studies at Friz Peak Observatory in Colorado. After initial experience, DOAS algorithms underwent rapid development within the framework of climatic studies and became one of the most promising techniques for stratospheric ozone depletion studies (Beecken et al., 2015; Berg et al., 2012). There are two modes for DOAS applications based on the origin of the collected light: a passive mode called MAX-DOAS and an active mode known as active-DOAS. A natural light source such as the moon or the sun is used in passive-DOAS techniques to collect either direct or scattered light from the source (Berg et al., 2012; Cheng et al., 2019; Schmitt et al., 2020). This method is used to trace gases that absorb in the UV and visible spectral range. For instance, Schmitt et al. (2020) have employed an active UV radiation source and a laser driven-xenon arc lamp located next to an Acton Spectra 300i spectrograph in combination with a Roper Scientific 10:2KBUV detector. The light of the UV source is reflected by a retro-reflector mounted to a lighthouse on the opposite shoreside. In their calculations, the average detection limit is given as 80 ppt for SO2 and 0.44 ppt for NO2. On the other hand, active-DOAS utilizes an artificial light source such as high-pressure Xe-arc lamps or light-emitting diodes. Platt et al. (1997) used an artificial light source, taking simultaneous measurements of atmospheric CH2O, O3, and NO2. A detailed explanation of DOAS methods can be found in previous studies (Krause et al., 2021; Platt and Stutz, 2009).

MAX-DOAS measurements can provide both a complementary approach and an alternative to in-situ trace gas measurements at sites (Seyler et al., 2017), where the ships are several kilometres away from the instrument and interpretation of in-situ measurements is challenging due to the dilution and broadening of the plume during the travel time from the ships to the measurement site. Seyler et al. (2017) used a two-channel (UV and visible) MAX-DOAS instrument to estimate two-dimensional pollutant distributions. This is based on the concept that the effective light path length in the atmosphere systematically depends on wavelength, simultaneous measurements, and DOAS retrievals in the UV. The visible spectral range is used to probe air masses at different horizontal distances to the instrument to estimate two-dimensional pollutant distributions. This method is also used in urban areas. Schreier et al. (2020) characterize two installed MAX-DOAS instruments in Vienna, Austria, and evaluated horizontal path-averaged near-surface nitrogen dioxide (NO2), formaldehyde (HCHO), and glyoxal (CHOCHO) volume mixing ratios (VMRs) over the urban area by applying a state-of-the-art retrieval approach.

The strength point of the DOAS method is that the equipment is portable, and many compounds are detectable in the low ppb range. Limitations consist of difficulty in aligning remote receiving optics or reflectors at long path lengths and dependence on constant wind direction for long-term deployment.

Light detection and ranging (LiDAR) systems are among the most advanced methods for atmospheric studies. In this method, a short pulse of light is emitted, and the light reflected by the target is received with a telescope, spectrally selected, analysed, and detected. The time delay between the emission of the light and its return to the instrument determines the distance to the source of the scattering. The spectral analysis and the intensity of the scattered light provide information on the optical and microphysical properties of the target and the medium. Differential Absorption LiDAR (DIAL) is a LiDAR technique based on molecular absorption processes. DIAL is a frequently used technique, especially when it comes to the measurement of vehicle exhaust emissions and pollutants coming from oil refineries.

Balzani Lööv et al. (2014) employed a mobile LiDAR system with laser pulses at 300.094 nm that are absorbed by SO2 and pulses at 299.752 nm. The pulses at the two wavelengths are sent out alternately; a total of 30 pulses are sent out each second. Boselli et al. (2020) used the LiDAR technique in the port area of Naples (Italy) to study particulate emissions. The measurements were carried out using a compact and portable scanning LiDAR, and it was equipped with a laser source with a 1 kHz repetition rate and an average optical power of 0.04W at 355 nm. The system swivelled from the vertical to the horizontal plane by pointing the laser beam in the vertical plane from slightly below the horizon to the zenith. The receiver unit consisted of a 20 cm Ritchey-Chrétien telescope and was designed to detect the elastically diffused light with parallel and perpendicular polarization. The results show that this technique can identify, track and monitor the exhaust emissions of ships in both transient and stationary operational conditions.

The LiDAR technique has some strengths and limitations. It is a safe and reliable method for dust concentration measurements. Even for very low levels, it can cover a wide range of areas with one configuration and provide results within minutes of measurement, depending on sample averaging time. However, rapidly changing wind speed and direction may introduce measurement errors. In addition, a limited number of vendors provide LiDAR systems and services.

Both LiDAR and DOAS methods can accurately estimate SO2 concentration for ship exhaust monitoring. However, the wind factor is not considered for a correct prediction, and gas pollution is detected at a certain point or local area in the exhaust plume. The UV camera technique for air quality research can overcome this defect. Advanced UV camera technology is essential to fully exploit this technique. The UV imaging detection technique employs the absorption characteristics of the UV absorption gas and combines Lambert-Beer’s law to achieve rapid gas detection and analysis (Salerno et al., 2009; Sandhu et al., 2017).

Recently, several studies have investigated ship exhaust monitoring using UV cameras. Prata (2014) performed experiments on ships with a UV camera and estimated the SO2 concentration with limited accuracy to assist in the calculation of FSC (Duan et al., 2020). Campion et al. (2015) evaluated the flow of SO2 at the Putana crater in Chile using a UV camera and achieved long-distance monitoring of natural sources of pollution. Duan et al. (2020) later used a dual-channel differential technique and an empirical model of particulate matter scattering to eliminate the interference of extinction factors, resulting in considerably improved accuracy of SO2 estimation. Techniques such as a portable UV camera have also been successfully used to measure UV absorption gas concentrations in ship emissions (Xu et al., 2018, 2019). Deep learning has recently made remarkable achievements in image recognition, speech recognition, and natural language processing. Cao et al. (2021) performed a simulation experiment for ship exhaust emissions. They built a deep-learning prediction model that can predict FSC from an ultraviolet image of the exhaust plume taken by a UV camera. This work reveals that FSC features are reflected in exhaust plume images taken by UV cameras and can be learned by deep neural networks.

A comparative summary of emission measurement techniques is presented in Table 1. From a practical implementation perspective, each measurement technique presents a different balance between accuracy, cost, and operational feasibility. On-board monitoring provides the most direct and detailed emissions data, but it is generally costly, intrusive, and difficult to deploy across large fleets. In-situ sniffer methods offer a more flexible and moderately costly alternative, especially for compliance checks near ports and shipping lanes, although their accuracy is strongly affected by meteorological conditions and plume accessibility. Optical remote-sensing techniques such as DOAS, LiDAR, and UV-CAM are non-intrusive and suitable for large-scale screening; however, they require specialised equipment, skilled operation, and are often sensitive to atmospheric and environmental conditions. Therefore, the selection of an appropriate measurement method depends not only on the desired accuracy but also on the operational context, available resources, and monitoring objective.
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3. ESTIMATION METHODS

The measurement techniques discussed above can provide precise real-time emission data; however, their application is not always feasible due to time constraints, human-resource limitations, and the practical difficulty of installing measurement devices. It is also challenging to engage vessel owners to install the necessary measurement instrumentation. Therefore, Emission inventories are among the most commonly applied approaches for estimating ship emissions.

Numerous models have been developed to estimate the pollutants released into the atmospheric environment (Nouri & Dadashzadeh, 2011). In all these approaches, the influential predicting features include features of ships such as speed, power, fuel consumption, on-board cargo quantity, and ship draft, as well as surrounding environment such as wind condition, waves, and currents (Coraddu et al., 2014). Emission factors are most commonly expressed in relation to energy output, i.e., the mass of pollutant per unit of energy produced by the engine (g/kWh) or per unit of fuel consumed (engine input, i.e., kg/ton).

The mainstream methods to prepare ship emission inventory can be categorised into three groups: bottom-up, top-down, and machine learning. It is necessary to find the most appropriate emission inventory methodology in terms of considered factors and assumptions. Each inventory method predicts a set of emissions that might deviate from the experimental measurement values (Sanaz et al., 2018). The main reason for the observed discrepancies between the observed and predicted emissions is that most of the inventories are developed under specific assumptions. These assumptions include fuel type, fuel-consumption units, navigation location, vessel type, and engine characteristics, all of which may differ from actual operating conditions, which in any particular case might be different from the actual scenario. It is therefore essential to develop more general emission inventory models premised on the factors and assumptions that are as close as possible to the actual factors and assumptions for different vessels.

3.1 TOP-DOWN APPROACHES

Ship emission inventories rely on top-down approaches, using data about the vessel fuel consumption, cargo turnover, or ship arrival and departure times (Trozzi et al., 1999; Fuentes García et al., 2022; Goldsworthy & Renilson, 2013). When there is no access to the engine power and load information, top-down methods are used to estimate emissions by using the fuel consumption data and the fuel type (Kanberoğlu & Kökkülünk, 2021). The fuel-based approach is one of the top-down approaches for creating ship exhaust emission inventories. The amounts of ship exhaust emissions are calculated based on the total fuel consumption and fuel emission factors. The fuel-based approach can provide a relatively accurate calculation result of ship exhaust emission inventories on a global scale; however, it underestimates the amounts of ship exhaust emissions on a regional scale (Peng et al., 2020). This approach is recommended for situations where only limited traffic data are available because data that only generally describe a particular ﬂeet and its FC and EF can be used.

Another top-down approach for creating ship exhaust emission inventories is the trade-based method which estimates the ship exhaust emissions based on the type and volume of the cargo transported by ships. This method calculated the SO2 emissions from ships in Asia from 1988 to 1995 (Streets et al., 2000). The trade-based method can only be applied to estimate the cargo ship emissions, which underestimates the regional total ship exhaust emissions. Besides, the hypotheses set in the technique lead to significant uncertainties in the results (Peng et al., 2020).

The full top-down approach is applied in several studies (Corbett & Fischbeck, 1997; Miola & Ciuffo, 2011). Goldberg et al. (2019) investigated the NOx emissions inventory in Seoul, South Korea, using a regional ozone monitoring instrument OMI NO2 product derived from the standard NASA product. They first applied the top-down approach to a model simulation to ensure that the method was appropriate. Using the top-down approach on the regional OMI NO2 product, they derived the NOx emissions rate from Seoul to be 484 ± 201 kt yr−1 while the standard NASA OMI NO2 product resulted in 353 ± 146 kt yr−1 NOx emissions rate.

Requirements for NOx emissions were deﬁned using a three-tier methodology, where different levels (Tiers) of control apply, based on the ship construction date. The less strict Tier 1 applies to vessels constructed on or after January 2000, Tier 2 to vessels constructed on or after January 2011, while the most demanding Tier 3 regulates NOx emissions from vessels built after January 2016 that operate in the North American, Caribbean Sea, and Baltic Sea.

This method can be described as a fuel-based (FB) approach, in which fuel-sales statistics are used to estimate the total mass of fleet fuel consumption within a defined area over a specified time. That information is then combined with the emission factor (EF), which denotes the mass of emitted pollutants per metric tonne (t) of fuel consumed to ﬁnally obtain the total mass of emitted pollutants (E), which is represented by Equation (1) (Lee et al., 2021). 
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Tier I–III is a top-down method in terms of emission inventory and a bottom-up technique in terms of geographical distribution. Tier III method can be used when detailed ship movement data and technical information on the ships (e.g., engine size and technology, power installed or fuel use, hours in different activities) are available (Nielsen, 2013). For commercial vessels, the methodology calculates the emissions from navigation by summing the emissions on a trip-by-trip basis. In general, the emissions can be expressed on a single trip as presented by Equation (2).
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where ETrip is the emission of the complete trip (tonnes), FC is the fuel consumption (tonnes), and EF is the emission factor (kg/tonne). Indexes i, m, j, and p refer to the pollutant, the fuel type, the engine type (slow-, medium-, high-speed diesel), and the operation mode of the trip (port, cruising, manoeuvring, anchorage), respectively. Emission factors for different engine types, fuel types, and modes of operation can be found in standard tables in handbooks (Elvers & Schutze, 2008).

The top-down approach is widely used in large-scale inventories, where it is more practical to gain insight into shipping emissions by acquiring less detailed data based on FC. The bottom-up approach is recommended when detailed information about a ship’s movement dynamics and its technical data (TD) are available. In another study, Miola and Ciuffo (2011) provided a meta-analysis of both bottom-up and top-down modelling approaches and available data sources to estimate emissions from shipping. The authors proposed an updated methodology and analysed the uncertainties associated with different methods and attributed the level of uncertainty to the different sources of the input information. They found that one way of reducing the overall uncertainty in the results could be the simultaneous use of various sources of information.

3.2 BOTTOM-UP APPROACHES

Due to difficulties in collecting reliable inputs for the top-down approach, the bottom-up approach is recommended. This approach allows the primary contributors of the emissions to be assessed and provides a clear understanding of the effects on the primary emissions. A bottom-up method is chosen if accurate sailing statistics are available. This includes actual travel distance with speed and port calling records with real-time operations. Due to the increase in the ship’s data availability and particularly following the introduction of the Automatic Identification System (AIS), bottom-up studies are generally more popular than top-down studies. AIS is a vessel tracking system, introduced by the IMO International Convention of Safety of Life at Sea (SOLAS), to improve the safety and efficiency of navigation, the safety of life at sea, and maritime environmental protection through better identification of ships (Tichavska & Tovar, 2015). These data improve estimations of ships’ activities and, consequently, increase the accuracy of emissions Estimations. Various studies have been conducted and developed different types of bottom-up analyses that can be classiﬁed into four main groups. The first group calculates the emissions per ship on each maritime route based on Lloyd’s MIU ships’ movement data (Paxian et al., 2010). Lloyd’s MIU is a marine information portal located in the UK and offers a wide range of services geared towards vessel movement data. The second group evaluates fuel consumption, emissions, and their spatial distribution based on assumptions on the average travel time for each link of the network (Corbett et al., 2007; Wang et al., 2010). The third group provides a full bottom-up approach which includes two new features. Shipping activities are collected in real time using AIS data, and the approach considers the effect of waves on fuel consumption and therefore emissions. (Olesen et al., 2009). Finally, the fourth group estimates emissions from the maritime sector based on satellite AIS information. Examples of key methods are Ship Traffic Emission Assessment Model (STEAM) (Jalkanen et al., 2009), Pollution from Sea-going Vessels (MOPSEA) (Vangheluwe et al., 2007), National Environmental Research Institute (NERI) (Olesen et al., 2009), Emission Monitoring Shipping (EMS) (Van der Gon & Hulskotte, 2010), and Swedish Methodology for Environmental Data (SMED) (Cooper & Gustafsson, 2004), which fall into the bottom-up category. On the other hand, methods such as methodologies for calculating Transport Emissions and Energy consumption known as MEET (Hickman et al., 1999) and IMO estimate emissions based on a bottom-up emission inventory and top-down based on geographical distribution. 

The generic emissions estimation equation for bottom-up can be expressed by adopting Equation 3.
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where ETrip is the emission of a complete trip, EF is the emission factor (g/kWh), LF is the engine load factor (%), P is the engine nominal power (kW), and T represents time spent (hours). E refers to the engine category (e.g., main or auxiliary). Similar to Equation (1), indexes i, j, m, and p refer to pollutants, the engine type (slow-, medium-, high-speed diesel), fuel type (BFO, MDO), and the operation mode of a trip (i.e., port, cruising, and manoeuvring, anchorage).

Table 2 shows some of the most used bottom-up approach studies. EF is the emission factor, while CF is a controlling factor that is used when the ship is equipped with reduction technologies or fuel correction factors. In general, the estimation of energy demand can be categorized as to total energy output (EO) of operating engines or total engines’ fuel consumption (FC) during the operating time and is obtained by applying Equations 4 and 5.
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where P denotes engine power, LF denotes load factor, T denotes activity time, and SFOC denotes speciﬁc fuel consumption. US Starcrest Consulting Group (US/SCG) and European Monitoring and Evaluation Program/European Environmental Agency (EMEP/EEA) are the two most used methodologies by the scientific community and port authorities (Nielsen, 2013; US EPA, 2016). The methodology has been applied to estimate the cargo handling equipment emissions (CHE). It considers the latest version of the EMEP/EEA and US/SCG guidelines, represented by Equations 6, 7, and 8.
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where E indicates the emissions of pollutant i (tonne/year), N is the number of cargo handling equipment types (units), HRS is the annual hours of use (h/year), P is the power rate of the engine (kW), DFA is the deterioration factor adjustment, LFA is the load emission factor expressed as grams of pollutant per unit of work (g/kWh), FCF is the fuel correction factor (dimensionless), ZH is the zero-hour emission rate (g/kWh), and DR is the deterioration rate (g/kWh2). The Cumulative hours account for the number of hours the CHE engine has been turned on (h). 

One of the main differences between the two methodologies is related to the fact that the EMEP/EEA methodology estimates emissions based on the deterioration factors adjustment (DFA), which is associated with the power range of CHE and the technology. In contrast, the US/SCG methodology estimates are based on the FCF. In addition, the fuel correction factor of the US/SCG methodology is used to adjust EF associated with the fuel used, reflecting changes in fuel properties over time. Engine load factors depend on the average operational level of an engine in a given application as a fraction or percentage of the engine manufacturer’s maximum rated horsepower. Another relevant difference between the two methodologies is the consideration of FCF, which is only reflected in the US/SCG methodology. The emission estimates are adjusted by fuel correction factors accounting for differences in fuels or other factors, compared to the conditions of emission factors development. In addition to the FCF and the EF, the load factor (LF) is also different between the two methodologies. It should be noted that LF relates the engine’s power output at a given speed to the engine’s MCR power.

Emission factors are also a source of uncertainty when applying different methodologies. EMEP/EEA methodology uses fixed EF established according to technology level and engine size class. This is in agreement with EU emission directives for non-road mobile machinery. US/SCG methodology uses EF computed according to Equation 8, where ZH and DR depend on technology level and engine size class.

3.3 MACHINE LEARNING APPROACHES

During the last decade, many data management frameworks supporting distributed storage have been developed using satellite observation. Following this big data trend, Machine Learning (ML) has stepped into the shipping industry. Despite the great potential of ML in the shipping field, shipping emission inventories are an area that remains relatively unexplored. The concept of ML in the shipping industry relies on a data stream from and to the ships, which was analysed onshore in previous studies (Fabregat et al., 2021). The overall procedure for developing a reliable regression model is shown in Figure 7. The obtained data is first split into two datasets; training and testing datasets. The regression model is first trained using the training dataset and then validated against the testing dataset. This is followed by an accuracy and performance analysis. It is critical to analyse raw data since they might be inconsistent or incorrectly recorded. There are various techniques to discharge abnormal data due to the malfunction of the sensors and/or human error is extracted (Uyanık et al., 2020). 
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Methods such as statistical regression, Monte Carlo simulations, multiple linear regression, polynomial regression, artificial neural networks (ANN), support vector machine (SVM), Gaussian process metamodel, nonlinear ANN, and multi-resolution analysis of wavelet neural network (MRA-WNN) had been applied in energy consumption prediction of ships at sea (Beşikçi et al., 2016; Bocchetti et al., 2015; Petersen et al., 2015; Yuan & Nian, 2018). The level of complexity and accuracy of these models are different (Johansson et al., 2017). For example, using historical AIS data, Johansson et al. (Johansson et al., 2017) provided the first model of ship emission in international sea areas. They developed a Ship Traffic Emission Assessment Model (STEAM) by means of combining an AIS data feed with a technical database consisting of emission factors and other characteristics of more than 20,000 vessels. 

Previous studies have mainly focused on predicting ship emissions using bottom-up and top-down methods. More simplistic models rely on engine load factors and characteristics of the ship and its engines (Coello et al., 2015; Goldsworthy & Goldsworthy, 2015). For example, Goldsworthy and Goldsworthy (2015) developed a model to calculate and spatially allocate ship engine exhaust emissions in ports and extensive coastal waters using terrestrial AIS data for ship movements and operating modes which is applied to the Australian region. However, there are some limited studies that applied ML to better estimate emissions.

Recent studies have demonstrated that machine learning can improve the estimation of ship emissions by capturing complex and nonlinear relationships among operational, technical, and environmental variables. In particular, variables such as ship speed, engine load, fuel consumption, draft, weather conditions, and Automatic Identification System (AIS) data can be integrated into predictive models to estimate emissions with higher temporal and spatial resolution. Machine learning approaches have been successfully applied to predict fuel consumption, engine performance, and atmospheric pollutant outputs in maritime applications. These methods are especially useful when direct measurements are unavailable or when conventional inventory approaches rely on simplified assumptions that may not adequately reflect real operational behaviour. For example, previous studies have applied Gaussian Process Regression, Support Vector Machines, Artificial Neural Networks, and probabilistic latent variable models to improve emission prediction and reduce uncertainty compared with conventional emission-factor-based approaches.

Fletcher et al. (2018), developed a more accurate ship emission inventory model using five different ML models for the emission data, with the best-fit model judged based on comparing the real mean square errors and the R-values of each model. The improved performance of the best-performing machine learning model was demonstrated through reduced prediction errors (e.g., RMSE) and improved correlation with observed emissions compared with conventional emission-factor-based and regression approaches.

Gaussian Process Regression (GPR), Principal Component Regression (PCA), Linear Dynamic System (LDS), Supervised Probabilistic Latent Variable Regression (SSPPLS), and Supervised Mixture Probabilistic Latent Factor Regression (SMPPLS) models are proposed to predict shipping emissions based on engine parameters. The comparison of the SMPPLS model to existing bottom-up approaches indicated improved estimation ability of the model that incorporated ML tools instead of emission factors. 

Despite their strong predictive capabilities, machine learning methods also have several limitations when applied to ship-emission estimation. Their performance is highly dependent on the availability, completeness, and quality of input data, including AIS records, engine characteristics, and operational conditions. In practice, missing data, sensor errors, inconsistent reporting, and limited coverage across ship classes or routes may reduce model reliability. In addition, some machine learning models may suffer from overfitting and limited interpretability, making their outputs more difficult to validate and explain for regulatory or policy applications. Therefore, although machine learning offers considerable potential for improving emission estimation, its implementation should be accompanied by careful data preprocessing, model validation, and uncertainty assessment.

4. CONCLUSIONS

A review of the potential methods for ship emission tracking was given. Three main methodologies were defined, including direct measurements, remote measurements, and estimation methods. Direct measurement is usually done using highly sensitive sensors on-board of unmanned aerial vehicle (UAV) to determine the ship’s emission. With the increased requirements for monitoring emissions from the marine sector on the one hand, and the development of microsensor technology, featured with low cost and small size, on the other hand, there are significant opportunities for the further development of wireless sensor networks. Recent trends in microfabrication and integrated micro-electro-mechanical systems optics are being applied in developing in situ monitoring devices. The challenge is ensuring that these systems attain the sensitivity needed for many marine applications. The limited reliability of in situ sensors in the marine environment can limit their applications. One option to overcome this problem is by using backup or multiple sensors. This approach reduces the risk of failure, but the overall costs are increased. The future commercial development and wide acceptance of in situ technologies will depend on the availability of low-cost and sensitive sensors.

Another approach for direct measurement is on-board measurement. Reviewing recent literature shows that further on-board measurement studies need to be carried out to improve the quality of the data on ship emissions and contribute to the limited ship emission databases, especially for a whole ship voyage and for ultrafine particle emissions.

Remote sensing techniques can complement but not supersede in situ measurements. Due to its high sensitivity and robustness, passive remote sensing is an ideal tool for observations of long-term trends and for monitoring horizontal distributions of trace gases. The open-path DOAS technique impresses with its high monitoring coverage and very high sensitivity. However, the lack of direct CO2 measurements prevents the direct calculation of the FSC and compliance monitoring without any additional information. While in situ measurements rely on favourable wind conditions to identify emission peaks from ships, passive remote sensing instruments (MAX-DOAS) have limited sensitivity to SO2 in particular in wintertime, since the absorption of SO2 takes place in the UV, where only a few scattered photons are available in particular for high solar zenith angles. Moreover, passive remote sensing instruments cannot measure during night and twilight because of the missing light source (sun).

Using inbuilt measurements proves to be difficult, time-consuming, and resource-demanding; it is challenging to convince ship owners to purchase and install recommended measurement devices. Therefore, emission inventories are the most commonly applied method to estimate ship emissions. Several emission inventories methods have been reviewed in this paper, including bottom-up methods, top-down methods, and machine learning methods. There is some limitation in bottom-up methodology considering the emissions factors applied to the input data that are infrequently updated and sourced from vessel campaigns that are not necessarily related to the technical details of applicable vessels. In the case of the top-down approach, the limitation is the uncertainty associated with the input data (Corbett & Koehler, 2004; Eyring et al., 2005) and the broad application of emission factors (Endresen et al., 2007). Limitations of top-down methods can lead to a completely different understanding and measures at the regional air quality management level. Therefore, at the regional level, the bottom-up approach is recommended.

It is important to develop a good-enough emission inventory mechanism premised on the factors and assumptions that are as close as possible to the actual factors and assumptions for the vessels. However, further study is needed to reduce the uncertainties in assessments of the effect of exposure to air emissions, to better direct efforts to prevent exposure, and address the limitations identified in the risk assessment and emission inventories.

From a practical perspective, the selection of an appropriate emission monitoring approach should consider not only accuracy, but also cost, scalability, and operational feasibility. In particular, remote sensing techniques and machine learning methods offer promising solutions for large-scale monitoring, while on-board and in-situ measurements remain essential for validation and high-accuracy assessments. Future research should focus on the integration of measurement techniques with data-driven models to improve reliability and coverage. In addition, the development of standardized methodologies and increased international collaboration are crucial to ensure consistency in emission inventories and to support effective regulatory enforcement. Overall, continued advancements in emission monitoring technologies and methodologies will play a critical role in reducing the environmental impact of global shipping.
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Figure 2. Worldwide CO: emissions from shipping
operations (adapted from Olmer et al., 2017; updated with
more recent emissions estimates from EDGAR v7.0 and
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Note: ‘Domestic” refers to domestic shipping emissions within
the United States (Olmer et al.. 2017).
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main engine (Chu-Van et al., 2018)





OPS/images/f5.jpg
| UAV'system

el ]

5 IAQ-caI.c‘nrobe,b Q. e S i

- i i e S
- 3 : é¢’> - e
3 - 4 - B

Figure 5. UAV-based system equipped with on-board instrumentation for in-situ ship-plume measurements
(Villa et al.. 2019)
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