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Abstract

:

The aim of this study is to characterize the air quality in a Mediterranean port city. The impact of ship emissions on both gaseous and particulate pollutants has been investigated through an integrated methodology which includes atmospheric flow and dispersion numerical modelling as well as chemical composition and statistical analyses. Specifically, chemical compositional data (ionic fraction, carbonaceous compounds, and metals) of PM2.5 were acquired during an experimental field campaign carried out in the port city of Brindisi (Apulia Region, Southern Italy). The sampling site was located on the roof of a building (ASI) within the port area. Given the complexity of the site in which both domestic buildings and a large industrial area are present, analyses were done by selecting different wind sectors to test different techniques to discriminate between sources. Linear Discriminant Analysis (LDA) and Principal Component Analysis (PCA) were applied to evaluate statistical differences in the composition of PM2.5 sampled within the area when the sampling site was downwind to the port or to the urban-industrial area. Only LDA allowed to discriminate the separation between urban-industrial and port macroareas. Those results were further confirmed in terms of PM2.5 concentrations directly associated to ship emissions using a coupled modelling approach. The mesoscale model BOLCHEM was used to investigate the contribution of ship emissions both on primary and secondary PM2.5 concentration in the area surrounding the port, as well as on PM10, NOX and O3 concentrations. Then, the model was coupled offline with the local dispersion model ADMS-Urban. The adopted approach was crucial to evaluate the spatial distribution of the impact of ship emissions. BOLCHEM results showed that in the cell of the port the average impact of ship emissions on NOX was 37.6%, and −11.7% on O3. The average impact on PM2.5 was 6.1%, distributed between primary (2.7%) and secondary fraction (3.4%). At local scale, the analysis of high-resolution modelling results obtained from ADMS-Urban highlighted that, at ASI position, the impact of ship emissions on PM2.5 was 6.8% when the sampling site was positioned downwind to the port area and reduced to lower than 3.0% at about 2 km from the sources.
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1. Introduction


Air pollution is among the most critical environment issue and it is strictly linked to climate change through emissions, processes, chemistry, and dynamic of the atmosphere [1,2]. Atmospheric particles, for example, play crucial roles in deteriorating air quality and affecting human health, in the pollution transfer to ecosystems, in the direct and indirect effects on atmospheric radiative balance, and in the climate system [3,4,5]. The identification and quantification of air pollution sources are then important tasks for abatement strategies and mitigation actions. Ship emissions represent a large and growing contribution to the total emissions from the transportation sector. In contrast to the progress in reducing anthropogenic emissions on land since the 1990s due to regulation in Europe, emissions from marine transportation have continued to increase [6]. Nowadays, their effects on atmospheric pollution and climate are not negligible. Key emitted compounds are carbon dioxide (CO2), nitrogen oxides (NOX), carbon monoxide (CO), volatile organic compounds (VOC), sulphur dioxide (SO2), black carbon (BC), and organic aerosol (OA) [7]. Nearly 70% of ship emissions occur within 400 km of coastlines and they contributed to increase the air pollutants concentration level in coastal areas and harbour cities [8,9]. The effect on PM2.5 concentration and sulphur and nitrogen deposition in European coastal regions are greater when emissions occur near the coast rather than offshore, while for ozone (O3) larger contributions are from open sea shipping [10,11]. Several authors have estimated the impact of ship emissions in the Mediterranean area, where, especially during summer months, meteorological and chemical conditions favour the formation of secondary gases and aerosols. Marmer and Langmar [12] employed a regional atmospheric-chemistry model to determine the origin, the seasonal variability of secondary gases and aerosol and their effects on climate. Tagaris et al. [13] found that shipping emissions played an important role on O3 levels compared to road transport sector near the coastal zone. The effect of international shipping on air pollution have been studied in several papers [14,15]. Eyring et al. [14] quantified the global impact of shipping on atmospheric chemistry and radiative forcing, as well as the associated uncertainties. Different ship emission scenarios, including ship emissions increase up to 2030, were investigated. It was found that under pessimistic anthropogenic sources emissions scenario, increasing emissions from shipping would significantly counteract the benefits derived from reducing SO2 emissions from all other anthropogenic sources. Sofiev et al. [15] evaluated the impact of low-sulphur marine fuels in global shipping on public health and on climate, the last in terms of net aerosol forcing, for the year 2020. Considering that the International Maritime Organization (IMO) proposed the change in the standards of sulphur in fuel oil from 3.5% (by mass) to 0.5% after 1 January 2020, they found that lower sulphur fuels reduced ship-related premature mortality and morbidity by 34% and 54%, respectively, and radiative cooling from ship aerosols by about 80%, equating to a 3% increase in current estimates of total anthropogenic forcing.



Urban area with ports, often in combination with petrochemical and energy intensive industries, are thus particularly exposed to ship emissions. Several studies have demonstrated advancements in the assessment of shipping emission impact on air quality and human health and in the implementation of control techniques, technology improvements in ship engines, and mitigation measures in port areas [16,17]. Recently, Sorte et al. [18] reviewed the status of the air quality measured in harbour areas and found that emissions from the maritime transport sector should be considered as a significant source of NO2, PM10, and PM2.5. Depending on the measurement period and on the geographical area, in Europe the average ambient NO2 and PM10 concentrations associated with shipping emissions ranges in 12–107 μg/m3 and 2–50 μg/m3, respectively. In urban areas close to population clusters, such as Taranto and Naples, ship emissions led to several exceedances of the NO2 annual limit. The SO2 concentrations measured in different case studies have instead relatively low value, as a consequence of the mitigation strategies which regulated the SO2 ship emissions in EU harbours from January 2010 (MARPOL Annex VI and the Directives 2005/33/EU and 2012/33/EU). For example, Schembari et al. [19] performed SO2 concentration measurements from August to October 2009 and 2010 at an automated monitoring station placed on a cruise ship following a fixed weekly route in the Western Mediterranean. They found an average daily mean concentration decrease of about 66% in all the analysed EU harbours after the implementation of the aforementioned Directive. Buccolieri et al. [20], using numerical simulations, found for the port of Brindisi (South-East Italy), a significant SO2 concentration reduction up to 60% in the summer period of the year 2012.



Brindisi port city is one of those included in the CESAPO project (Contribution of Emission Sources on the Air quality of the Port cities in Greece and Italy) of the European Territorial Cooperation Programme Greece–Italy 2007–2013 and in the POSEIDON project (Pollution monitoring of ship emissions: an integrated approach for harbours of the Adriatic basin) of the MED program 2007–2013. Relevant findings from field experimental champaigns carried out in the frame of the CESAPO project have been documented in Cesari et al. [21] and Donateo et al. [22]. These studies highlighted the difficulty of identifying the impact of ship sources in complex urban-industrial-port scenarios and open up to the application of integrated methodologies in which numerical modelling is beneficial to the interpretation of chemical analyses.



Focusing on chemical characterization only, there exist methods based on the evaluation of monitoring data. This has the advantage of being simple with a low impact of mathematical manipulation in the data treatment. In addition, statistical methods can be used as complementary to other approaches to guarantee robustness to findings. One of the main differences between several approaches is the degrees of knowledge required about the pollution sources. Chemical mass balance (CMB) can be performed when the changes of the source profiles between the emitter and the receptor may be considered minimal and secondary aerosols must be included not as components of emission sources profile but as single chemical compounds. Multivariate methods (e.g., Absolute Principal Component Analysis, Positive Matrix Factorization, Factor Analysis) may contemplate a mixture of emission sources, as opposed to clearly independent source profiles [23,24].



A different approach is based on Chemical and Transport Models (CTMs). These models include the description of the main physical and chemical processes involved in pollutant transport and transformation and allow the prediction of air quality at various spatial and temporal scales, as well as of future scenarios. Modelled concentrations are influenced by model formulation [25,26] and by the input emissions. Marmer et al. [27] assessed the accuracy of three different commonly used ship emission inventories, confirming that the air pollution levels in the Mediterranean area are significant, but strongly dependent on the applied inventory. Source apportionment tools can be implemented in numerical models [28] and they can be used in combination with receptor models [29].



Scope and Content of the Paper


In this context, the aim of this paper is to characterize air quality and ship emissions impact on both gaseous and particulate matter in the city of Brindisi using an integrated approach that includes the most up-to-date techniques available in the realm of those current in use and often applied in isolation and rarely in combination. While the first part of the work is based on chemical and statistical analyses of PM2.5, the second part is based on atmospheric dispersion numerical modelling. The modelling approach has been first employed to evaluate the concentration levels of NOX, O3, PM2.5, and PM10 in the port area and then integrated with measurements to evaluate the impact of ship emissions on pollutants concentration in the study area, with a focus on PM2.5.





2. Site Description and Techniques for Data Analyses


2.1. Experimental Site and General Methodology


The experimental site was set in the Brindisi port-industrial area (Figure 1). The experimental campaign was part of the CESAPO project as largely described in Cesari et al. [21]. Here, we report only those aspects relevant to the scope of this paper. Brindisi is a city with about 86,000 inhabitants located in the Apulia Region, Southern Italy. The area is characterized by a complex scheme of emission sources which need to be identified with respect to the PM2.5 sampling site located on the roof of the ASI (Consorzio per l’Area di Sviluppo Industriale) building at 13 m above the ground level. Broadly speaking, emissions can be categorized as urban emissions, port-related emissions with port traffic accounted for more than 9.5 million tons, 520,000 passengers, and 175,000 vehicles and industrial emissions. With respect to the sampling site, the port is located at NNE to WNW, airport emissions are located at NW, while petrochemical emissions, power-plant emissions, and several artisan activities are located at SSW.



To estimate the impact of the port area on the city, an evaluation of the existence of a statistical difference among PM2.5 samples collected in the port area according to the prevailing winds has been performed using a linear discriminant analysis. Given the specific layout of the port of Brindisi (Figure 1), and in accordance with Cesari et al. [21], for winds in the sector NNE to WNW (22.5°–292.5°) the sampling site was directly affected by the urban and industrial areas, while for winds in the sector WNW to NNE (292.5°–22.5°), the sampling site was affected directly by the port area. In the first case (referred to as Urban-Industrial) a total of 38 days were considered in the analysis (8 days in June, 8 days on July, 5 days in August, 10 days in September, and 7 days in October); in the second case (referred to as Port) 55 days were considered (15 days in June, 11 days in July, 10 days in August, 8 days in September, and 11 days in October). Please note that PM2.5 samples were collected for 24 h, starting from 00:00 to 24:00. Each sample was representative of the sampling day and the prevailing wind direction was obtained from meteorological data measured close to the study site by calculating the median of measured wind directions.



It is known that organic matter and elemental carbon account for a relevant part of PM2.5, ranging between 20 and 45% [30]. With this in mind, the chemical characterization of pollution sources on the PM2.5 samples collected in the port of Brindisi, previously reported in Cesari et al. [21], has been extended to organic carbon and elemental carbon and in this respect this work completes the analyses previously reported. Principal Component Analysis has been applied to a larger and more comprehensive data set with respect to Cesari et al. [21] with the aim of deriving more realistic source profiles through factor loadings of the variables affecting the receptor site. Further, chemical mass closure has been used for sources quantification.



Chemical characterization of PM2.5 has been then completed with numerical investigations by combining the mesoscale model BOLCHEM [31,32] and the local scale advanced-Gaussian dispersion model ADMS-Urban [33]. BOLCHEM simulations were performed for the whole measurement campaign period (June-October 2012) to reproduce hourly pollutants concentration, both for gaseous and particulate and to calculate mean concentration over the area, at regional scale. Simulation results were compared with measurements at the sampling site (ASI) and at monitoring stations managed by ARPA-Puglia (Environmental Protection Agency of Apulia Region, https://www.arpa.puglia.it/pagina2795_aria.html (accessed on 1 March 2021)) (Figure 1). The impact of ship-related emissions of PM2.5 on PM2.5 and PM10 concentration, as well as of NOX emissions on O3 concentration, has been also estimated. The spatial distribution of concentration levels at local scale has then been assessed using ADMS-Urban in which background concentrations were calculated by the mesoscale model.




2.2. Gravimetric and Chemical Analysis


Detailed description of chemical analysis methods could be found in Cesari et al. [21]. PM2.5 daily samples were collected by using two sequential low-volume samplers (2.3 m3h−1, EN12341), using two different substrates: Teflon collected by a Thermo ESM Andersen (FH95SEQ) sampler and quartz fibre by an Explorer Plus (Zambelli) sampler. Each sampling starts at midnight. In total 100 Teflon substrate samples and 100 quartz substrate samples were collected from June to October 2012. Wind, atmospheric pressure, relative humidity, and temperature were measured from the meteorological station located close to the study site.



After stabilizing for 48 h in controlled environment (constant humidity and temperature), all filters were weighted with an analytical balance (Sartorius CP2/F, reading precision 1 μg) before and after sampling. The daily concentrations of quartz and Teflon substrates were similar (Pearson correlation coefficient of 0.87 and an average value of 15.1 µg m−3 and of 14.2 µg m−3 for Teflon and quartz substrates, respectively). Teflon substrates measurements showed lower uncertainty than those on quartz substrates, then they were taken as reference for PM2.5.



Teflon samples were used to measure water-soluble species (Na+, K+, Mg2+ and Ca2+, SO42−, NO3−, NH4+, Cl−), water-soluble inorganic carbon (WSIC) and water-soluble organic carbon (WSOC). Two aliquots of 5 mL of deionized water were used to extract the soluble ionic species by ultrasonic agitation for 20 min. Chemical analysis was performed using a Dionex DX500 (Dionex, Sunnyvale, CA, USA) Ion Chromatography system, and the method is reported in Cesari et al. [21].



WSOC and WSIC were measured using a Shimadzu TOC analyser (model 5050, Shimadzu corporation) with high-temperature (680 °C) Pt-catalysed oxidation coupled to non-dispersive infrared (NDIR) gas detection of CO2 [21].



Quartz samples were used for the determination of 16 metal concentrations and OC and EC measurements. 8 elements (Ni, Cu, V, Mn, As, Pb, Cr, Sb) were analysed by Graphite Furnace Atomic Absorption Spectroscopy (GF-AAS, Perkin Elmer Analyst 600 System) and 8 elements (Ca, Mg, Na, K, Fe, Al, Zn, and Ti) by Inductively Coupled Plasma Atomic Emission Spectroscopy (ICP-AES, Varian Liberty 110 spectrometer). 1 mL of H2O2, 2 mL of HF and 4 mL of HNO3 were used for acid digestion in a MILESTONE MLS 1200 MEGA (FKV) microwave oven. 0.7 g of H3BO3 was added after cooling to complex fluoride ions and to dissolve fluoride salts [21].



Organic/Elemental carbon (OC and EC) were analysed by a carbon aerosol analyser (Sunset Laboratory Inc., Tigard, OR, USA) [34] using NIOSH protocol [35]. The carbonaceous fraction of PM2.5 was detected on a 1.5 cm2 quartz substrate punch. Uncertainties in EC and OC measurements were of about 5% ± 0.2 μg cm−2. For sampling of quartz substrate a denuder was not used [36,37].




2.3. Statistical Treatment of Data: Principal Component Analysis and Linear Discriminant Analysis


Multivariate statistical techniques were used to grossly discriminate between the main sources acting on the port city by ensuring that the tested dataset had a suitable number of objects. The analyses were carried out using the R statistical software (www.r-project.org (accessed on 1 March 2021)) and an auto-scaling procedure.



Principal Component Analysis (PCA) was applied to a dataset of daily PM2.5 samples (objects). The PCA performs orthogonal linear combinations of the auto-scaled variables, generally by using the correlation matrix. Linear combinations are called principal components scores, while their coefficients are referred to as principal component loadings. The Principal Components are obtained according to the maximum variance criterion, i.e., each successive component is an orthogonal combination of the original variables, so that it covers the maximum of the variance not accounted for by the previous components. The strength of the PCA is that it is based on the data collection evolving in a specific site (receptor). Moreover, it does not require an a priori knowledge about the sources [38,39,40]. Therefore, this is the most suitable technique to discriminate between different sources acting on a site according to meteorological/climatological conditions.



The Linear Discriminant Analysis (LDA) was applied to a dataset of daily PM2.5 samples (cases), considering the two prevailing wind direction observed as categories (or groups) and 20 chemical components of PM2.5 as variables. LDA identifies which variables allow to discriminate between two or more groups, determining how these groups can differ as concern the mean of a variable and then using this one to classify new cases. As happens in PCA, in LDA the first discriminates function considered supplies the most discrimination between groups, the second supplies second most, and so on [39,41,42]. In our work we performed the LDA in order to evaluate groups separation. The LDA results are generally shown by confusion matrix which contains how many errors, and which types arise in resubstitution. When there are K groups, the confusion matrix R is a K-by-K matrix with R(i,j) = the number of observations of group i that the classifier predicts to be of class j.




2.4. Numerical Modelling


To quantify the impact of ship emissions, two different models have been employed: BOLCHEM [31,32] and ADMS-Urban [33]. BOLCHEM simulations domain covered the Apulia region, allowing to evaluate the spatial distribution of the ship emissions impact in the area surrounding the port. ADMS-Urban, using background concentration simulated by BOLCHEM and modelling explicitly the ship emissions, allowed to evaluate the detailed spatial distribution of pollutants at a local level. Unlike BOLCHEM, ADMS-Urban uses a simplified chemical module for NOx-VOC-O3 chemistry and the formation of secondary aerosols is not included in the model.



2.4.1. Ship Emissions


Ship emissions were calculated (in the frame of CESAPO project, and then updated in the MED POSEIDON project) following the methodology Tier 3 of the European methodology EMEP/EEA emission inventory guidebook [43], that takes into account gross tonnage and ship typology to calculate the specific fuel consumption. The emission inventory was built considering ship by ship, i.e., every ship was represented as a single point source characterized by its own emissions rates. Emission factors for CO, NOX, NMVOC, and PM were estimated as a function of the combination of engine type and fuel type. The considered engine types were: gas and steam turbines, diesel engines at low, medium, and high speed; for the fuel we considered: Bunker Fuel, Oil, BFO, Marine Diesel Oil, MDO, and Marine Gas Oil, MGO. We have used the statistical distribution of fuel and engine type of the ship derived from tables of world fleet data from Lloyd’s [43], since more detailed information was not available in the database supplied by the Port Informer. Emissions factor (EF) for SO2 were calculated as a function of the percentage of content sulphur by mass (S) in the fuel, that is EF = 20*S. As for the percentage of content sulphur by mass in the fuel, we distinguished between manoeuvring and hotelling phase. For the manoeuvring phase, we considered a limit of sulphur in fuel equal to 1.5% for all passenger ships (including cruise ships), and a limit equal to 3.5% for all other ship typologies, according to the current legislation in force, the revised MARPOL Annex VI. For the hotelling phase, a limit equal to 0.1% was considered for all ship typologies. The fuel consumption was estimated according to Buccolieri et al. [20]. Ship data regarding ship movements (manoeuvring and hotelling phases) were available from the Brindisi Port Informer (http://www.porto.br.it/bpi/index.php (accessed on 1 March 2021)). Emissions rates were then calculated by considering time spent by each ship in the different phases. The uncertainties related to emission factors of the different pollutants range between 20% and 50% [43]. Furthermore, inaccurate information about fuel consumption, engine typologies, and used fuel could increase the uncertainties of the estimated emissions fluxes.




2.4.2. Models Description and Set-Up


BOLCHEM is an on-line atmospheric composition model, which comprises the hydrostatic meteorological model BOLAM [44], an algorithm for airborne transport and diffusion of pollutants, the photochemical mechanisms SAPRC90 [45] extended to describe the formation of condensable organic products and the oxidation in aqueous [46] and the aerosol dynamic model AERO3 [47]. The aerosol model is coupled with the inorganic thermodynamic equilibrium model ISORROPIA [48] and with the partitioning model SORGAM [49] for secondary organic aerosol. A full description of the model and its performance over European and Italian domain can be found in Cesari et al. [32], and a model application of estimation and inclusion of emissions from specific source is shown in Cesari et al. [50]. In the present study, the model has been used in a one-way nested grid configuration [51], with a parent domain covering Italy with horizontal resolution of 0.25° × 0.25° and a nested domain covering Apulia region at 0.06° × 0.06° horizontal resolution. Both parent and nested simulations used 50 vertical levels for the meteorology and 25 for the chemistry. We recall that the vertical coordinate is based on a hybrid, pressure-based coordinate system, in which the pure terrain-following coordinate at the model surface, gradually tends to a pure pressure coordinate with increasing height above the ground. In the adopted set up, the first vertical level height was about 20 m. The parent run was driven by initial and boundary conditions for meteorology provided by ECMWF. The simulations were re-initialised every 24 h with the ECMWF fields and lateral boundary conditions were updated every 6 h. Climatological boundary conditions provided by INERIS in the frame of the CityZen project were used for chemistry [52]. The anthropogenic emission data were based on TNO inventory for the 2010 year [53]. For the nested run, the initial and boundary conditions, both meteorological and chemical, were provided by the output of the parent simulation. The anthropogenic emissions field, developed within the CESAPO project, was based on the 2007 regional emission inventory INEMAR (INventarioEMissioni in Aria), the emission inventory ISPRA 2005 (focused on 2007 and with the addition of PM by road re-suspension and agriculture) and the emission inventory EMEP 2007. Only ship emissions from the port of Brindisi refer to the year 2010 and were calculated following the methodology described in Section 2.4.1 in order to take into account the European Directive concerning the sulphur content of maritime fuels. In both simulations, biogenic emissions, calculated run time by the model, were based on an inventory providing potential emissions and generated by NKUA (National and Kapodistrian University of Athens) in the frame of the GEMS project [54].



Two runs were performed with BOLCHEM over the inner domain: the base simulation including anthropogenic emissions from all sources, the other one switching off the ship emissions from the Brindisi port. Following the zero-out method, the difference between the concentration fields produced by the two runs then represented the contribution of ship emissions. Figure 2a shows the simulation domain.



ADMS-Urban simulations were then performed over a grid of 100 × 100 cells covering an area of 13 km × 7 km. ADMS-Urban is a multiple-source advanced Gaussian dispersion model which can simulate urban air pollution arising from industrial, domestic, and road traffic sources in urban areas using point, line, area, volume, and grid-source types. Concentration distributions are Gaussian in stable and neutral conditions, but the vertical distribution is non-Gaussian in convective conditions to take account of the skewed structure of the vertical component of the turbulence. A meteorological pre-processor calculates the required boundary layer parameters from a variety of input data (in our case data were provided by a meteorological station). One of the main advantages of the ADMS-Urban model over other dispersion models is that the boundary layer structure is based on two parameters: the Monin-Obukhov length and boundary layer height, instead of a single Pasquill-Gifford parameter. Model is time independent so there are no time steps; there are no limits to horizontal and vertical spatial resolution. No numerical methods are required except Runge Kutta for plume rise model and adaptive time stepping for chemistry. As for the chemistry, ADMS-Urban models NOX chemistry using the 8 reaction Generic Reaction Set [55]. This scheme is a semi-empirical photochemical model which reduces the complicated series of chemical reactions involving NOX, NO2, and O3 and many hydrocarbons to 8 reactions. It is employed in the following manner. Firstly, dispersion of NOX, NO2, and O3 and VOC pollutants is calculated. Hourly background concentrations (in this case obtained from BOLCHEM) are then added onto these calculated concentrations. Finally, an adaptive time stepping technique is used to model the chemical reactions. Further details can be found at https://www.cerc.co.uk/environmental-software/assets/data/doc_techspec/P18_03.pdf (accessed on 1 March 2021). PM is only dispersed, and the final concentrations obtained from ADMS-Urban does not include secondary aerosols as consequence of ship emissions. The model is continually validated against available measured data obtained from real world situations, field campaigns and wind tunnel experiments. It has been validated using many experimental datasets that test different aspects of the models, for instance: ground/high level sources, passive and buoyant releases, buildings, complex terrain, chemistry, deposition, and plume visibility. These studies are both short-term as well as annual, and involve tracer gases or specific pollutants of interest (a review of studies is available at: http://cerc.co.uk/environmental-software/model-validation.html (accessed on 1 March 2021)). In this study, the input data used to run ADMS-Urban were sources parameters, source emissions, hourly meteorological data obtained from the 10 m high meteorological station located close to the study site, the surface roughness z0 for both the study area (equal to 0.75 m being this an urban area) and for the meteorological site (equal to 0.5 m being a suburban area), and the latitude (40.38°). Only ship-related emissions were explicitly reproduced for the same period of the measurement campaign. The port was split into three hotelling areas and one manoeuvring area. Each ship was assigned and randomly positioned in the area containing its own quay and to the manoeuvring area (Figure 2b). Since data concerning geometric and emissive characteristics of sources (stack height and diameter, exit velocity, exit temperature) were not publicly available, they are estimated based on the literature (http://www.slc.ca.gov; http://www.epa.gov; http://www.arb.ca.gov (accessed on 1 March 2021)). Emission rates were calculated as described in Section 2.4.1. Typical molar NO2 to NOX emission ratio are between 10% and 40%; here a value of 10% has been used [56]. Overall, emissions in the hotelling phase were higher than those in the manoeuvring phase and contributed more than 95% to the total emission rates. Tests with ship emissions of the year 2010, as used in BOLCHEM, have shown no significant difference on the final calculated concentrations. The background field data were provided by BOLCHEM simulations, in the configuration with ship emissions from port of Brindisi switched off.






3. Results and Discussion


3.1. Overview on PM2.5 Composition in the Investigated Area


A total of 100 PM2.5 daily samples were collected to determine the concentrations of ten inorganic species, three carbonaceous components and sixteen metals. Results show that, on average, OC and EC accounted for 15.4% and 3.4% of PM2.5 mass, respectively, while in terms of organic matter (OM) (that is obtained multiplying OC average concentration for fOM/OC = 1.95) we obtained the 30.3% of PM2.5 mass. Moreover OC, WSOC, SO42, and NH4+ concentrations were generally larger than 1 µg m−3; this result was explained by considering the expected contribution from anthropogenic sources for PM2.5. Marine aerosol and suspended dust, that are sources mainly present in the PM coarse fraction, affected in minor amount the fine fraction.



The predominant anthropogenic species (OC, EC, WSOC, SO42−, NO3−, and NH4+) showed concentrations in the same range of values observed in other European urban areas. Mineral elements, such as Fe, Al, Ti, Ca, reached the highest concentrations associated to South wind directions. This can be explained in terms of long-range transported soil emissions, mainly from the Saharan desert, but also from the local soil resuspension. Considering the chemical composition of the samples only 6 days were characterized by Saharan dust episodes during the sampling campaign. Removing them from the dataset, a PM2.5 mean variation of only 0.2 μg m−3 can be evicted, and these samples where then excluded to further analysis. The marine contribution to PM, described by sea salt components (mainly Cl−, Na+ and Mg2+), sometimes showed high values during Saharan dust outbreaks. The nss-K+ is correlated to OC (r = 0.82), suggesting its biomass burning origin, and two PM2.5 samples, which showed particularly high levels of both OC and nss-K+, were excluded by the dataset. EC were consistent with mixed sources for carbonaceous particles (fossil fuel, heavy fuel oil, and biomass burning).



As mentioned in Section 2.1, given that the site was downwind to different main sources (port, urban, and industrial areas), the dataset was split in two subsets considering the prevalent winds (the samples of days in which the wind direction was variable were excluded from the analysis). Multivariate analysis methods (PCA, LDA) were applied to the dataset to evaluate if significant differences among the PM2.5 samples divided by the two prevailing wind directions can be observed.



In Table 1, a descriptive statistic of variables obtained on samples divided in Urban-Industrial and Port prevalent wind directions is shown.




3.2. Principal Component Analysis


Before applying PCA, a preliminary analysis of data set was performed: 8 samples were excluded from it (6 samples characterized by Saharan Dust episode and 2 samples characterized by biomass burning) and the distribution of the variables was checked: some of them showed logarithmic distributions. For these variables logarithmic transformation was therefore applied to bring them closer to a normal distribution. Since PCA is sensible to the presence of outliers in the data matrix, Q index and T2 Hoteling tests were applied to evaluate this presence. By the tests, one sample was identified as outlier and it was removed from the data matrix. Variables redundancy influences the efficiency of PCA method and complicates the results interpretation. For this reason, redundant variables such as TC, PM2.5, K, Na, Ca, Mg, C2O42−, etc. have been deleted from the data set before applying the PCA, and the final data set used was composed of 91 samples and 19 variables (Fe, V, Ni, Cu, Cr, Cd, Mn, Cl−, NO3−, SO42−, Na+, NH4+, K+, Mg2+, Ca2+, WSOC, WSIC, OC, EC).



Figure 3 shows the score plot in the plane of the first and second Principal Components (auto-scaled data), accounting for 45% of the total variance. The separation of samples between two prevalent wind directions is not totally clear. Blue samples (collected when the prevalent wind direction was from urban and industrial area) showed a slightly larger dispersion than the red ones. This is since different sources affected the sampling site [21] and the collected samples which are daily averages were affected by all sources. Perhaps in future campaigns wind selective sampling could be utilized to reduce meteorology related uncertainties.



Table 2 shows the factor loading values of the considered parameters. All the factors which showed eigenvalue greater or equal to 1 have been considered. Seven factors (PCs) were evaluated, explaining up to 81% of the total variance. Factor loadings of the variables were used to identify source profiles affecting the investigated sampling site.



The first Principal Component (PC1) accounting for 29% of the total variance showed larger loading values for Fe, V, Ni and Mn, suggesting a mixed source, composed of ship emissions and crustal resuspension. The second PC, accounting for 17% of the total variance, showed high loading values for Cl−, Na+, and Mg2+, suggesting the presence of sea salt source. The third PC, accounting for 10% of the total variance, is characterized by higher loading values of SO42− and NH4+ and is associated to ammonium sulphate of secondary origin. The fourth PC, characterized by Cu, EC, and NO3−, represents the contribution of vehicular traffic emissions accounting for 8% of the total variance. The fifth PC, characterized by K+, EC, and NO3−, indicates a possible contribution from biomass combustions or fires to PM2.5 concentration, with an explained total variance of 7%. The sixth PC is characterised by the species WSIC and Ca2+ (5% of the total variance) and it represents the contribution of calcium carbonate which is present in the crustal matter, re-suspended dust and particles from construction work. The seventh PC presents higher loadings of Pb, Cd, and EC with an explained variance of 5%, this factor suggests an industrial origin.



It is well known that both PCA and LDA are linear transformation techniques used for dimensionality reduction. PCA “ignores” class labels and its purpose is to find the directions (the principal components) that maximize the variance in a dataset, and it can be considered an “unsupervised” algorithm. In contrast to PCA, LDA is “supervised” and computes the directions (“linear discriminants”) that will represent the axes that maximize the separation between multiple classes. Generally, for a multi-class classification task where the class labels are known, LDA is considered a more robust technique. For this reason, LDA was applied to our data set.




3.3. Linear Discriminant Analysis


Table 3 shows the confusion matrix in cross validation (Venetian blind, 5 segments) and the percentage of correct predictions for data set obtained by LDA are shown. The overall percentage of correct predictions in cross validation is 72%.



By LDA it has been possible to point out the discreet separation between urban-industrial and port prevalent wind directions macroareas, that by PCA was just hinted. It is possible to observe that the model assigned samples to the category represented by Urban-Industrial with good percentage of correct predictions (61%), but it assigned samples to the category represented by Port with a high percentage of correct predictions, that is 83%: in fact, in this case, only 10 samples have been mispredicted on 58.




3.4. Mass Closure Analysis


Results on mass closure analysis (or mass reconstruction) are here reported to quantitatively identify the contribution of various emission sources on PM2.5 samples, respectively, on the two prevailing directions identified and then confirmed by LDA. Mass reconstruction is defined by seven main classes (sources): sea-spray, crustal matter, secondary inorganic aerosol (SIA), secondary organic aerosol (SOA), combustion, anthropogenic metals, and the undefined mass (UM). The different calculations and hypotheses used for the aerosol mass reconstruction are reported below.



Sea-spray mass concentrations were calculated by adding to sodium, chloride, and the sea-salt (ss) contributions of calcium, potassium, and sulphate as follows:


Sea-spray = Na+ + Cl− +ss-Mg2+ + ss-K+ + ss-Ca2+ + ss-SO42−



(1)




where ss-K+, ss-Ca2+, ss-Mg2+, and ss-SO42− have been estimated as measured Na+ times 0.036, 0.038, 0.129, and 0.2516, respectively [57].



Crustal matter mass concentration estimate is based on Al, Si, Fe, and insoluble fraction (Mins) of Na, K, Mg, and Ca. Due to the high correlation between Ca and WSIC, the presence of carbonates was assumed (0.72, p < 0.05) and the WSIC concentration was added to crustal matter. Then the crustal matter was calculated by the following equation assuming that Al and Fe are of crustal origin [58,59]:


Crustal matter = 21.67 * Mgins + 1.4 * Cains + 1.35 * Nains + 1.43·Fe + 1.89 * Al + 2.14 * (Si/Al)crust * Al + 1.2 * Kins + WSIC



(2)




where (Si/Al)crust is the ratios determined by Wedephol [60], and the insoluble fraction of Ca, Mg, K, and Na were calculated as follows:


Mins = Mtot- Mn+



(3)







Secondary inorganic aerosol (SIA) mass concentrations were calculated as:


SIA = (nss-SO42− + NO3− + NH4+)·1.29



(4)




where 1.29 is the factor to convert the inorganic species into hydrated species.



Secondary organic aerosol (SOA) mass concentrations were calculated from OCsec mass concentrations as:


SOA = fOM/OCOCsec



(5)




where fOM/OC = 2.1 for samples collected with prevalent wind from port direction and fOM/OC = 1.8 when winds blew from urban-industrial area [61]. Moreover, the EC-tracer method was employed to derive OCsec from the EC [62].



Combustion mass concentration was calculated as follows:


Combustion = nss-K+ + EC + OCprim·fOM/OC



(6)




where nss-K+ has been calculated as:


nss-K+ = K+-ssK+



(7)







Table 4 shows the mean mass concentrations of the six main sources considered for the mean mass reconstruction of the PM2.5 fraction. For both prevailing wind directions, the unexplained mass was low, that is 1.8% and 1.6% for urban-industrial direction and port direction, respectively. Moreover, considering that the particulate mass (PM2.5 mass) was higher for samples of urban-industrial area direction, the SIA, SOA, combustion, and crustal fractions were present in larger amounts when winds blew from this area, while the sea salt contribution was not statistically different between the two directions. It is also clear that notwithstanding the amount of SIA was lower in the port direction, it represented higher load on the PM2.5 mass: 40.1% for port direction, 36.8% for urban-industrial direction.




3.5. Modelling Results


3.5.1. Pollutant Concentration Levels in the Study Area


BOLCHEM was first used to evaluate the air quality in the study area for the measurement campaign period (June–October 2012). Figure 4 shows the spatial distribution of NOX, O3, PM2.5 and PM10 ground concentrations averaged over the whole period. The ability of BOLCHEM was verified against data from the measurement campaign (available only for PM2.5) and data of monitoring stations managed by ARPA-Puglia. Figure 5 shows the time series of modelled and measured daily averaged concentration over the whole period. To quantify the model performance, the Pearson correlation coefficient (R), the mean bias (MB) and the root mean square error (RMSE) were also calculated. In the calculation of the statistical indicators, mean daily value of modelled and observed data were used. The mean concentration averaged over the whole period, in addition to the statistical indices, are reported in Table 5.



BOLCHEM overestimation of NOX can be due to the fact that output refers to the model cell representing the port, where also ship emissions are located, as well as to the uncertainty of the employed emissions inventory (see Section 2.4.1). As for PM2.5 and PM10, they showed an overestimation probably due to the overestimation of sea salt by the model, while Saharan dust events occurred at the end of September and October were not reproduced by the model. However, since the focus is on the impact of ship emissions, we expect such overestimations slightly affected the results.



Results show that BOLCHEM acceptably agreed with measured data. The model was then used in combination with ADMS-Urban to estimate the contribution of ship emissions on pollutant concentration levels following the zero-out method.




3.5.2. Ship Emissions Impact


The ship emissions impact on NOX, O3, PM2.5, and PM10 has been evaluated using both BOLCHEM and ADMS-Urban. The impact was calculated as (Cwith_ships − Cno_ships)/Cwith_ships, with C the average concentration over the simulation period, Cwith_ships the concentration calculated with the inclusion of ship emissions, Cno_ships that calculated without ship emissions (which is the concentration employed as background in ADMS-Urban simulations).



Figure 6 shows the relative impact on NOX, O3, PM2.5, and PM10 ground concentration obtained from BOLCHEM, while Figure 7 shows the relative impact obtained from ADMS-Urban at 2 m. As regards gas species, both figures show that, due to ship emissions, NOX concentration increased in the port area, while O3 decreased due to enhanced titration caused by NOX emissions.



Table 6 summarizes the impact obtained from BOLCHEM in the port area. In the cell of the port, the estimated ship emissions contribution was 6.1% for PM2.5 and 4.3% for PM10. For PM2.5, the contribution of the primary component was 2.7%. These results are comparable with results found by Cesari et al. [21] (2.8% ± 1.1%) and Donateo et al. [22] (7.4% ± 0.5%) for the same port at the ASI sampling site. The secondary contribution to PM2.5 (3.4%) was lower of that estimated in Cesari et al. [21], who found a contribution of secondary ammonium sulphate of about 11% of PM2.5. This can be due to the different used approach [29]. We also recall the strong dependence of model results on model formulation [26,27] and applied inventory [25], whose structure identifies the source in the CTMs model [29]. As for NOX and O3, the impact on NOX concentration was 37.6%, with a corresponding decrease of 11.7% on O3 concentration. ADMS-Urban, although the simplified chemical scheme, showed values consistent with BOLCHEM results. Further, it allowed to investigate the spatial distribution showing maximum located in the hotelling areas. We recall that the net formation of O3 depends on the levels of NOX and NMVOC, as well as their ratio. In regions with high NOX concentrations, O3 production is limited by the availability of NMVOC, while in areas limited by the availability of NOX, an increase in NOX emissions will lead to an increase of O3 production [13,63]. The decrease of O3 concentration corresponding to an increase of NOX emissions is in accordance with the fact that although the Italian peninsula is almost entirely NOX-sensitive, there are well defined VOC-sensitive regions located over urban/industrial areas and harbours [64]. In such polluted area, O3 production is more sensitive to VOC emissions, and then it decreases with increasing NOX emissions. In the same area, Merico et al. [65] found a similar O3 decrease (about 5%). Model simulations of the effects of global ship emissions on European domain [13] found that the effect of reducing ship emission in the Mediterranean Sea was a widespread O3 titration close to major shipping lanes and harbour, especially in winter. During spring and summer, an increase of O3 was found in the South-Eastern Mediterranean Sea.



ADMS-Urban was finally employed to evaluate the spatial distribution of ship-related concentrations of PM2.5. The simulations were performed considering periods according to the two observed prevailing wind directions (see Section 2.1) based on the analysis of the measured data to facilitate the comparison between simulated concentration and findings derived from chemical characterization. Three different sets of simulations were performed:




	
prevailing winds from northern sectors (SIM_port hereinafter);



	
prevailing wind from southern sectors (SIM_urb-ind hereinafter);



	
finally, SIM_tot refers to the period comprising all the days considered in the previous two simulations.








Averaged concentration of PM2.5 measured and simulated at ASI position have been compared for the three set of simulations. Table 7 shows that modelled results agreed with measurements given that both shows larger concentration in the SIM_urb-ind case. However, simulations slightly underestimated measured concentrations probably due to different reasons. Emissions related to port activity (loading/unloading phase) and chemical reactions regarding secondary PM were not included in ADMS-Urban. Furthermore, the contribution of urban and industrial emissions was considered as background concentrations obtained from BOLCHEM and thus not explicitly reproduced. The impact at ASI position has been evaluated for the three sets of simulations and was 4.2% for the SIM_tot, 6.8% for the SIM_port, and 0.9% for SIM_urb-ind. The impact is in the range between values estimated by Cesari et al. [21] and Donateo et al. [22] for the same port at the same sampling site.



Figure 8 finally synthesises the spatial impact of port emissions on the whole study area showed in % at 2 m for the three sets of simulations. Mean concentration distribution follows the prevailing wind direction with a decrease far away from the sources. Overall, Figure 8a shows the largest impact was located in the hotelling area. Figure 8b,c show that, when the prevailing winds were from southern sectors (SIM_urb-ind), the impact of the port emissions was localized within the port, while when the winds were from northern sectors (SIM_port) the impact of port was larger and confined in the urban area downwind to the sources up to a distance of about 2 km, after that it reduces to lower than 3%.






4. Summary and Conclusions


This paper combines measurements and modelling approaches to investigate the air quality and the impact of ship emissions on NOX, O3, and PM in a Mediterranean port city (Brindisi, Apulia Region, Southern Italy).



As for measurements, 100 daily samples of fine PM were collected on the roof of the ASI building during a field experimental campaign. The PM2.5 samples were chemically characterized in terms of ionic fraction, carbonaceous components and metals. A statistical analysis was conducted integrating complementary tools, LDA and PCA. PCA was useful to examine data structure in terms of the main sources which in this case were crustal and ship emissions (29% of the total variance), sea spray (17% of the total variance), combustion (7% of the total variance), vehicular traffic (8%), industrial (5%), and secondary aerosol (10%). By PCA no statistical differentiation of samples for the two prevailing wind directions was obtained. Probably, more useful information could be obtained using wind selective samplers. The application of LDA was successful in separating the contribution between prevalent wind directions associated to the main contributing sources: the method assigned samples to the category ‘Urban-Industrial’ with good percentage of correct predictions (61%), and samples to the category ‘Port’ with a high percentage of correct predictions (83%), respectively.



Then, the air quality and the direct impact of ship emissions contribution during the experimental period were quantified by employing a numerical modelling system (coupling offline the mesoscale chemistry model BOLCHEM and the local scale dispersion model ADMS-Urban). BOLCHEM simulations were performed to reproduce ground pollutants concentrations and the impact of ship-related PM emissions on PM2.5 and PM10 concentrations, as well as of NOX and NMVOC emissions on NOX and O3 concentration, at a regional scale. The spatial distribution of concentration levels at local scale has been then assessed using ADMS-Urban. BOLCHEM results showed that the impact of ship emissions covered an area of a few dozen kilometers and was, on average for the field experimental campaign period, 37.6% for NOX, −11.7% for O3, 4.3% for PM10, and 6.1% for PM2.5, the last one distributed between primary (2.7%) and secondary fraction (3.4%). At a local scale, the analysis of high-resolution modelling results obtained from ADMS-Urban highlighted that, at ASI position, the impact of ship emissions on PM2.5 was 6.8% when the sampling site was positioned downwind to the port area and reduced to lower than 3.0% at about 2 km far from the sources.



This study is an example of integrated methodologies which could be further tested in other port cities which could have even larger complexity than in our case in terms of sources, topographic features, and in turns of meteorological processes.
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Figure 1. Map of the southern part of Italy showing the position of Brindisi (left) and satellite image showing the experimental site in yellow (ASI) and the monitoring stations managed by ARPA-Puglia (right). 
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Figure 2. (a) BOLCHEM parent domain (in blue) and nested domain (in green); (b) ADMS domain with indication of the subdivision of the port into four areas (areas 1, 2, 3: hotelling areas). 
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Figure 3. Score plot in the plane of the first and second Principal Components. Blue numbers indicate samples collected when the prevalent wind directions were from urban and industrial area; red numbers indicate samples collected when the prevalent wind directions were from the port area. 
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Figure 4. Average surface concentrations (µg m−3) of (a) NOX, (b) O3, (c) PM2.5, and (d) PM10 obtained from BOLCHEM for the period June–October 2012 in the area surrounding the port. 
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Figure 5. Time series of BOLCHEM modelled (green dotted line) and observed (blue solid line) daily averaged concentrations (µg m−3) of (a) NOX, (b) O3, (c) PM2.5, and (d) PM10, averaged over ARPA-Puglia and ASI monitoring stations. 
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Figure 6. Average relative impact of ship emissions (%) on (a) NOX, (b) O3, (c) total PM2.5, (d) total PM10, (e) primary PM2.5, and (f) secondary PM2.5 obtained from BOLCHEM for the period June–October 2012. 
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Figure 7. Average relative impact of ship emissions (%) on (a) NOX, (b) O3, and (c) PM2.5 concentrations obtained from ADMS-Urban at 2 m for the whole period June–October 2012. 
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Figure 8. Average relative impact of ship emissions (%) in the (a) SIM_tot, (b) SIM_port, and (c) SIM_urb-ind obtained from ADMS-Urban at 2 m 
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Table 1. Descriptive statistics of all determined parameters. The samples have been grouped for prevalent wind directions in two macro-sectors: Urban-Industrial (i.e., samples collected when the prevalent wind direction was from the city of Brindisi or the industrial area) and Port (i.e., samples collected when the prevalent wind direction was directly from the port).
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Urban-Industrial

	
Port




	
(ng m−3)

	
Median

	
Max

	
Min

	
Median

	
Max

	
Min






	
Al

	
302

	
1221

	
14

	
242

	
1104

	
11




	
Zn

	
13

	
90

	
0.12

	
13

	
129

	
0.14




	
Fe

	
96

	
358

	
2.5

	
58

	
417

	
0.03




	
K

	
340

	
1728

	
21

	
144

	
1246

	
29




	
Na

	
387

	
2584

	
50

	
316

	
1620

	
51




	
Ca

	
322

	
1268

	
19

	
302

	
1805

	
19




	
Ti

	
20

	
78

	
4.3

	
21

	
46

	
3.6




	
Mg

	
102

	
744

	
30

	
85

	
852

	
21




	
V

	
2.6

	
7.5

	
0.7

	
3.0

	
27

	
0.32




	
Ni

	
2.9

	
20

	
0.02

	
1.7

	
11

	
0.14




	
Cu

	
3.2

	
22

	
1.3

	
1.7

	
13

	
0.19




	
Pb

	
4.2

	
16

	
1.5

	
3.1

	
43

	
1




	
Cr

	
0.8

	
10

	
0.02

	
0.36

	
2.1

	
0.02




	
Cd

	
0.07

	
0.24

	
0.02

	
0.06

	
0.20

	
0.02




	
Mn

	
2.7

	
7.0

	
0.21

	
1.8

	
7.5

	
0.04




	
Sb

	
1.4

	
30

	
0.12

	
0.7

	
26

	
0.10




	
Cl−

	
36

	
1021

	
0.48

	
26

	
410

	
1.7




	
NO3−

	
243

	
1150

	
29

	
170

	
1942

	
29




	
SO42−

	
2868

	
7876

	
859

	
2999

	
7373

	
835




	
C2O42−

	
121

	
244

	
32

	
130

	
304

	
41




	
Na+

	
251

	
837

	
36

	
221

	
472

	
52




	
NH4+

	
987

	
2272

	
256

	
1072

	
3879

	
177




	
K+

	
219

	
1663

	
39

	
125

	
1018

	
19




	
Mg2+

	
45

	
120

	
5.5

	
33

	
105

	
6.1




	
Ca2+

	
231

	
730

	
59

	
144

	
1375

	
31




	
WSOC

	
1480

	
5713

	
243

	
1276

	
2745

	
243




	
WSIC

	
46

	
249

	
27

	
27

	
854

	
27




	
OC

	
2977

	
6960

	
509

	
1751

	
5977

	
395




	
EC

	
521

	
1371

	
195

	
384

	
1173

	
0.15




	
TC

	
4300

	
8785

	
1588

	
2816

	
7557

	
462




	
PM2.5 (µg m−3)

	
17

	
28

	
6.0

	
14

	
27

	
4.9
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Table 2. Principal Component Analysis (PCA) Loading values. Values larger than 0.23 are highlighted in bold.
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	PC1
	PC2
	PC3
	PC4
	PC5
	PC6
	PC7





	Fe
	0.47
	0.03
	−0.11
	0.08
	0.01
	−0.01
	0.06



	V
	0.43
	0.02
	0.21
	0.01
	−0.15
	−0.09
	−0.02



	Ni
	0.38
	−0.09
	0.04
	0.06
	0.10
	0.00
	−0.32



	Cu
	0.10
	−0.10
	−0.03
	0.62
	0.08
	0.02
	−0.15



	Pb
	−0.06
	−0.08
	−0.01
	−0.20
	0.06
	0.03
	0.71



	Cd
	0.11
	0.02
	0.12
	0.17
	0.03
	−0.02
	0.44



	Mn
	0.44
	0.04
	−0.01
	−0.08
	0.06
	0.06
	0.06



	OC
	0.17
	−0.06
	−0.07
	0.04
	0.41
	0.10
	0.09



	EC
	0.21
	−0.07
	−0.16
	0.38
	0.02
	−0.03
	0.33



	Cl−
	−0.14
	0.51
	−0.10
	0.19
	0.02
	−0.04
	0.03



	NO3−
	−0.24
	0.20
	0.14
	0.55
	−0.13
	0.02
	0.11



	SO4−
	0.04
	0.02
	0.64
	−0.06
	0.06
	0.00
	0.02



	Na+
	0.07
	0.65
	0.00
	−0.09
	0.04
	−0.10
	−0.04



	NH4+
	−0.04
	−0.06
	0.66
	0.07
	−0.03
	0.01
	0.03



	K+
	0.03
	0.16
	0.04
	−0.12
	0.54
	−0.07
	0.09



	Mg2+
	0.16
	0.46
	0.07
	−0.09
	−0.04
	0.25
	−0.04



	Ca2+
	0.03
	0.04
	−0.01
	0.01
	0.09
	0.62
	0.04



	WSOC
	−0.20
	−0.07
	0.07
	0.11
	0.68
	−0.01
	−0.16



	WSIC
	−0.06
	−0.05
	0.00
	0.01
	−0.08
	0.71
	−0.04



	Explained Variance (%)
	28.7
	16.5
	10.3
	8.3
	6.9
	5.3
	4.9
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Table 3. Confusion matrix in cross validation and percentage of correct predictions.
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	Urban-Industrial
	Port
	Correct Prediction (%)





	Urban-Industrial
	20
	13
	61



	Port
	10
	48
	83
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Table 4. Mean mass concentration (µg m−3) and standard deviation of PM2.5 and of the main mass classes: secondary inorganic aerosol (SIA), secondary organic aerosol (SOA), combustion, crustal matter, anthropogenic metals, sea salt, and the undefined mass (UM).






Table 4. Mean mass concentration (µg m−3) and standard deviation of PM2.5 and of the main mass classes: secondary inorganic aerosol (SIA), secondary organic aerosol (SOA), combustion, crustal matter, anthropogenic metals, sea salt, and the undefined mass (UM).





	µg m−3
	PM2.5
	SIA
	SOA
	Combustion
	Crustal Matter
	Anthropogenic Metals
	Sea Salt
	Undef.





	Urban-Industrial
	17 ± 6
	6.2 ± 1.6
	3.1 ± 1.2
	3.3 ± 0.2
	3 ± 2
	0.040 ± 0.019
	0.6 ± 0.2
	0.3 ± 0.4



	Port
	14 ± 5
	5.5 ± 1.6
	2.4 ± 0.9
	2.4 ± 0.2
	3 ± 2
	0.031 ± 0.025
	0.5 ± 0.2
	0.2 ± 0.3
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Table 5. BOLCHEM modelled and measured concentrations (µg m−3) averaged over ARPA-Puglia and ASI monitoring stations and over the whole period June–October 2012.
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	Modelled

(µg m−3)
	Measured

(µg m−3)
	MB

(µg m−3)
	RMSE

(µg m−3)
	R





	NOX
	25.61
	24.68
	0.93
	11.17
	0.68



	O3
	83.54
	79.71
	3.83
	16.19
	0.78



	PM2.5
	14.91
	13.59
	1.32
	5.69
	0.64



	PM10
	21.53
	20.85
	0.68
	5.97
	0.61
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Table 6. BOLCHEM estimated impact of ship emissions pollutant concentrations in the port area.






Table 6. BOLCHEM estimated impact of ship emissions pollutant concentrations in the port area.





	BOLCHEM
	% Impact





	NOX
	37.6



	O3
	−11.7



	Primary PM2.5
	2.7



	Secondary PM2.5
	3.4



	PM2.5
	6.1



	PM10
	4.3










[image: Table] 





Table 7. ADMS-Urban modelled and measured averaged PM2.5 concentrations (µg m−3) at sampling site (ASI) position, and modelled impact of ship emissions (%).
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	Modelled PM2.5 (µg m−3)
	Measured PM2.5 (µg m−3)
	Modelled Impact (%)





	SIM_tot
	14.0
	16 ± 6
	4.2



	SIM_port
	12.9
	14 ± 5
	6.8



	SIM_urb-ind
	16.8
	17 ± 6
	0.9
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