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Abstract

Monitoring emissiongrom the fuel combustionf seagoing ships is a prerequidioe
assessingheir harmful impacts antbr seamlessly cheaky whether local regulations
are complied with. We present results from a measurement campaigrssarC2ut on
the south coast of the Baltic Sea, approx. 20 km easbf the main shipping routes and
approx. 40 km norteastof the port of Rostock(Germany) the largest freight and
passenger port in the area. Duritige two-monthlong campaign the chemical
composition of about 1.6 million individual aerosol particles waaslyzedusingsingle-
particle mass spectrometry (SPMS) We developed a deep learning model to
automaticallyclassifythe SPMS dataccording to characteristic ion combinatiamshe
bipolar mass spectran order toanalyzeship fuel emissions in reeime. Combined with
local wind data (speed and direction) algtomatic Identification System (AlShip
identification and position data, shipgperatingon polluting types of fuel could be
identified and localized. We verified our findings backtraced ship engine emissions
by simulating exhaust plume distributionsinga sophisticated aerosol transport model
(EPISODECIityChen). In many caseshe model chain successfully replicagnission
events detected by chemical profilid individual aerosol particlesvith matching
temporal detail. In particulacorrelating the resultsf both approachegads to robust
and reliable assignment of detected emissions tofgpships.

Introduction

Ships are essential to global trade, transporting over@¥e worlds goods, and this
number is expected to increaggNCTAD, 2023) At the same timemaritime
transportation contributes significantly to air pollutiamdposes serious health risk®r
inhabitants livingalong majorshipping routegEyring et al., 2010)The International
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Maritime Organization (IMOhasestablished Sulfur Emission Control Areas (SECA
including the Baltic Sea, the North Sea, most of the US and Canadiars, ce&3t
requiiing ships touselow-s ul f ur f uel s to(in&dll exhaust gasidlebning ) or
systems €.g, scrubbers)f high-sulfur fuelslike heavyfuel oils (HFO) are still used
Consequently, there is an urgent need for effective monitohtugt ship emission
monitoring systems rely on gakase instruments taneasure changesin gas
concentrationsuchaC O , S O ,Howeverd sindiefases areapidly dilutedthe
effectivenes®f such systems limitedto distance ofa few hundred metemnly (Zhou

et al., 2022)The coverage of the monitoring systean beesffectivelyextended bysing
particlephase measuremest as aerosol particles retain the chemicalomposition
associated with their sources even after {disganceransporf Dal | 6 Ost o and Ha
2006)

Singleparticle mass spectrometry (SPMS) imature,reattime techniqueao quantify

the chemical compositioof individual aerosol particledt is capable of analyzing
hundreds of particles per mindiglaser desorption/ionization (LQIJo handle this large
volume of data, machine learning methods are increasingly used for rapid and accurate
classification of SPMS dat&Vang et al., 2024a, 2024b)

In this study, oufocus is on detecting aerosol particles from smnpssionsespecially

those resultingrom polluting HFO combustionTo accurately identify and localize HFO
emitting ships, the method integrates three compondm)sconvolutional neural
networks (CNN-based patrticle classificatip(®) local wind data (direction and speed),

and (3) ship trajectory data from the Automatic Identification System (AI8)our
previous researchve haveexplored data witimonitoringranges of up t@ km (Wang et

al., 2025) This time the goal is to achieve longpnitoringranges of up to 40 km from

the emission sourcéVe implemented simulationssing a chemistry transport model
(EPISODECIityChenj to validatethe recognitionof remote emission sources.

Measurement Campaign and Data Analysis

Data were obtained duringa measurement campaigh the northernmost point olie
DarssPeninsulan theGermarcoast of the Baltic Sedahe Sampling Sit€54°28'28.4"N
12°30'13.9"B waslocatedapproximately20 to 40 km east of the main shipping routes
and around40 km northeast of Rostock, the largest port in the re@geaFigure 1).
Between May 11 and July 19, 2023, approximately 1.6 million individual aerosol
particleswereanalyzed using SPM3he SPMSs operating principle has beedescribed

in detail elsewheréassig and Zimmermann, 2021)

Figure2 showsseveral examples of chemical signatures from particles originating from
different sources. The mass spectrum (MSjiscretized with a mags-charge (m/z)
interval of 1. The spectra cover an m/z range fid20 to +120 and are normalized to
the maximum intensity within the positive and negative spectra, respectivglneral,
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Monitoring the classes can be assigned based on the main ion
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Figure 1: Map of th&ﬁonitoringarea
and the main shippingutes
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Figure 2: Examples of mass spectral patterns for 6 classes of aerosol particles

Results and Discussion

Based orthe defined Monitoring Areg a SearchAreais generatedseeFigure 1) in
accoraénce with the wind directionrecorded atthe local weather stationGerman
Weather ServicéDWD) Station ID 6097)Figure 3(a) showghe wind data fooneday
(May 24, 2023 The aerosol partickeanalyzed by SPM%ere classified by the trained
CNN modelin realtime. Figure3(b) illustrates the classification results the samelay.
Exemplarily, letween 8:00 and 18:40up to40% of all detected particles were assigned
to theV-rich class Using the time intervalTpetectOf this event, e distancefrom the
boundaries of th&earchAreato the Sampling Siteare calculated, as well as the time
interval Trravelit takes for particles to reach tBampling Siteconsidering thectualwind
direction andspeed T search= Tpetect- TTravel IS then thdime interval whenships emitting
V-rich particlesravekdin the Search Ared o identify these shipshé AlS databasés
searched foentriesthat appeareduring TsearchWithin the Search Area.

With this method, shipresponsible for significant emissions ofrih particlesd and
therefore suspected of using HEO can be swiftly localizedby calculatiors based on
wind speed, wind direction akdS. To further strengthen and confirm source attribution,
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we additionally applied urbascale numerical modelling based t¢me EPISODE
CityChem modelutilizing the Moving Point Source (MPS) algorithm to simulate the
dispersion of moving exhaust plum@adeke et al.2024 Karl et al., 2019)Table 1
shows the results of combined calculations and simulations for the localizasewenf
shipswith significant emission of VWich particlesduring the particularevent(18:00-
18:40. For four of thesseverships, thdocalization derived from local wind parameters
was confirmed since itoincides with the backtraced simulated emission plume
dispersion, i.e. tharrival timeinterval of the simulatedplumeswasalsobetweenl8:00
and18:4Q Figure4 showstwo simulation results as examples

Figure 3: Exemplary results fo4 hours of measurementsldy 24th, 203) at Darsser Ort.(a) Wind speed and
directionfrom the local DWD weather statiodisplayed in intervals of 10 minutes, with scales of speed and direction
(angle) given on the rightb) Time distribution of aerosol particle classes predicted by the trained CNN model, with
relative numbers of particles per class, integrated in intes@&lLOminutes.

Tablel: Search model identification resultalidated with plumedispersionsimulatiors for $ipsassociated withhte
V-rich eventdetectedn the time intervall8:00-18:40. Theactualwind speed and directiowere (5.7 + 0.2) m/end
(266 £ 5)° (west wind) Directions of travel of ships are marked sorth, Eeast, Ssouth, Wwest

Ship confirmed  Type of Length Min. distance Direction Dispersionsmulation of

by search model ship of ship to meas. site  of travel  plumesarrivaltime

SHIPL Passenger 170m 36km SYN Max. plumes arrived at 17:2C
SHIP2 Passenger 219m  20km EY W Confirmed

SHIP3 Cargo 158m  25km EY W Confirmed

SHIP4 Tanker 274m 25km EY W Max. plumes arrived at 20:0C
SHIPS Tanker 183m 20km EY W Max. plumes arrived at 17:1C
SHIP6 Cargo 163m  20km EY W Confirmed

SHIP7 Tanker 250 m 18km WY E Confirmed

Figure 4: EPISODECIityChemsimulation resultaitilizing the MPS algorithmfor SHIF6 and SHIF



