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Abstract. As air pollution is regarded as the single largest environmental health risk in Europe it is important that
communication to the public is ttp-dateandaccurate and provides means to avoid exposure to high air pollution levels.
Long as well as shoiterm exposure to outdoor air pollution is associated with increased risks of mortality and morbidity.
Up-to-date information on present and comth@ y s 6  a helpspeapplesalroid Exposure during episodes with high levels

of air pollution. Air quality forecasts can be based on deterministic dispersion modelling, but to be accurate this requires
detailed information on future emissions, meteagalal conditions angrocessorienteddispersion modelling. In this paper

we apply different machine learnirflylL) algorithmsi Random fores(RF), Extreme Gradient Boosting{GB) and Long

Short Term MemoryLSTM) i to improve 1, 2- and 3day determinist forecasts oPMio, NOy, andOs at different sites in
Greater Stockholm, Sweden.

It is shown that thaleterministic forecasts can be significantly improved usingMhemodels but that thedegree of
improvement of the deterministic forecasts depends more on pollutant and site than bt_vetbgorithm is appliedAlso,

four feature importance methods, naméfgan Decrease in Impurity (MDI), PermutatidBradientbasedmethod and
ShapleyAdditive exPlanation§SHAP), are utilized to identify significant features that are common and robust across all
models and methods for a pollutaBeterministic forecasts &M areimprovedby the ML modelsthrough the input of
lagged measurements andid Day partly reflecting seasonal variations not properly parameterised in the deterministic
forecasts. A systematic discrepancy by the deterministic forecasts in the diurnal dy€@gisfremoved by th&IL models
considering lagged measurements andraiar data like hour and weekday reflecting the influence of local traffic emissions.
For Oz at the urban background siteelocal photochemistris not properly accounted for by the relatively coaspernicus
Atmosphere Monitoring Service ensembiedel(CAMS) used here for forecastii@g butis compensatetbr using theML

modelsby taking lagged measurements into account.
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Through multiple repetitions of thetraining process, theesulting ML modek achievedimprovementsfor all sites and
pollutants. For NQ at street canyon sites, MSE decreased by #0% andsevenmetrics such as Rand MAPE exhibited
consistent results'he prediction oPMjyo is improved significantlyat the urban background sitghereaghe ML modek at
streetsiteshave difficulty capturingmore informationThe prediction accuracy of:@lsomodestly increasedavith differences
between metrics.

Further work is needed to reduce deviations between model results and measurements for short periods with relatively higl
coneentrations(peaksat the street canyon siteSuch peaks can be due to a combination oftppical emissions and
unfavourablemeteorological conditionswhich are rathedifficult to forecast.Furthermore, \w show thageneralmodels
trainedusing data fom selectedstreet sites camprovethedeterministic forecasts of NCGat the station not involved model
training For PMo this was only possible usimgore complex LSW models An important aspect to consider when choosing
ML algorithmsis the computational requiremesitor trainingthe modelsn the deployment of the systefireebasednodels

(RF and XGB)requirelesscomputationatesourcesnd yield comparable performance in comparison to LSTivrefore,
treebased model@re now implemented operationally in the forecasts of air pollution and health risks in Stockholm.
Nevertheless, there is big potential to devejepericmodek using advanced ML to take into account not only local temporal
variation but also spati@ariation atdifferent stations.

All datasetand code in thipaperare publity accessible on Zenodabt(ps://zenodo.org/records/8433033

Keywords: Dispersion modelling,Machine Learning, LSTM, PM10, Oz, NOx, GAM
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1 Introduction

According to the World Health Organisation (WHO) air pollution is one of the leading causes of mortality wodddide
regarded as the single largest environmental healtiiFigler et al., 2022)Acute effects of air pollution are dteshortterm

(e.g. daily) exposures that can lead to reduced lung function, respiratory infections and aggravated estbinzd., 2021)
According to the European air quality directivieformation on air quality should be made available to the puBlidlic
information regarding the expected health risks associated with currdmt eext fewdays'concentrations of pollutants can

be veryimportantfor sensitive persons when plannithgir outdoor activities.

There are different approachesotataininginformation on the spatitemporal variation of air pollutant concentratidrisom

compkex processoriented modelso differenttypes ofstatistical modelsGaussian plume models aredefy used in urban

areas for estimating impacts on atmospheric concentrations from different emission sources and for health risk assessmer
(Munir et al., 2020; Johansson et al., 2009; Orru et al., 2015; Johansson et al.ERGEan chemical transpganodels that
describe emission, transport, mixing, and chemical transformation of trace gases and aerosols such as e.g. CHIMERE, EME
and MATCH are part of the Copernicus Atmosphere Monitoring Service (CAMS, atmosphere.copernicus.eu/) to predict air
pollution over EuropeHoralek et al., 2019 The uncertainties in the output of the deterministic models include uncertainties

in the input, such as emissions, model algorithms and parameterisations.

In urban aregsdetailed knowledge of thdedicatedemisson sourceis often crucial For example, road traffias amain
emission sourgecan be modelled byarious levels of emission modelsndré and Rapone, 200®Ma et al., 202; Keller et

al., 2017. To assesghe concentratiorof contaminantsijt is oftenrequiredto combinethe modes of emissiornand dispersion
processe.g. (Ma et al 2014) An alternativeapproachmay derivespatioctemporaldistribution of air pollutans without
modellingemissionprocessFor exampleland use regression modsla populamethod to explain spatial contrastsaf

pollution concentrations.g.(Hoek et al.2008)

Datadriven models usingnachine learning (ML)have becomencreasingly populain predicting outdoor air quality
(Rybarczyk and Zalakeviciute, 2018&kandaryan et al., 2020Previousstudies predict both hourly and daily average
concentrations of particulate matter (PM) as well as gaseous air pollutants using meteorological and traffic data (@.g. Quade
et al., 2020; Di et al., 2019; Thongthammaaht et al ., 2021; Kami GBGska, 20%%, Chu
2020; Castelli et al., 2020 Stafoggia et al., 201 Stafoggia et al., 2030In addition, a combination of ML, LUR, dispersion
modelling, grounebased and satellite measurense have been used to obtain temporally and spatially distributed
concentrations (Shtein et al., 2020; Staffogia et al., 2Bi¢kamp et al., 2017; Di et al., 201Recently, Kleinert et al. (2022)
conducted a study tforecastOs concentrations in éongerterm horizon and meanwhile,deterministic modeivas also
combined withML in the study of Hong et al. (202&) forecas the PM._s concentration

This papemims todemonstrate how ML camprovethe one, two- andthreeday deterministic forecastsf severalcritical

urbanair pollutants particulate mattefPMq, particles with an aerodynamic diameter less than 10 um), nitrogen oki@gks (

and ozone@s). The study covers botlrban background and street canyorssité&stockholm, SwederhreeML algorithms
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were adoptedwo based on decision treé8K and X@) and onedeepneural network model (LSTM)'hese models were
compared to investigate if there are systematic differences in their prediction performance depending on different pollutants
and measurement sites, which can be used to improve current applications in Stobkdentnvhile, four methodfer feature

importancerankingwere applied t@nalyse the effects of differenfieatureson the modeprediction results

2 Background
2.1  The Stockhom air quality forecast system

Stockholm city has launchea air quality forecassystemsince2021.Three different dispersion models are used to forecast
concentrations considering emissions and dispersitinedEuropeanUrban andStreet scalesdescribed byFigure 1. The

CAMS ensemble model, part of the Copernicus program was used to obtain forecastsafdmngansported air pollution

from outside of the Greater Stockholrea Previous assessments have found the ensemble model to be more accurate than
any individual model part of CAMS (Metderance, 2017Marécal et al., 2005 CAMS regional ensemble forecasts are
published once a day aedch forecast covers 96 hours (4 days)

The contributions to concentrations due to local emissions in the metropolitan area were performed on a 100 m resolutior

using a Gaussian dispersion model part of the Airviro systatpst//www.airviro.com/airvirg/ In this modelling domain

(Greater Stockholm, 35 by 35 km) individual buildings and street canyons are not resolved but treated using a roughnes:
parameter (Gidhagen et al., 2005). TBaussian model i€l with meteorological forecasts from the Swedish Meteorological

and Hydrological Institute (SMHI). A diagnostic wind model is used to account for influences of variations in topography and
land-use on the dispersion parameters input tadhessian modeFor details regarding uncertainties and validation of local
modelling se¢Johansson et al. 2017).

Finally, the Operational Street Pollution Model (OSPMeveloped byBerkowicz (2000) and driven by forecasted
meteorology from SMH]lis appliedto the street canyon sites. It has been applied earlier at Hornsgatan in Stockholm in a
number of modelling studies (e.g. Krecl et al., 2021; Ottosen et al., 2005 andPMio are modelled on all scales, whereas

Osis onlyforecastedy the CAMS ensemble odlel.

CAMS ensemble forecast Gaussian model local forecast Street canyon model local forecast
(0.1x 0.1° resolution) (100 x 100 m? resolution) (~5 - 10 m resolution)
NO,, PM;,, O3

NOx’ PM 10

KOOI level wing

Effect of TPT

Background poliution

2R
ftg'}

Figure 1. lllustration of the deterministic modelling from European scale at a resolution of 0.1° by 0.1° (ca 11 km x 6 km), via urba
scale (100 m resolution over an area of 35 by 35 km) down to the street canyon sitéee CAMS ensemble forecast map example is

4
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taken from https://atmosphere.copernicus.eu(accessed 1 Feb 2023). The map with the Gaussian model local forecast example is
output from the Airviro system (https://www.airviro.com/airviro/ , accessed 1 Feb 2023) used in Stockholihe illustration of a
street canyon site is taken fromhttps://www.wikiwand.com/en/Operational Street Pollution Model(accessed 1 Feb 2023).

For the urban scale model domairdetailed emission database is used as input for the local dispersion modelling. The database
and its applications and comparisons lestwwmodelling and measurements are describglLiB, 2022). The total emissions

from road traffic are based on emission factors for different vehicle types including passenger cars, busaw] Higgnry

duty trucks. Exhaust emission factors®Oy andparticles are based on HBEFA version 3.3 (Keller et al., 2017) depending
onvehicleEuro class. The emission factors per vehicle category were weighted according to the national Swedish Transpor
Administration vehicle registry, but the vehicle composit@ken from national vehicle registry has been shown to be similar

to the local fleet usingeatworld number plate recognition measurements at Hornsgatan (Burman and Johansspn, 2010
(Burman et al., 2019). Neexhaust emissions of PM due to wear of brakges and roads are calculated using the NORTRIP
model (Denby et al., 2013) forced by the forecasted meteorology from SMHI. Information on shares of studded winter tyres
is obtained from manual counting every week during the winter at different locatitims city cente and along highways

outside of the city. Road traffic emissions are calculated for all roads with mora,@@fvehicles per day. Other emission
sources included in the local emissions database include shipping, private and muadtipgl(imcluding burning of waste).

More information about the Stockholm air quality forecast system is provid&hgardt et al. 2021).

2.2 Meteorological forecasts

As an integral part of the Stockholm air quality forecast system, meteorological forecasts for a point in central Stogkholm a
downloaded every morning fronthe website of SMHI (https://www.smhi.se/datappnadatd and MET Norway

(https://docs.api.met.no/ddc/The meteorological forecasts extend over 10 days and are a combination of output from a

number of regional and global numerical weather prediction lmodilbe combination is based on statistical adjustments as
well as manual edit¢nitial models of weathedependent PM emissions and urban and street canyon air aquadiling are

driven by meteorologyThe forecasted meteorological data are, finallgo ased as predictofsr the models in this study

3 Methods
3.1 Dataand Pre-processing

The data used in this studsascollectedfrom four monitoring stations in central Stockholm, including one urban background

site (Torkel Knutssonsgatan, hereafter call&lor urban) and 3 street canyon sites (Hornsgatan HO, Folkungagatand-O
Sveavagen SV). They are all located in central StockiisémFigure2). Detailed descriptions of measurement methods and
sites are provided in Appendix A.

Data from the UB site covers approx. 1000 days (10 April 2019 through 31 December 2021)O&Pttiemodebecame
operational at a later date, the street canyon data extends over 500 days (5 August 2020 through 31 December 2021). Pollute


https://atmosphere.copernicus.eu/
https://www.airviro.com/airviro/
https://www.wikiwand.com/en/Operational_Street_Pollution_Model
https://www.smhi.se/data/oppna-data
https://docs.api.met.no/doc/

10

15

concentration measurements from monitorstgtions pollutant forecastand meteorological forecasts from the Stockholm

air quality forecast system were aggregated into the following four datasets.

= B
Pt T

7

U odvadren
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Figure 2. Map of central Stockholm showing locations of the urban background site and the street canyons traffic sites. Base map
credits: © OpensStreetMap contributors, licensedunder the Open Data Commons Open Database License (ODbL) v1.0.

All the dataabovewas collected at-hourintervals,with detaik illustratedn Tablel. It should be notethat there arseveral
studies show the impact of the COVI® pandemic on pollutant emissions as a result of some restrictive regu{Sidhs

et al., 2021; Torkmahalfeet al., 2021)The COVID19 pandemiin Swedercommenced in January 2020 and continued until
February 2022sothe majority of the dateascollectedduringthis pandemiperiod.

Table 1. Description of the dataset.

Name Time Range Pollutants Amount Features
Urban Background UB 04/10/2019 12/31/2021 NOx, PMuo, O3 23927 Pollutant measurements
Folkungagatan FO 08/05/2020- 12/31/2021 NOx, PMo 12335 Pollutant forecasts
Hornsgatan HO 08/05/2020 12/31/2021 NOx, PMo 12335 )
Sveavagen SV 08/05/2020 12/31/2021 NOx, PMo 12335 Meteorological forecasts

The pollutantmeaurements and forecadt®m deterministic modeéxhibit a missing rate of less than 5%, wihfew
inaccuratesamplesincluding outliers and negative value&ppendix Bshowsthe missingstatusof Oz in the UB dataset. To
accurately represent the extreme values in the real world, outliers were deliberately included in trexalateheir
occurrencds hardto justify. But negaive pollutant samplesvere eliminated, and missing dataawmanually interpolated
using historical average interpolati@Villmott et al., 1995.

Frequently employed approache$ interpolating time series data comprise constant interpolation, nearest neighbor
interpolation, and linear interpolation. To keep the temporal rekttiprthe historical average interpolation is applied based
on the periodicity pattern in the data. Theriodicity of each feature, denoteg p, is determined by the analysis of the
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autocorrelation function (ACF) and partial autocorrelation function (PACF) of the data. Subsequently, the missin@value
at timet is substituted by the average of thaitable datdrom thetwo precedingoeriods as well as theddjacentalues:

P e
no ¢ no nmo n pmMo cnmo ¢n p 1)

wheren is the number afamplesuisedin Equation 2An example result of interpolation is shownAppendix B

3.2 Prediction scheme

This study is to forecast hourly concentrations for the coming two and three days based on historicglollutant
measuremestand other available information as inputdich is atime series prediction for multiple time steps, forrapée,
72 time steps for three days predictibmstead of more complexetwork structure, multiple singteutputML modelsare
chosenfor forecasting different air pollutants far1 day, 2 day and 3 daytervals asshown in Equation 2.

"EOD 006£QQ¢ Q WREQ MR ; Qoo Qv O (2)
where” , ‘O is the forecastof the pollutantj for dayd and timet at the location, and”  ‘Gho is the corresponding real
measurement;[; ‘O uses a set S to represent several statistical measures, including maximum, minimum, 25% quantile and
75% quantile of the measured concentration data during the past 24 houthanttiithe measurement dataset can be
represented by a set, i.€ ; QO ; OO pH; O ¢ &8B8 " Qv is the predicted concentration using

deterministic modeko '‘Ohd represents the weather condition predicted fordayd timet.
d-1 d d+1

0:00
00
23:00
0:00
8:00
23:00
0:00
8:00
23:00

new

messrement | \__J
I I

Lagged information horizon Prediction horizon

Figure 3. lllustration of the machine learning modelling scheme for-tlay prediction based on available datasets

Figure 3 demonstrates the prediction horizon and lagged information horizothhdocase obne day prediction. To build
consistent statisticdlL models with a fixed rolling horizon, a new measurement poititeaturrent time (d, t) will lead to
an additional prediction for one day ahead, i.e. the predicted value at (d+1,§.dasth the measurement statistifs Qo

will be based on one day preceding measurement data ofr@sulting ina lagged rolling horizon describég Figure3.

3.3 Machine learning models

As already mentionelefore,two treebasedML models, RF and XGB, and one deep learning model, LSTM are applied
implement theprediction schemen addition, an ensemble learning approach based on a General Aditbtiled (GAM),

aggregating theelectedhree learning models, is also applied to further optimise the results.



3.3.1 Framework

Figure4 summarses the framework ofML modek and associated computational experiments for air pollution predidtien.

input includes the deterministic forecasts of iBMNOx and Q, to evaluate how much the deterministic forecasts can be
improved by the ML algorithms. In the computational expentsedatadriven forecasting models are trained for one urban
background site and three street canyon sites sepa@iférent ML models are trained and tested separately for predicting
various air pollution concentrations future periods, i.el-day (0i 24 h), 2day (25 48 h) and 2day (48i 72 h).

To make a fair comparison with all models, a vanilla LSTM model in this case is set up to take the same type of input as the
other two models. In addition to the measured air pollution timessata itself the forecasted meteorological conditions for

the prediction day (or d+1 or d+2) and calendar information such as weekday, hetar are also applied as input features.

10 Moreover, the air pollutant concentrations predicted by the detetiminiedelsarealso used as inputs to the ML models.

15

Input to ML .
N 4 separate training data sets:
Stockholm air quality forecast system 1 urban background and 3 street canyon sites
Local meteorological M
forecast via API N Meteorological diagnostic - ]
SMHI & Met Norway wind model (Airviro) P _- ‘- \\\
; i_ l l f \ N
Local emission data Random forest ‘ XGBoost ‘ LSTM
base and non- mg Urban Street
exhaust road dust Gaussian Canyon b 1 b 1 " ; g
model (NORTRIP) dispersion » maodel
model (Airviro, GAM Ensemble model
Land-use and topo- [  (Airviro) OSPM) { ,J/
graphic data ‘ ‘ \
CAMS Deterministic forecast I i
Regional AQ _' of
Forecasts Via AP PMq, NOy, O3 4 test datasets | |4 test datasets | |4 test datasets
1-day forecast 2-day forecast 3-day forecast |
Meteorological variables: Lagged measurements
wind speed, wind direction, = = =~ =
relative humidity, cloud cover, | | NO,, PMyy, Os | Random forest ||  XGBoost i LSTM ( GAM
precipitation, temperature, 1-day, 2-day, 3- 1-day, 2-day, 3- 1-day, 2-day, 3- 1-day, 2-day, 3-
pressure, boundary layer Hourly mean concentration day day day day L/
height (+ sine and cosine of one day before \

cyclic variables)

Maximum of hourly mean

concentration of last 24 i g o . i
Calendar data e Evaluation of 1-day, 2P:Aav. ?\lgav hdogrlvforecasts at 4 sites
Hour of day, day of week, 10  and U,
Julian d id . L
vl E;y’ ye‘-ar ¢ -S‘BF & iz B I GYEE Comparison between deterministic forecasts & 4 ML forecasts
cosine of cycic vaniables) s T nRMSE, MAPE, nMAE, Pearson R, MQI

Figure 4. lllustration summarising input data for modelling 1-, 2- and 3-day forecasts of PMo, NOx and Oz using the 4 models.

Table2 presents a detailed explanation of the essential input features that are applied in the computational experiments. Durin
feature engineering, new features are constructed through statistical analysis to expand the feature space and fexilitate con

extraction. At the same time, temporal attributes are decomposed and encoded to the dataset to reflect the temporal depender

of each sample.
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Table 2. Measured and forecasted air pollutant concentrations used as input data (features) the ML modelling of pollutant

concentrations at the urban background site (UB) and at the street canyon sites (SEr periodic input data, using sine and cosine

values can remove discontinuities and create consistent distance measures, thereby impr@wnodel accuracy.

Category

Short names

Description

Deterministic features

NOy_nday_local
PM;o_nday_local
n=1,2,3

Deterministic tday, 2day and 3day forecast of contributions fror
local emissions based on urban scale Gaussian modelling

NOy_nday_regional
PMio_nday_regional
Oz _nd_regional

n=1, 2,3

Deterministic tday, 2day and 3day forecast of contributions base
from nonlocal emissions based on CAMS ensemble model (regi
background)

Autocorrelation features

NOy_lagXX
PMiq_lagXX
O3_lagXX

XX =24,48,72

XX hour lagged air pollutant concentrations based on autocorrel.
andprediction time span

Statistical features

NO,_Sta dXX
PMjq_Sta dXX
O3_Sta dXX

Sta=avg., median, min,
max, Q1, Q3

XX =24,48,72

Average, median, minimum, maximum, quantiles 1 and quantiles
lagged air pollutant concentrations in rolling XX hour periods.

Time features

Time; Time_sin Time_cos

Time=year, julianday,
month, weekday, day, hour

Julian d
Day of t
Hour of
Year, Month Day

ay of 3@5hsine anccasine df 2*pi*dag/36!
he week (1 2, 3, é 7
the day (0, 1, 2, ¢é 2

Meteorological features

wind_direction
wind_direction_cos
wind_direction_sin

Wind direction[0, 360) at 10 m in central Stockholm, sine and co
of (2*pi/360)*wind direction

pressure; temperature;
precipitation; cloudiness

Pressure (10 m); Temperature (10 m)

wind_speed

Wind speed (10 m)

relative_humidity

Relative humidity

boundary_layer_height

Boundary layer height for central Stockholm

3.3.2 Model setups

All ML modelsare implemented ipythonu s i ng e x i st i n gscikitlearnd@isongeesal.,i201@) In upytorafity i
(Paszke et al., 201 %or conventionaML models and deelgarningmodels respectively. The detailed implementation can be
referred to th@pensourcecode providedn (Zhang & Ma, 2023.
The following configurations are applied as the initial medel

1 The initial parameters dhe two treebased models (XGB and RF) are the default parametesgitft'learr’, and

the tuned parameters greesentedn AppendixC.

1 TheLSTM model architecture consists of two layers of LSTM with 100 neurons and a fully connected layer before

The function was 0

theawt put . act itandt i on

1 The LSTM model was trained #ydamoptimizer. The initialearring rate i0.01and is dynamically changed using

fiReduceLRONPlatedu algorithm, with the paramet er peadnioe nce

(o
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the performance (e.qg., validation loss) for 10 consecutive epochs. If there is no improvement, the learning rate will
be reduced according to the specified reduction strategy. Alsdjitial batch size is set as 72.

The datds splitalong the time axiwith a ratio of 16:4:%0 achievenon-overlappingamongtraining, validation, and test data.

Due to the autocorrelation ttie air pollutantdatg the assumption of independent and identically distributed classical cross

validation isnot satisfied. Therefore, to preserve the tme@endenproperty thef u n ¢ TiineSeriesSphtin fiscikit-learno

was chosen as the cregalidation method. In thegksplit, thedata of thdirst k foldsare set athe trainingdatawhereaghe

data ofthe (k+1)n fold is the test set. Empiriclyl, the value of k is séb beb.

Given the inherent uncertainty theML modelsthey aretrainedby setting different random seed$ereforethe final results

are presented in terms sfatisticalmeans andheir confidence intervalsyhich provide a consistentway to evaluate the

robustnessf the predicion modelsThe number ofepeatedrainingprocesses in our experimeagtet to10 for each model

3.4 Hyperparameter optimisation

The grid and gredy searchapproachesrecombinedin the hyperparameter tuningrocesgo balancethe model optimality
and computationatost (Liashchynskyi et al., 2019)The grid searchallows for a systematic investigation of different
combinations of hyperparametewghereashe greedypproacltsearcleslocal optimumfor a certain variabléerativdy.
Table3 depicts thestrategieof parameter optimizatiowhen trainingthe ML models For each model, a tuning strategy is
represented bg combination ofyrid searchthe searchingdimensions arelescribedin {} ) and greedy searchhg search
sequence is presented Ay). The parameter search space and optimal parameter combinatepresentedn AppendixC.
For XGB and F, themost influencingparameters are the number of evaluatorestimatory thenumberof input features
(max_features and the learning rat&o, agrid searchs first applied to identifyanoptimal combination othoseparameters.
Appendix Cshows the results of grid search forestimatorsand learning_rate. The search spaces far estimatorsand
learin_rateare set to 9 antl2 respectivelyresultingin a total of 108yrid poins. Theoptimalmodel performancis achieved
in (60, 0.03) Subsequentlythe greedysearch strategy is appliestquentiallyto find the suboptimal combination of the
parametersThe model performance is evaluated accordirtheanean squared error (MSE) on the validaseinFor LSTM
model, only greedy searclstrategyis appliedto optimise theparametes sequentiallydue to tte large searchspace and
computational cost for training LSTM model.

Table 3. Hyperparameter tuning method and process

Models Hypterparameter tuning strategy”

XGBoost {n_estimators, learning_rate} max_depth subsampléy colsample_bytred min_child_weight
RandomForest {n_estimators, max_featureg} max_depthA min_samples_spli#4 min_samples_leaf

LSTM batch_sized n_steps_iA hidden_size) learning rate

* {} represents the dimension of grid search @ndepresentgreedy search sequence

10
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3.5 Featureimportance ranking

ML modelsused in our study arelackbox models and feature importance analysis plays a key irolenderstandinghe
modelbehaviorand improvementeature analysis carried out bgalculatinganimportance score for eaafdividualfeature
to quanttatively evaluatehow muchafeaturemaycontribute to thdéorecasts
For treebased modelshree methods)amelyMean Decrease in Impurity (MDI), Permutatiorethod andShapleyAdditive
exPlanatios (SHAP), areused for feature rankingror LSTM models the gradientbased methadPermutation, and SHAP
werefrequentlyemployedBelow is a simplexplanatiorof the feature rankingnethods for the ML models:

1) Mean Decrease in Impurity
Mean Impurity Decrease(MDI) is a popular featurédmportance analysis for treebased models, such asRF. The
implementation of the methasl integratedntofiscikitlearnd lt calculates the average reduction of impurities by the inclusion
of a particular feature as thmportance score of this feature. However, the computation of imghaiggdmportancas based
on the traininglata soit does notccurately reflect thperformancef the featuredor the tesset(Bisong et al., 2019)

2) Permutation
The permutatiomethodis definedasthe decreasef a modelperformancavhen a single feature value is randomly shuffled
(Breiman, 200). For the data used in this study, it can be appli¢éctebasednodels but also to neural netwstike LSTM.
The computation of faare scores allows for the consideration of the impativarious features on the modsiediction
capacity The method halenefitof circumvening the concersaboutthe tendencyof MDI to favorhigh cardinality features.

3) Gradientbasedmethod
Gradientbasedmethodexplainsthe local relationship between inputs and outputfidyessinghe gradients of the model
prediction with respect to input featuresaasmportance scorBaehrenst al., 201, It should be noted that the gradieafs
neual networks depend on both input and output datdthe feature importance for the LSTM model was computed as the
average of feature gradient obtained from all samiplésst data

4) SHAP
Shapley Additive exPlanationSHAP) is a general explanatory framework, in which SHAP values represent the average
marginal contribution of each feature towards the difference between the model's prediction and a reference prediction. The
greatest strengthf SHAPIs its ability to eflect the influence of each featureeach samplewhich is interpreted aspositive
or negatie influence. The SHARs aninterpretation scheme for almost AL models This studyusesthe Pythonlibrary

shapto evaluatdreebasednodelsandLSTM respectivelyLundberg et al., 203 7Shrikumar et al., 2017)

3.6  Statistical performance indicators

Several performance metrics have been selected for comparing the prediction results of Miffer@uels includindr-
squaredR?), mean square errdtdSE) andnormalizederror measures: mean average error (MAE), mean absolute

percentage error (MAPE), root mean squared error (RM8&)Pearson correlation(Pearsdif)ese measures have also
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been recommended for air quality model benchmarking in the darftéhe Air Quality Directive 2008/50/EC (AQD) by
Janssen and Thunis (2022).

Table 4. Performance indicators.

Indicators Formula Indicators Formula
. B ' i "
R Y 6o p oo b Mean Square Y 2 e @
B "o « Error 3
Mean absolute Coew o, P 68 Root Mean Square T P "
percentage error 00U afd I3 ws Error YO " ard iy e

B 'a o« o
Pearson LQWI Wwe
correlation B ¢ o

5 Note:w is the predicted value of th€th samplew is the corresponding true value, abt the mean value of al samples

MAE and RMSE wer@ormalizedby diving by the mean of the measured concentrations, hereafter called nMAE and nRMSE.

In addition,to properly assess model qualityis necessary to consider measurement uncertéimtiye Forum for Air Quality
Modeling the modelling quality inditor (MQI) is usedto assess if a model fulfils certain objectiy@anssen and Thunis,

10 2022) Itis defined as the ratio between the model bias at a fixed tipgpiéintified by the RMSEnd a quantity proportional
to the measurement uncertainty as:

p & ’, o Q .
o £Brp @, W vpryo
0 00Q S—
p s e [ TYU Y
! EB%‘D'\(*L
WhereU(y)i s t he expanded 95th percentile measur en@nssenandc er t

15 Thunis,2022) The value of b det ¥MQlandisee equahte?2, alowing thug deviatign betvieent h e
modelled and measured concentrations as twice the measurement uncéiaintgcertainty of the measurememdS))
was calculated for the mean of the measurement concentrations as:

Y w YYOo p ¢ w ® Yo

WhereY 'Y wand® are parameters that depend on pollutart RV is aeference valuehere taken to b200, 50 and 120
20 g md, correspondingY Y w was0.24, 0.28 and 0.18 afidwas0.20, 0.5, 0.79 forNO,, PM;oandOs respectivelyJanssen

and Thunis2022).In our case we have calculatd@®,, notNO,, but we used the same settings of the parametelddpas
recommended foNO.
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4  Computational Results

The focus of this @peris to compare the deterministic forecastdl@k, PMio andO3 with the forecastbased on thdifferent
machine learners which also include the deterministic forecasts as input variables (fesgutesyribed above weve made
deterministic and ML fagcastdor hourly mean concentrations for the coming 72 hobesed on -Hay, 2day and 3day
meteorological forecasts for one urban background NiBg,(PMio andOs) and three street canyon sitd&X, andPM,g). We

also compareesultsseparately fothe urban background site and the street canyon sites.

4.1  Urban background
4.1.1 Comparison between deterministic forecasts and ML modelsurban background

As illustratedin Table5 andFigureb5, al statistical performance measui@she deterministic forecas@reimproved bythe
ML modelsfor the pollutants:NOx, PMio and Q. Thestatistical meamnd95% confidence intervalare estimatedrom 10

repeatecomputationakexperimentsising 10different random seeds

Table5. summarises thprediction performancef both deterministiand ML modelsin terms offive selectednetrics For
NOX, the R2 valueincreasesfrom a range betweed.12and0.22for the deteministic forecasts ta rangebetween 0.33 and
0.42achieved byML models.The other four metrics, includindAPE, nRMSE, nMAE and MSHlecreaséor all forecasing
days. The LSTM model achievesperiorperformancdor almost allthe metricsand XGBoosperformscloselyin this case
For PMy, R? increasesfrom the range 0D.080.21in the deterministic forecastgo higher valuedetween 0.28 and 0.55
using ML modelsAgain, thereare bigreductionson the other fouperformance measures, among wWhHid8E is decreased
by 45% compared to deterministic foreca¥t6B and R- modelsare the winners witbomparable performance.

For O; there is about a 40% drop in MSE for tig@sed modelsyith slight improvementsn other metric$or all forecasing
days. LSTMalsoperformsequallywell andachievegemarkableperformance forite 3day predictionWhile the errors of
deterministic CAMS modelling for ©are quite small when comparedth® prediction oNOx and PMo, MLs demonstrate

their capacitieso furtherrefinethe pollutant prediction.

The width of the confidence intervialdicates thereliability of the model predictioresults.The two treebased modelsXGB
andRF) producea very small variace,less than 1%, hereaghe LSTM model exhibits higher variance bigss than 5%.
The higher variance of LSTM modehay bedueto the random initialization of the weights, which affettte subsequent

gradient descent trajectory and mocsdults

13



Table 5. Comparison of X, 2-, 3-day deterministic and ML forecasts for NOx, PMw and Osfor the urban background site.=| =R-
Squared MAPE = mean absolute percentage error, NnRMSE = normalisedoot mean square error, nNMAE = normalised mean
absolute errorand MSE=mean square error The average performances with their 95% confidence interval were computesh the
test set from10 experimental repetitions conducted with different random seeds, arttie best performances are bold.

NO«
Y MAPE NRMSE nMAE MSE
1-day 2-day 3-day 1-day 2-day 3-day 1-day 2-day 3-day 1-day 2-day 3-day 1-day 2-day 3-day
Det 0.13 | 022 012  0.72 073 | 088 127 120 128 0.61 0.60 0.69 | 229.77 205.21 233.25
030 030 030 037 039 039 114 114 114 040 041 0.41 184.19 185.93185.91

XGB +0.01 £0.01 £0.00 +0.00 +0.00 +0.00 £0.00 +0.00 £0.00 +0.00 £0.00, £0.00 +1.58 +1.46 +1.18
RE 0.27 | 0.27 | 0.27 | 048 050 050  1.17 1.17 1.17 | 0.44 | 0.45 0.45 1192.87 194.5 194.66
+0.00 £0.00 £+0.00 £0.00 £0.00 +£0.00 +0.00 £+0.00 £0.00 £0.00 £0.00/ £0.00 £0.53| +£+0.71/+£0.89
LSTM 0.33 041 042 044 041 041  1.12 1.04 1.04 | 0.44 | 0.43 0.42 178.32 155.12/153.57
+0.05 +0.03 £+0.02 £0.06 £0.03 +0.03| +0.04 +0.03 +0.02 +0.02| +0.02| +0.02 +£12.89 £+8.43/ +£6.19
Gav | 033103070347 0437 045 045 112 114 111 [ 043 0.44 044 17648 184.91176.21
+0.01 £0.01 £0.01/ £0.01/£0.01 +0.00 +£0.01 £0.01 +£0.01 +£0.00/ £0.00 £0.00 +252 +£2.60 +2.82
PMzo
Y MAPE nRMSE NMAE MSE

1l-day 2-day 3-day 1-day 2-day 3-day | 1-day 2-day 3-day @ 1l-day 2-day | 3-day 1-day 2-day 3-day
Det 021  0.13 008 054 056 0.63 0.67 | 070 | 0.72 0.46 | 0.48 | 0.51  41.67 45.78| 48.65
055 049 041 047 053 | 057 050 053 | 058 035 0.38 0.40 | 237 26.75|31.25

XGB +0.00/ +0.01 £+0.01 £0.01 £0.01 +0.01 +0.00 +£+0.00 +0.00 +0.00/ +0.00/ +0.00 +0.26 +0.31/+0.28
RF 055 042 037 | 044 048 | 052 051 057 060 035 0.39 | 0.40 @ 24.07 30.63 33.59
+0.00 +0.00 +£+0.00 £0.00 £0.00 +0.00 +0.00 +0.00 +0.00 +£0.00 *0.00/ £+0.00 +0.07 +0.16|/+0.12
LSTM 0.37 039 028 057 052 055 060 059 0.64 043 041 0.44 33.41 32.13| 38.38
+0.04 £+0.04 £0.04 £0.10 £0.04 £0.05 +0.02 £0.02 £0.02 £0.02 £0.01 £0.01 +£1.99 +2.34/+1.88
GAM 053 036 033 043 047 050 052 | 060 | 0.62 0.36 041  0.42 2497 33.72|3541
+0.01 +0.01 +£0.01 +£+0.01 +£0.00 +£0.01 +0.00 +£0.00 +0.00 +£0.00 £0.00, £0.00 +0.37 +£0.43|/+0.34
O3
Y MAPE nRMSE nMAE MSE

l-day 2-day 3-day 1-day 2-day 3-day | 1-day 2-day 3-day 1l-day 2-day | 3-day 1-day 2-day 3-day
Det 038 032 019 048 054 059 031 032 035 024 0.25 | 0.28 210.07 231.27276.85
0.65 058 054 040 044 046 023 025 027 0.18 0.20 | 0.21 | 121.14 143.44157.89

XGB +0.00 +£0.00 +0.00 +0.00 +0.00 +#0.00 +0.00 *#0.00 +0.00 +0.00 +0.00 +0.00 +0.56 +1.55 +1.35
RE 062 052 050 042 048 047 024 027 028 0.19 0.21 | 0.21 129.52 164.16/169.71
+0.00 +0.00 £0.00 +0.00 +0.00 +0.00 +0.00 +0.00 +0.00 +0.00 +0.00 +0.00 +0.41 +0.38 +£0.34
LSTM 062 057 059 039 042 | 040 024 026 025 019 0.20 0.20 | 131.05 146.17 139.51
+0.01 +0.02 +0.01 +0.01 +0.01 +£0.01 +0.00 +0.01| +0.00 +0.00 +0.00 +0.00 *+3.84 *+6.2 +3.09
GAM 056 043 042 042 050 049 0.26 030 030 0.20 0.23 | 0.23 151.39 195.4|196.78

+0.00 +0.00 £0.00 +0.00 +0.00 +0.00 +0.00 +0.00 +£0.00 +0.00 +0.00 +0.00 +£0.69 +0.85 +1.19

Figure 5 presentsstatisticalmean of iday, 2day and 3day forecasts byML and deterministionodels Overall, dl the
performance metrics, includingQIl and Pearson correlatioare consistently impvedby ML modelsfor three pollutants,

NOx, PMio and Q. The difference in performanceetricsachieved bydifferentML models is less than 30%
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All MQI resultsare below 100%indicating thatthe deviation between model results and measurenmestralier than the
estimated uncertaintiedf the measurements. XGBoastemsamore efficientin reducing MQI, from 66% to Z% for PMo.
The LSTM modekhows a reduction of around 108&&H MQI for bothNOx and Q. The Pearson correlation reveals similar

behaviorto the R butrepresents more pronounceegnhancementnimprovement.

Urban Background - NOx Urban Background - PM10 Urban Background - O3
MOQI MQI MQI
0.65 0.7 0.45
RZ 7 R2 nMAE R? B35 nMAE
0.45 / 0.55 5 - 0.25
038
/ {
[/ 0B 3 )
[ i /
| / . ] /
/ / : g
;" Ibdr | 0s7 N\ |
e —— ! !
L 058 =042 0.88) Lﬁig :
0.75 . 2 ] 0.75 0.7 08 = 0.35
Pearson N L nRMSE Pearson nRMSE Pearson S nRMSE
N, 0.58 -~ 042
0.75 0.6 0.55
MAPE MAPE MAPE
***** Det XGBoost RandomForest —— LSTM GAM

Figure 5. Statistical performances for ML models and the deterministic hourly forecasts for the urban site. Mean ofday, 2day
and 3-day forecasts.Note that the ranges are different for different metrics.

Figure6(a) showsan exampldime series ploof the forecastby the GAM and deterministic modetfuring Septembef021.
Similar plots are alsdemonstratedor othermodels inAppendixD According to thefigures the ML modelsshowbetter
performancein capturing the trendand variationof measuredpollutant concentrationscompared to the deterministic
forecasts although theystill have obvious deviationsfrom the realmeasurementNone of the modelsperforns well in
capturing the peaks &Mio, €.9. on 30ti8eptemberfigure 6(b) demonstrates aexampletime serieplot of the difference

between théorecasteatoncentrationsf threepollutants NOx, PMipand Q, predicted byboth deterministic and Mimodels

andthe real observatiomhegraphsillustratethat during some hours all models systematically show large absolute deviations

from the observed mean concentrations. Sometimes the hours witdésigtonsfor NOx coincide with deviations fd?Mig

indicating some specific meteorological situation or common sourcedhaedhis deviation.

15



10

15

NO, - Urban NO, - Urban

(g m™)

& @@ B
s 288
—_—
(ngm™)
] .
L )
: :

T T T T T T T T
Sep 06 Sep 13 Sep 20 Sep 27 Sep 06 Sep 13 Sep 20 Sep27

PM;g - Urban PMyq - Urban

(ngm™)
]
(ngm™)

T T T T
Sep 06 Sep 13 Sep 20 Sep 27

O3 - Urban

(ngm™)
(ngm™)

T T T T
Sep 06 Sep 13 Sep20 Sep27

Obs Det-Obs RF-Obs

(@ (b)

XGB-Obs LSTM-Obs

GAM-Obs

Figure 6. (a) Temporal variations of hourly mean concentrations of NOx, PM1o and Os at the urban background site during
September2021 based onmean of %, 2- and 3-day forecasts forobservations, deterministic forecasts andGAM. (b) Absolute
deviations of forecasted NG, PMio and Os concentrations from observed (Obs) concentrations based on mean ef 2- and 3-day
forecasts forSeptember2021. All data are hourly mean concentrations.

Systematic deviations between the observed mean diurnal variations and the deterministicaieatastn in Appendii.

The deterministic forcasts asgnificantly improved using th€lL models especially foNOx andOs. ForOs the deterministic
forecast systematically overestimates the concentrations which is mainly due to the fact that the chemical desBsittion of
the city centre is not properly accounted for by the regional CAMS modeN®g the concentrations calculated by the
deterministic model are systematically shiftatk hour compared to the observed concentration and this is likely associated
with errors in parameterisation of traffic emissions, which is the most importantesolNO, in Stockholm. ForPMig
concentrations modelled by the deterministic model are too low during the night compared to observations, but thisds correct
using RF and XGB, but not usifigAM.

For the general publjd is important to receive information on futysellution episodes with high concentratiofifie plots
in AppendixE showthat gatistical performancefor all modelsareworsewhen concentratiorarehigher tharwhenthe mean
value is analysedR? is sanewhat higher fo©3, while NOx and PM, decreased significantly, withhe LSTM model having
a relatively higher among all models for N@nd the XGBoosfor PM10. nRMSE showed a similar trend t& R
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Figure 7. Top 10important features (%) of all 1-day forecasting models, XGB, RF and LSTM, for the urban site. All data are hourly
5 mean concentrations.
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4.1.2 Importance of features- urban background

Figure7 presents the top 10 features obtained by the four feature ranking methods i.e., MDI, asbdnpermutation and
SHAP. More detailed plots of feature importan@mkingare shown in Appendik, including the resultsfall models (RF,
XGB and LSTM), for all three pollutants (RM NO, Os) and for all three forecasting per®(l-day, 2day and 3day). It
should be noted that the local deterministic models, both Gaussian and OSPM models, use the same meteorological data
forecast hourly pollutant concentrations. So, when the meteorological variables are important features for the Mit models
indicates that the deterministic models don6t capancer e al
ranking for urban background model, we have the following findings:
1) For NQ: model the factors, including temperature ,ngispeed, calendar data, laggeeh®dir mean concentrations,
and local deterministic forecasts, are among the top 10 important variables, but the deterministic forecast is not the
most important feature for any model. Among the calendar features, hbamst important factor, indicating the
importance of regular, diurnal variations of traffic emissions. Since both XGB and RF are decisibastae
algorithms, the top 10 features selected by the three feature ranking methods are basically the ssvew,fbow
LSTM, different features are extracte&imong all models, only the permutation model raises the importance of the
deterministic forecasts of{@and PMo, which reflect the fact that{production is dependent on the status ofkNO
(Hagenbjork etla, 2017 and compensate for the results of other methods of feature importance.
2) Regarding PMb, the regional deterministic forecast is the most important feature of all models. Among the
meteorological factors, both wind direction and pressure showitigartance for prediction. The seasonal variation
is reflected in the importance of the Julian day. For LSTM, precipitation shows their high imparditzgingthe
dependence of suspension of dust on surface wetness not being captured by the dietérreirastsFor redundant
features such as hour_sin and hour_cos, the permutation method may calculate lower importance values for bott
features due tmulticollinearityalthough they are important in reality.this caseMDI and SHAP can captuteose
features
3) For O, all models result in similar feature importance rankings. The deterministic forecasts are the dominant features
for the models of various forecasting horizons. Also, the lagged maximum concen@&ionax_d24demonstrates
its higherimportance for tredased models. The high importance of relative humidity (RH) reflects the potential fact
that G concentrations may be higher during dry, clear sky conditions, not completely captured by the deterministic

forecasts.
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4.2  Street Canyon sits

421

Comparison between deterministic forecasts and ML modelsstreet canyon sites

For all street sites, the forecasts of NtPe improved by the ML models, which are illustratedetailfor different pollutants
in Figure8 andTable6. The improvements in terms of MQI;suared (R, Pearson correlath, MAPE, nRMSE, nMAE,

5 and MSEshowsimilar patterns for the ML models bdiffer between street sites.

Folkungagatan - NOx

Sveaviigen - NOx

Hornsgatan - NOx

MQI MQI MQI
L1 1.1 1.05
[ . r-
2 nMAE R? - 0?77. nMAE R?
0.55 0.6 0.55 ; N . 065 0.7
[ J0./4 043 N\ 047
|| o ‘ % :
(| 0.1 N
[l \ |
'; 0432 0.35
[[o.58 ___—o43———106 |
0. 0.9 075 “0.85 0.
Pearson nRMSE Pearson . 0.77 L nRMSE Pearson
0.9 11 0.65
MAPE MAPE MAPE
***** Det XGBoost RandomForest —— LSTM GAM

Figure 8. Statistical performances for ML models and the deterministic hourly forecasts of NOfor the street site. Mean of iday,
2-day and 3day forecasts.Note that theranges are different for different metrics.

Figure8 summarises the improvements, in terms of different statistical performaetcies for NO, predictionat all street
10 canyon sites and for different ML models. The error, represented by MRESE, nMAE and MSHs reduced by 30% to
60%, and the Bquared coefficients are increased by 30% to 50%. Similar to Urban Background, the variBgéansoh
correlation is similar to that ofRbutPearsorcorrelation tends to be much larger thafét the same model. Also, relative
uncertainties decrease using the ML models compared to the deterministic forecast.
15 It should be noted that the? Rf some deterministic forecasts is negativelable 6, which implies that the deterministic
forecasts are sometimes worse than simply using the mean of pollutant concentration as the prediotkungagatanthe
GAM model shows a good integration of results from the-lresed model and LSTM, resulting in further improvement on
the prediction performance. MSE of the XGBoost model drops by more than 40% in Sveavéagen. Forecasts for Hornsgatatr
show higher Rard lower relative errors compared to the other streets. In addition, LSTM models exhibit greater variability

20 compared to the tree model due to its training process being more susceptible to random influences.
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Table 6. Comparison of1-, 2-, 3-day deterministic and ML forecasts for NQ for the street canyon sites. All data are based on hourly
mean values.The average performances with their 95% confidence interval were computed on the test set from 10 experimental
repetitions conductedwith different random seeds, andhe best performances are bold.

Folkungagatan FO

Y MAPE nRMSE nMAE MSE
l-day 2-day 3-day  1l-day 2-day 3-day | 1-day 2-day 3-day 1-day 2-day 3-day 1-day 2-day 3-day
Det -0.08 | 0.02  0.09 084 09 096 097 092 089 0.62 0.61 0.60 1337.641209.231125.6¢€

035 034 036 | 043 044 044 075 075 074 | 041 042 041 799.15 813.34|791.93

XGB | 000 +0.01 +0.01 +0.00 +0.00 +0.01 +0.00 +0.00 +0.00 +0.00 +0.00 +0.00 *6.08 +894 +865
o 041 | 040 040 059 063 064 072 072 072 042 | 043 | 043 73381 745.93 74181
+0.00 +0.00 +0.00 +0.00 +0.00 +0.00 +0.00 +0.00 +0.00 +0.00 +0.00 +000 +28 492 +391
Lot | 046 | 0.45 049 | 045 044 | 048 068 069 | 0.67 | 040 040  0.40 | 66336 680.08 63666
+0.02 +0.03 +0.03 +0.02 +0.02 +0.05 +0.01 +002 +0.02 +0.01 +001 +0.01 +19.42 +34.83 +39.38
Gav | 051 049 | 053 | 038 040 040 | 065 0.66 064 037 | 038 | 037 | 60422 633.22] 56536
+0.01 +0.02 +0.02 +0.01 +0.01 +0.01 +001 +001 +0.01 +0.00 +0.01 +0.01 1579 +24.17 +22.99
Sveavagen SV
v MAPE NRMSE NMAE MSE
l-day 2-day 3-day 1-day 2-day 3-day 1-day 2-day 3-day 1-day 2-day 3-day 1-day 2-day 3-day
Det | -0.04 002 003 111 118 1.00 092 089 088 066 065 0.62 162028 1525.521507.6/
op | 049 | 050 | 048 050 | 051 047 064 064 064 | 037 | 037 | 0.36  767.94) 786.33 804.19
+0.01 +0.01 +0.00 +0.01 +0.01 +0.01 +0.00 +0.01 +0.00 +0.00 +0.00 +0.00 %925 +17.12 +7.64
o 046 045 | 043 054 055 054 066 066 068 038 038 033 84722 858.18 8928
+0.00 +0.00 +0.00 +0.00 +0.00 +0.00 +0.00 +0.00 +0.00 +0.00 +0.00 +0.00 *406 +395 +455
ot | 047 | 0.42 | 0.35 063 | 062 056 065 068 072 040 042  0.44 | 8334 89753 10115
+0.03 +0.06 +0.08 +0.09 +0.09 +0.07 +0.02 +0.03 +0.04 +0.01 +0.02 +0.03 +53.22 +93.33+119.21
Gav | 046 | 044 042 | 054 054 | 053 | 066 067 068 | 040 040 040 | 83673 873.7 908.67

+0.02/ £+0.02/ £0.01/ £0.01 £0.01 +0.01 £0.01 +0.01 +0.01 +0.01 +0.01 +0.01 +29.81 +28.96 +23.08
Hornsgatan HO
Y MAPE NnRMSE nMAE MSE
l-day 2-day 3-day  1l-day 2-day 3-day | 1-day 2-day 3-day 1-day 2-day 3-day 1-day 2-day 3-day
Det 029 032 031 059 063 069 077 076 0.77  0.47 0.48 0.48 2431.10 2358.07/2387.0¢
0.63 063 065 042 044 044 056 056 055 0.33  0.33 0.33 1285.99 1273.061210.5¢

XGB +0.00 £0.01 £0.01 +0.01 +0.01 £0.01 +0.00 +0.01 +£0.01 +0.00 +0.00 +0.00 *12.61 *33.59 +30.08
RF 0.63 063 | 066 045 046 046 056 056 054 034 034 0.33 1288.931267.421176.9¢
+0.00 £0.00 +0.00 +£0.00 +0.00 +0.00 +0.00 +0.00 +0.00/ +0.00 +0.00 +0.00 *6.34 +5.13 *5.07
LSTM 055 057 061 | 045 046 038 | 062 060 058  0.36 0.36 0.34 1565.54 1483.741351.91
+0.04 £0.03 £0.02 +0.09 +0.07 £0.03 £0.03 £0.02 +£0.01 +0.02 +£0.01 +0.01 *131.4¢€ +97.31 +61.79
GAM 060 061 064 047 048 049 | 058 057 055 035 0.35 0.35 1376.94 1339.631242.2¢

+0.00 £0.01 £0.00 +0.00 +0.01 £0.01 +£0.00 *0.00 +0.00 +0.00 +0.00 *0.00 *13.02 +20.34 +11.52

Comparison between the statistical performance measures of ML models and deterministic forecastgfoedPddmewhat

diverse results, depending on statistical measure, street site and ML model. MSE decrease slightly in most cases and tt
normalsed RMSE and MAE are lower for most ML models and streets, but not always, while MAPE often increases using
the ML models Table7 andFigure9).
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R?and Pearson of LSTM prediction are 10% to 40% higher for Folkungagatan and Hornsgatan. Howareslictienresults
for Sveavagershow little improvement, and trdmsed model and QW give even worse MAPE than the deterministic
forecastsFor relative uncertainties representsdViQI, there is no systematic improvement using ML models compared to

the deterministic model.

Folkungagatan - PM10 Sveaviigen - PM10 Hornsgatan - PM10
MQI
0.9

! 0.85 ) ~0.75 0.5
Pearson nRMSE Pearson nRMSE Pearson

1.75 1.5
MAPE MAPE
***** Det XGBoost RandomForest — LSTM GAM

Figure 9. Statistical performances ér ML models versus the deterministic hourly forecasts for PMo at the street canyon sites. Mean
of 1-day, 2-day and 3day forecasts.Note that theranges are different for different metrics.
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Table 7. Comparison of %, 2-, 3-day deterministic and ML forecasts for PMo for the street canyon sitesThe average performances
with their 95% confidence interval were computed on the test set from 10 experimental repetitions conducted with differentmdom
seeds, andhe best performancesre bold.

Folkungagatan FO
Y MAPE nRMSE nMAE MSE
1-day 2-day 3-day 1-day 2-day 3-day 1-day 2-day 3-day 1-day 2-day 3-day | 1-day 2-day 3-day
Det 0.12 019 019 1217 122 125 081 0.78 0.78 050 051 050 | 8354 77.07 76.75
028 | 015 0.08 | 123 137 143 0.74 080 083 047 054 056 | 69.17 81.23 88.28

XGB | 001 +001 +0.01 +0.02 +0.02 +0.03 +0.00 +0.01 001 +0.00 +001 +001 +0094 +1.02 +1.21
o 018 | 011 004 | 159 176 179 079 082 | 085 052 055 057 7883 84.98 91.70
+0.01 001 +0.01 +001 +002 +0.03 +00l +0.01 +00l +0.00 +001 +001 +1.07 +1.43 +1.35
Lorwv | 025 | 0.26 | 0.6 | 1.35 | 116 | 131 074 074 079 051 050 052 7155 70.96 80.46
+0.22 +0.08 +0.08 +051 +031 +0.26 +0.09 +0.04 +0.04 +0.1 +0.03 +003 +21.24 +7.22 +8.01
Gy | 006 001 006 130 | 1.40 | 150 084 086 089 | 051 | 053 056 | 90.24 9442 101.27

+0.04 +0.05 £0.04 £0.07 +0.07 0.1 *+0.02 +0.02 £0.02 £0.01 +0.01 +0.01 +4.01 +4.35 £4.28
Sveavagen SV
Y MAPE NnRMSE nMAE MSE
1-day 2-day 3-day 1-day 2-day 3-day 1-day 2-day 3-day 1-day 2-day 3-day | 1-day 2-day 3-day
Det 001 0.08 0.16 104 123 114 0.78 0.75 0.72 053 054  0.51 120.08 111.57102.73
025 012 015 119 133 136 0.68 074 0.73 047 | 052 051 9171 107.34103.44

XGB +0.01 +£0.02 +0.01 £0.01 £0.02 +0.01 +0.00 £+0.01 +0.00 £0.00/ +0.01 +0.00/ £1.10 +1.85/+1.13
RE 021 014  0.15 | 140 | 154 153 070 0.73 0.73 0.48 053  0.52  96.62 105.28/103.95
+0.00/ +0.01 +0.01 +0.01 +£+0.01 £0.01 £0.00 £0.00 +0.00 +£0.00 +0.00 +0.00 +£0.52 *+0.93 +0.69
LSTM 022 021 011 108 124 103 070 0.70 0.74 048 049 0.50 | 95.35  96.84 108.79
+0.06 +0.05 +0.07 £0.11 +0.19 +0.16 £0.03 +0.02 +0.03 £0.01 +0.02 +0.01 +7.25 +6.32 +9.04
GAM 0.15 -0.08 0.02 123 134 141 0.73 082 0.78 051  0.57 0.56 |104.08 131.86 119.97
+0.03/ +0.04 +0.03 +0.03 £+0.05 +£+0.02 £0.01 £0.02 +0.01 £0.01 +0.01| £0.01 | £3.79 £5.05| +3.9
Hornsgatan HO
Y MAPE nRMSE nMAE MSE
1l-day 2-day 3-day | 1l-day 2-day 3-day 1-day | 2-day 3-day 1-day 2-day 3-day 1-day 2-day 3-day
Det -0.00 -0.21 -0.36 1.09 119 139 094 103 1.09 0.67 0.71  0.81 118.50 143.06 160.01
XGB 0.11  -0.27 | -0.09 | 105 | 127 121 089 106 098 0.61 0.712  0.67 105.38 151.11/129.35
+0.05/ +£0.12 +0.05 +0.05 £0.06 £+0.02 £0.03 £0.05 +0.02 £0.02 +0.03 £0.01 £6.19 +13.92+5.95
RE 0.18  0.07 -0.02 106 128 133 085 091 095  0.60 | 0.67 | 0.70 | 97.74109.93/121.18
+0.01 +£0.0 #0.01 +0.01 +0.01 +0.01 +0.00 +0.00 +0.00 +0.00 +£0.00 +0.00 +0.84 +0.49 +1.15
LSTM 0.16 0.06 0.05 0.86 099 0.89 086 091 092 056 | 062 0.59 | 99.32111.77/112.97
+0.06 +0.09 +0.05 £0.16 £0.18 £0.12 +0.03 +£0.04 £0.03 +£0.03 £0.03 +£0.02 +7.14 +10.36 £6.34
GAM 0.15  0.07 | -0.02 | 104 | 124 132 087 091 095 0.60 0.66  0.69 100.36 109.90/120.5C

+0.01 +0.01 £0.02 +0.01 +0.02 +0.01 +£0.01 +0.00 +0.01 +0.00 +£0.00 +0.01 +1.65 +£0.89 +£1.92

Comparisons between the hourly temporal variations in observations and forecastsvafiNGe GAM model in October
2022 are shown iRigure10. Further details for all models are presented in AppeB@di®ne can see that the deterministic
forecast tends to overestimate concentrations gfd@ing daytime especially for Sveavagen, and this is corrected when ML
model is being applied. Correspding plots for PMo are shown in appndix F. In this case, the GAM overestimates

concentrations on Hornsgatan during lleginningof October, but performs well otherwise.
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Figure 10. (a) Temporal variations in hourly mean NCx concentrations at the street canyon site during October 2021 based on mean
of 1-, 2- and 3-day forecasts for observations(black), deterministic forecasts(gray) and GAM(red). (b) Absolute deviations of
forecasted NQ concentrations from observed (Obs) corentrations at the street canyon site based on mean of, P- and 3-day
forecasts for October 2021.

The improvement of the temporal variations of N&d PMy is illustrated by comparing the mean diurnal variations in
observations with deterministic mod®id other models in Append& For all street sites, thdeterministidforecasts of both

NOy and PMo concentrations show systematic deviations from observations, which are corrected by applying the ML models,
especially for NQ. The tendency that the GARModel is not as gooat capturingvariations in PMp at the urban site is also

seen here for the street canyon sites.

As pointed out before it is important to assess statistical performance measures for periods with high concentrations. Simila
to whatis shwonfor the urban site, the statistical performance indexes for all models are much worse for the hourly average
concentrations that are higher than the mean values, and the pattern is also similar for the almost street sites, paodix in Ap

H. However, the performance of ML models for N@aintains the improvement in Hornsgatan, as detaildeéigare 12,

suggesting that the model effectivelgptures the significant variations in high concentration levels.
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Figure 11. Statistical performance measures for forecasted NChourly mean concentrations higher than the mean values at
Hornsgatan, where * represents a negativR? value. Mean of %, 2- and 3-day forecasts.

4.2.2 Importance of features- street canyon sites

For the street canyon sites, the feature importance rankings are differentfoafIMNQ, and also depend on ML models

and street sites. Detailed rankings arespnted in the figures in AppendixThere are, however, some typical features that

tend to be more important. For R§yiJulian day, lagged measurements and deterministic forecasts are, in most cases, among
the top 5 most important features for RF andBX8odels whereas precipitation is an important feature for LSTM models.

For NQ,, deterministic forecasts, hour and weekday are among the most important features, while the features of laggec
measurements seem less useful for the ML models. The importariéeg of calendar features of N®odels indicates the
importance of diurnal and weekday variations of traffic emissions not properly captured by the deterministic forecast. The
importance of Juliaay reflects the seasonal variation of rexhaust em&on PMy, and The importance of precipitation
reflects the impacts of street wetnessthe suspension of road dust. Even though there are variations, it is difficult to

summarise any systematic difference in the features between ML models for thendiffieret sites.
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Figure 12. Top 10 important features (%) for 1-day forecasts using XGB, RF and LSTM at Hornsgatan. All data are hourly mean
concentrations.

4.3 Generalisation of street canyon modelling

Until now, the model performandes beervaluated using training and testing data from three single sites respectively. In
Stockholm as well as in other cities most of the streets do not have any monitoring station. This is of course duesto resourc
congraints but also associated with the fact that the EU Air Quality Directives regulates the number of monitoring sitds require
in a city depending on the level of air pollution and number of inhabitants. The monitoring stations should provideanformati

for both areas where the highest concentrations of air pollutants occur and other areas that are representative okthe expost
of the general populatiofrewerresourcesrerequired if this information can be achieved by accurate enough modelling.

We theefore analyze the generalizatioapacities of the modelwith the expectation that we can achieve certain prediction

performance®f one site without having any measurement data. Computational experiments were carried out through cross
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validation, whichcombines training and testing data coming from different measurement sites. For the street canyon sites, four

combinations of training datasets were applied to evaluate the generalization abilities of different ML models.
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Figure 13. Statistical performances of NQ and PMio forecasts for the streets on test set when the ML models are trained using only
data from the other streets. Mean of dday, 2-day, and 3day forecasts.

Figure 13 shows the mean of-day, 2day, and 3ay forecasted NOand PM, concentrations on the test set for the three

street canyon sites based on training the models on the other streets. Ith&tdiws forecast is improved compared to the

26



10

15

20

25

30

deterministic forecast for Hornsgatan and Sveavégen, but not so much for Folkungagatan. For Sveavéiged. tdeuRing
the deterministic forecast whereas the ML models gi#éé®ween 0.62 and 0.63 and hatkerrors decrease substantially
using the ML models. But for Folkungagatan the ML models show different restiisssinilar or even decreases for tree
based models, whereas errors mostly decrease depending on the ML applied.

The performance of PMis shown in the right part oFigure13. It can be seen that it is not possible to find argjor
improvement in the deterministic forecast for threets using RF and XGB. But with LSTM Ricreases slightly and errors

decrease for Hornsgatan and Sveavagen compared to the deterministic forecasts.

5 Discussion

The performance of the ML modeé¢juite similar for the different sites and forecast dalgsvever there are large differences

in improvements for different pollutants. In general, our results indicate that ML models are more effective in imprqeving NO
than PMo. For PMo the ML models show slight improvement irf But not much improvements irelative errors. This
difference in improvement is likely associated with the different processes controlling the concentrations, such as different
sources: N@concentrations being mainly due to vehicle exhaust emissions sliwetregular variations fm one day to the

next depending on day of the week and time of day, whilegPdmainly due to road dust emissions controlled by a
combination of variations in vehicle volumes and meteorological conditions that affect suspension of coarse particles from
street surfaces (e g Denby et al., 2013a; Johansson et al., 2007; Krecl et al., 2021). Roadmusitesn the road surfaces

during wet road surface conditions aaduspended byehicleinducedurbulence during dry conditions (Denby et al., 2013a).

The improvement of the forecasts of N@ith ML is partly driven by the calendar, hour, day of the week and to some degree
also Julian day, but different features appear as important for RF compared to XGB..FthrePddasonal variation described

by Jdian Dayis the most important feature at the street canyon sites, for both RF and XGB. This indicates that the deterministic
forecastsare not capable of describinthe impacts of meteorology and road dust emissions ongPBlen though
parameterisationsf these processes are included in the deterministic modelling system. The total mass generated by road wea
is a key factor for Pivh emissions and these emissions are strongly controlled by surface moisture conditions, and this is taken
into account by ta NORTRIP model. But as pointed out by Denby et al (2013b) there are periods where surface wetness is
not well modelled and it is not known if this is the result of input data, e.g. precipitation, or of the model formgleifion it

It is clear that the eterministic forecast of £underestimates concentrations at the urban site due to the fact that the local
emissions of NQinfluencing the photochemistgrenot properly considered by the CAMS model, but this is corrected using

the ML models. Despite thaeterministic forecass the most important feature for both RF and X@&gjged measured mean

and maximum @concentrations improve the deterministic forecasts.

Althoughthe fact that the configurations and traffic situations are quite similar forrthet sanyon sites, the improvements

of the deterministic forecasts over ML modédlffer. For NQ, the forecasts on Hornsgatan are more accurate (lower errors

and higher R than for the other two sites, while for Rihere is no obvious difference betwethe sites.
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The overall model quality according to the recommendations by the Forum for Air Quality Modeling in the context of the air
quality directives, is improved using the ML models resulting in uncertainties that are significantly smaller than the
measurement uncertainties for all pollutahtswever the forecasts of the highest concentrations including episodes with high
concentrationsarenot systematically improved for all pollutants and all performance measures using the ML models.

We have sbwn that the statistical performances of the deterministic forecasts for concentrafidsaifthe street canyon

sites can be improved using the ML modelewever for PMio, LSTM showed systematic improvements at all sites. So again
this accentuates ¢himportance of testing the models not only for one pollutant. Further work is needed to improve
deterministic forecasts d¥Mio based on the training of ML models at a few monitoring stations. As discussed above the
situation in Stockholm is different fro cities in central and southern Europe since the road dust contribution is very large. It

might be that results f&®Mjo aredifferent in other cities, but we have not found any publication on this matter.

5.1  Comparison of different ML models

Several studie have compared performance of different machine leaingpsedicting air quality (Zaini et al., 2021).
Assessing forecasts of Rivand PM s concentrations, Czernecki et al. (2021) found that XGB performed the best, followed
by RF and an artificial neat network model, while stepwise regression performed the worst in four Polish agglomerations.
Likewise, Joharestani et al. (2019) found XGB&sformbest of three ML models (XGB, R&nd a deep learning algorithm),

in predicting PMin Tehran (Iran). On the contrary, LSTM was shown to outperform XGBoost for forecasting hourly PM
concentrations (Qadeer et al., 2020), similar to what was shown by Chuluunsaikhg@@1). Cai et al. (2009) obtained

more accurate predictions of Gf@ncentrations using artificial neural network modelling compared to using multiple linear
regression and the deterministic California line source dispersion model. On the otheshabah et al. (2015) concluded

that atreebasedalgorithm (M5P) outpdormed artificial neural network modelling when comparing forecasts of different
pollutants in Qatar. Ther@emany reasons for the different results presented in the literature, including model formulation
and setup, different types of input data, déferatmospheric conditions and source contributions governing the concentrations.
Also, different performanceetricshavebeen used. This makes it hard to draw general conclusions regarding which model
to use. However, we find that other factors may beemmportant to consider thahe type of modeli such as sources of
pollutants and influence of photochemistlaracteristicef the site resulting in different features being of varying importance
depending on pollutant type of location. In this cohtaxtput of feature importance metlsarhn provide usefuhformation

to improve models.

Another more practical aspect to consider when comparing the ML models is the complexity and computer resources require
for training the models. In AQ literature,efelearning models such as standard LSTM and other Recurrent Neural Networks
(RNNs) have been explored for their prediction capacities. However, most of the studies have adopted complex neural networ
structures, such as models of multiple outputs thahlynajive convenience for data processing and automated feature
handling. Nevertheless, training even a simple LSTM model is computationally much more expensive than the two

conventional ML models, i.e. the decision tieesed models (RF and XGB) in our eal fact, we have to resort to thigh-
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performancanachine, The Swedish Berzelius Higarformance Computer, to reduce the computational time. For the current

practice in our real air quality prediction system, we implemented the twbassal modelsnstead of LSTM. But we are

also exploring weldesigned deep learning models, which may replace the conventional models being adopted in the AQ

system inthe near future, especially due to the insights to deploy a generic model and handle all the ghpdetiasses

automatically.

5.2 Temporal dependency of feature importance

The exploration of feature importance is one contribution of the papanédysingdifferent ML models. Ircomparisorto

MDI and Permutation methods, SHAP provides a more comprehamiveach t@analysingfeature importance. The model
can compute the important value of each feature for all data samples beatatstethe feature importance value for each
individual sample. This gives us a useful tool to analyse the temporal depgidéesature importance.

Figurel4illustrates the feature importance analysis using SHAP method for XGBoost afiddeédy NOXx prediction. The

left graph illustrates the feature importance ranking derived from test dataset, employing red dots to denote samples with
higher numerical values of feature and blue dots to represent lower numerical values. Also, théhedtsftioside of the x

axis, i.e., SHAP value < 0, reflect a negative impact for predictions, whilegigdtdots suggest a positive impaggure

14(a) revealed a distinct relationship between the fedtoue cosand the NQ predictions. Higher values diour_cos
representing nighttime, exhibit a negative impact on the forecasts. Conversely, lowso¥ale cosshowa positive
correlation wih the forecasts. Additionally, the wider distribution of this feature indicates its significant influence on the
prediction process, suggesting that the model may capture the diurnal pattern of traffic eniisBignse 14(b), a more
pronounced diurnal pattern emerges. Here, SHAP values of fémturare positivefrom 7:00a.m.to 17:00p.m,

contrasting with the negative values observed at night. Meanwhile, thedngimtration of NOXx forecastsox_2d from 2-

day deterministic model (red dots) shawevident increase during the heavy traffic period, spanning from 8:00 am to 1:00
am. Thisobservation reinforces the substangitiectof traffic emissions on NOx levels.

Figurel5displays a heatmap of SHAP values, illustrating the teaip@riation of feature importance when they are used

by a model to forecast. The deterministic forecast 3dplays an important role in prediction iexecutegositive

influence (red block) for NQpredictions with higher numeric value and vice veMaanwhile, the weekend, e.g., the 2nd,

9th, 16th, and 23rd of October, exhibit negative impacts (blue block), while the weekday factor provides positive support on
model forecasts. The impact of the-Bdur lagged values of the NOxox_lag24 s alsoevident For example, the SHAP
value at the peak on Oct 19thsa negative impact. Whereas, the SHAP value of the next day shows a positive impact,

which explains the delay between the predicted peak and real observation.
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6 Conclusions

This paper has applied different ML models to improve 2t and 3day deterministic forecasts of NOPMio and Q
concentrations for multiple locations in Stockholm, Sweden. It is shown that the degree of improvement over deterministic
forecastsdependsnore on pollutant and monitoring site than on what ML algorithm is applied. Also, four feature importance
methods, namely MDI, Permutation, Gradi®assed, and SHAP, are utilized to identify significant features that are common
and robust acr@asmodels. Notably, deterministic forecasts ofy@esignificantlyimproved across all sites, using all models.

R?is increased by up to 80% and prediction errors are reduced by up to 60%.Gord?isble results are achieveeflecting

the more comjtated processes controlling the road wear emissions which constitute a large fraction. d&fd?\d; at the

urban background sitéhe deviation between deterministically modelled absolute level is corrected by the ML models, and
NRMSE and nMAEare reduced by on average around 20%.

We have shown that it is possible to improve deterministic forecasts,adté®eet canyon sites, based on training ML models

at other sitesWhen tested for PM, only LSTM shows modest improvements compared eéaliterministic forecasts.

One contribution of our study is that we compare forecasts based on several pollutants and base our forecasts on a combinati
of deterministic models, which are based on the underlying physicochemical mechanisms responkélenftgsions and
dispersion of the pollutants, and three different ML models with additional variables such as measurement data, calendar dat
and meteorological datdhe models are evaluated at different sites and for different pollutants during senrihls with

different meteorological conditions. In addition, by comparing the four feature importance methods, the robust features for
associated models are identified, establishing the foundation for model performance analysis and improvement.

There aredifferent aspects that weould like tofurther improve and extend the models. Investigating the impact of the
COVID-19 pandemic on our model's performanceé&aningful especially considering that our dataset predominantly covers

this specific time pedd during the pandemic. Moreover, we will further explore to transfer the learning approach to more
general mode|saddressing the challergy@osed by the scarcity of monitoring stations in many aga$to represent spatial

correlation of the measuremtestations
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Appendix A. Description of measuremenimethodsand sites.

All measurement methods are approved for monitoring according to the EU air quality direchi® f@s andPMio. PM1g
was measureeither using an optical particle counteH¢rnsgata: OPC, Grimm EDM 18&MC) or Tapered Element
Oscillating Microbalance (Sveavéagen, Folkungagatan and Urban: TEOM model, 1400AB, Rupprecht & Patashv®y Co)
was measured using cheamiinescene (AC32M, Environnement S.A.) an@z; was measured by UV absdtign (O342M,

Environnement S.A.).

Table Al. Description of monitoring sites.

Site name Description Traffic volume Photo
Hornsgatan Street canyon site. Measurements of| 23 000 veh/day (4%
NOx andPM;o on north side of street| heavy duty vehicles).

3 m above ground. Street width 24 m Vehicle composition

and building height 24 m. measured during 4 week
campaigns using
automatic number plate
recognition.

Sveavéagen Street canyon sitdleasurements of | 21 000 veh/day (7%

NOx, PM1p on west side of street, 3 j heavy duty vehicles).
above ground. Street width 33 m and
building height 24 m.
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Folkungagatan | Street canyon site. Measurements 12 000 veh/day (18%
NOx, PM1o on west side of street, 3 j heavy duty vehicles).
above groundStreet width 24 m and
building height 24 m.

Torkel Urban background. Measurements o] Ca 13 000 vehicles on
Knutssongatan | NOy, PMio, 0zone and meteorology | Hornsgatan road 250 m N
on top of a 20 m high building. of site.
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Appendix B. Interpolation
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Figure B1. (a) The missing value of Q in the UB datasef where blue represents missing data and white represents not missirgl)
Interpolation results based on historical averages for ®in the UB dataset. The yellow arrows indicate the interpolation results for
5 missing values of Qwithin the yellow circle.
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Appendix C. Hyperparameter tuning
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Figure CL1. lllustration of the results of hyperparameter tuning for the XGBoost modelof NOx on Folkungagatan

5 Table C1. The result of hyperparameter tuning for all models and all sites.

Station Pollutants Models Range of Hyperparameters Best parameters

FO NOx XGBoost 'n_estimators": [20,30,40,50,60,75,100,125,150], 'n_estimators'": 60,
'learning_rate'f0.005,0.01,0.03,0.05,0.07,0.09,0.1, 0.2, 0.3] 'max_depth": 6,
"max_depth™: [1, 2, 3,4, 5, 6, 7, 8, 9, 10], 'min_child_weight": D,
"subsample™: [0.1, 0.2, 0.3, 0.4, 0.5, 0.6, 0.7, 0.8, 0.9], ‘colsample_bytree': 0.8,
"colsample_bytree": [0.1, 0.2, 0.3, 0.4, 0.5, 0.6, 0.7, 0.8, 0.9], 'learning_rate": 0.03,
"min_child_weight": [1, 2, 3, 4, %, 7, 8, 9, 10]. 'subsample’: 0.4.

FO NOx RandomForest 'n_estimators": [50,100,150,200,250,300,325,350,375,400], ‘max_features": 'sqrt’,
'max_features': [Nonésqrt', 'log21, 'n_estimators': 250,
'max_depth': [None,1,2,3,4,5,6,7,8,9,10], 'max_depth": 7,
'min_samples_split" [1,2,3,4,5,6,7,8,9,10], 'min_samples_split": 10,
'min_samples_leaf" [1,2,3,4,5,6,7,8,9,10]. 'min_samples_leafd

FO NOx LSTM 'batch_size": [24,48,72,96,120,144,168], 'batch_size': 168,
'n_steps_in": [12,24,36,48,60], 'n_steps_in": 48,
‘hidden_size": [32,64,96,128,160], ‘hidden_size": 160,
'learning_rate": [12,5e2,1e3,5e3,1e4]. 'learning_rate": 0.001.

FO PMao XGBoost 'n_estimators": [20,30,40,50,60,75,100,125,150], ‘learning_rate": 0.06,
'learning_rate": [0.005,0.01,0.03,0.05,0.07,0.09,0.1, 0.2, 0.3] 'n_estimators": 300,
"max_depth™ [1, 2, 3, 4,5, 6, 7, 8,9, 10], 'max_depth": 2,
"subsample™: [0.1, 0.2, 0.3, 0.4, 0.5, 0.6, 0.7, 0.8, 0.9], 'subsample: 0.5,
"colsample_bytree'[0.1, 0.2, 0.3, 0.4, 0.5, 0.6, 0.7, 0.8, 0.9], ‘colsample_bytree': 0.3,
"min_child_weight": [1, 2, 3, 4, 5, 6, 7, 8, 9, 10]. 'min_child_weight'": 9.

FO PMao RandomForesi 'n_estimators': [50,100,150,200,300,400,425,450,475,500,550], 'max_features': None,

'max_features': [None, 'sqrt', 'log21,
'max_depth": [None,1,2,3,4,5,6,7,8,9,10],
'min_samples_split" [1,2,3,4,5,6,7,8,9,10],
'min_samples_leaf": [1,2,3,4,5,6,7,8,9,10].

'n_estimators'; 475,
'max_depth": None,
'min_samples_split": 1,
'min_samples_leaf" 1.
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Station Pollutants Models Range of Hyperparameters Best parameters
FO PMaio LSTM 'batch_size": [24,48,72,96,120,144,168], 'batch_size": 168,
'n_steps_in": [12,24,36,48,60], 'n_steps_in": 60,
'hidden_size": [32,64,96,128,160], ‘hidden_size": 128,
'learning_rate'fle-2,5e2,1e3,5e3,1e4]. 'learning_rate": 0.001.
HO NOx XGBoost 'n_estimators": [20,30,40,50,60,75,100,125,150], 'learning_rate": 0.095,
'learning_rate": [0.08,0.085,0.09,0.095,0.1, 0.2, 0.3, 0.4, 0.5], 'n_estimators'40,
"max_depth"{1, 2, 3, 4,5, 6, 7, 8, 9, 10], 'max_depth": 6,
"subsample™: [0.1, 0.2, 0.3, 0.4, 0.5, 0.6, 0.7, 0.8, 0.9], 'subsample: 0.8,
"colsample_bytree": [0.1, 0.2, 0.3, 0.4, 0.5, 0.6, 0.7, 0.8, 0.9], ‘colsample_bytree": 0.7,
"min_child_weight": [1, 2, 3, 4,5, 6, 7, 8, 9, 10]. 'min_child_weight": 6.
HO NOx RandomForest 'n_estimators": [50,100,150,200,250,300,325,350,375,400], 'max_features": None,
'max_features': [None, 'sqrt', 'log21, 'n_estimators': 375,
'max_depth": [None,1,2,3,4,5,6,7,8,9,10], 'max_depth": None,
'min_samples_split: [1,2,3,4,5,6,7,8,9,10], 'min_samples_split" 1,
'min_samples_leaf" [1,2,3,4,5,6,7,8,9,10]. 'min_samples_leaf" 2.
HO NOx LSTM 'batch_size": [24,48,72,96,120,144,168], ‘batch_size'": 168,
'n_steps_in": [12,24,36,48,60], 'n_steps_in": 60,
'hidden_size": [32,64,96,128,160], ‘hidden_size": 160,
'learning_rate": [12,5e2,1e3,5e3,1e4]. 'learning_rate":0.005.
HO PMao XGBoost 'n_estimators": [20,30,40,50,60,75,100,125,150], 'learning_rate": 0.085,
'learning_rate": [0.08,0.085,0.09,0.095,0.1, 0.2, 0.3, 0.4, 0.5], 'n_estimators': 30,
"max_depth": [1, 2, 3, 4,5, 6, 7, 8, 9, 10], 'max_depth": 4,
"subsample": [0.1, 0.2, 0.3, 0.4, 0.5, 0.6, 0.7, 0.8, 0.9], 'subsample’: 0.6,
"colsample_bytree": [0.1, 0.2, 0.3, 0.4, 0.5, 0.6, 0.7, 0.8, 0.9], ‘colsample_bytree": 0.8,
"min_child_weigh': [1, 2, 3, 4,5, 6, 7, 8, 9, 10]. 'min_child_weight": 1.
HO PMao RandomForest 'n_estimators": [50,100,150,200,300,400,425,450,475,500,550], ‘max_features": 'sqrt’,
'max_features": [None, 'sqrt’, 'l0g21, 'n_estimators': 450,
'max_depth'": [None,1,2,3,4,5,6,7,8,9,10], 'max_depth": None,
'min_samples_split" [1,2,3,4,5,6,7,8,9,10], 'min_samples_split4,
'min_samples_leaf": [1,2,3,4,5,6,7,8,9,10]. 'min_samples_leaf" 1.
HO PMio LSTM 'batch_size": [24,48,72,96,120,144,168], 'batch_size'168
'n_steps_in": [12,24,36,48,60], 'n_steps_in": 60,
‘hidden_size": [32,64,96,128,160], ‘hidden_size": 32,
'learning_rate": [12,5e2,1e3,5e3,1e4]. 'learning_rate': 0.001.
SV NOx XGBoost 'n_estimators": [20,30,40,50,60,75,100,125,150], 'learning_rate": 0.09,
'learning_rate": [0.001,0.005,0.01,0.03,0.05,0.07,0.09,0.1, 0.2, 0.3, 'n_estimators': 60,
0.5], 'max_depth'": 6,
"max_depth™ [1, 2, 3, 4,5, 6, 7, 8,9, 10], 'subsample”: 0.8,
"subsample™: [0.1, 0.2, 0.3, 0.4, 0(®6, 0.7, 0.8, 0.9], ‘colsample_bytree': 0.6,
"colsample_bytree": [0.1, 0.2, 0.3, 0.4, 0.5, 0.6, 0.7, 0.8, 0.9], 'min_chid_weight'": 10.
"min_child_weight": [1, 2, 3, 4,5, 6, 7, 8, 9, 10].
SV NOx RandomForest 'n_estimators": [50,100,150,200,250,300,325,350,375,400], 'max_features": log2’,
'max_features": [None, 'sqgrt’, 'log21, 'n_estimators'": 375,
‘max_depth": [None,1,2,3,4,5,6,7,8,9,10], 'max_depth": None,
'min_samples_split [1,2,3,4,5,6,7,8,9,10], 'min_samples_split": 8,
'min_samples_leaf[1,2,3,4,5,6,7,8,9,10]. 'min_samples_leaf": 5
SV NOx LSTM 'batch_size": [24,48,72,96,120,144,168], 'batch_size': 168,

'n_steps_in": [12,24,36,48,60],
'hidden_size'[32,64,96,128,160],
'learning_rate": [12,5e2,1e3,5e3,1e4].

'n_steps_in" 12,
‘hidden_size'": 64,
'learning_rate":0.001.
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Station Pollutants Models Range of Hyperparameters Best parameters
SV PMao XGBoost 'n_estimators": [30,40,50,100,150,200,250,300,350,400,450,500],  'learning_rate": 0.02,
'learning_rate": 'n_estimators': 50,
[0.001,0.005,0.01,0.02,0.03,0.04,0.05,0.06,0.07,0.08,0.09,0.1, 0.2, 'max_depth": 3,
0.4], 'subsample’: 0.2,
"max_depth"™: [1, 2, 3, 4,5, 6, 7, 8,9, 10], ‘colsample_bytree': 0.9,
"subsample™: [0.1, 0.2, 0.3, 0.4, 0.5, 0.6, 0.7, 0.8, 0.9], 'min_child_weight": 1
"colsample_bytree": [0.1, 0.2, 0.3, 0.4, 0.5, 0.6, 0.7, 0.8, 0.9],
"min_child_weight": [1, 2, 3,4, 5, 6, 7, 8, 9, 10].
SV PMao RandomForesi 'n_estimators[50,100,150,200,300,400,425,450,475,500,550], 'max_features': 'log2’,
'max_features': [None, 'sqrt', 'log21, 'n_estimators 500,
'max_depth": [None,1,2,3,4,5,6,7,8,9,10], 'max_depth": 8,
'min_samples_split" [1,2,3,4,5,6,7,8,9,10], 'min_samples_split": 3,
'min_samples_leaf" [1,2,3,4,5,6,7,8,9,10]. 'min_samples_leaf": 1
SV PMio LSTM 'batch_size": [24,48,72,96,120,144,168], ‘batch_size'168,
'n_steps_in": [12,24,36,48,60], 'n_steps_in": 48,
'hidden_size'": [32,64,96,128,160], ‘hidden_size'": 96,
'learning_rate": [12,5e2,1e3,5e3,1e4]. 'learning_rate":0.01.
uB NOx XGBoost 'n_estimators": [20,30,40,50,60,75,100,125,150], 'learning_rate": 0.02,
'learning_rate": [0.001,0.005,0.01,0.02,0.03,0.04,0.05,0.07,0.09,0.1, 'n_estimators'": 150,
0.3, 0.4], 'max_depth": 6,
"max_depth™ [1, 2, 3, 4,5, 6, 7, 8,9)], 'subsamie”: 0.8,
"subsample™: [0.1, 0.2, 0.3, 0.4, 0.5, 0.6, 0.7, 0.8, 0.9], ‘colsample_bytree": 0.6,
"colsample_bytree": [0.1, 0.2, 0.3, 0.4, 0.5, 0.6, 0.7, 0.8, 0.9], 'min_child_weight": 3.
"min_child_weight": [1, 2, 3, 4,5, 6, 7, 8, 9, 10].
uUB NOx RandomForesi 'n_estimators': [50,100,150,200,225,250,275,300,325,350,375,400], 'max_features': 'sqrt’,
'max_features': [None, 'sqrt', 'log21, 'n_estimators': 275,
'max_depth": [None,1,2,3,4,5,6,7,8,9,10], 'max_depth": 10,
'min_samples_split[1,2,3,4,5,6,7,8,9,10], 'min_samples_split": 1,
'min_samples_leaf" [1,2,3,4,5,6,7,8,9,10]. 'min_samples_leaf" 7.
UB NOx LSTM ‘batch_size": [24,48,72,96,120,144,168], ‘batch_size": 168,
'n_steps_in'f12,24,36,48,60], 'n_steps_in": 60,
'hidden_size": [32,64,96,128,160], ‘hidden_size": 160,
'learning_rate": [12,5e2,1e3,5e3,1e4]. 'learning_rate": O@L.
uB PMao XGBoost 'n_estimators": [50,75,100,200,300,400,500,600], 'learning_rate": 0.04,
'learning rate": [0.01,0.03,0.04,0.05,0.06,0.07,0.09,0.1, 0.2, 0.3, 0.4], 'n_estimators'": 600,
"max_depth™: [1, 2, 3, 4,5, 6, 7, 8, 9, 10], 'max_depth": 6,
"subsample™: [0.1, 0.2, 0.3, 0.4, 0.5, 0.6, 0.7, 0.8, 0.9], 'subsample”: 0.4,
"colsample_bytree": [0.1, 0.2, 0.3, 0.4, 0.5, 0.6, 0.7, 0.8, 0.9], ‘colsample_bytree': 0.8,
"min_child_weight? [1, 2, 3, 4,5, 6, 7, 8, 9, 10]. 'min_child_weight": 1.
uB PMao RandomForest 'n_estimators": [50,100,150,200,250,300,325,350,375,400], 'max_features': None,
‘'max_features": [None, 'sqgrt’, 'log21, 'n_estimators': 250,
‘max_depth": [None,1,2,3,4,5,6,7,8,9,10], 'max_depth": None,
'min_samples_split [1,2,3,4,5,6,7,8,9,10], 'min_samples_split": 6,
'min_samples_leaf" [1,2,3,4,5,6,7,8,9,10]. 'min_samples_leaf" 5.
uB PMio LSTM 'batch_size": [24,48,72,96,120,144,168], ‘batch_size": 168,
'n_steps_in": [12,24,36,48,60], 'n_steps_in": 24,
‘hidden_size": [32,64,96,128,160], ‘hidden_size'": 96,
'learning_rate": [12,5e2,1e3,5e3,1e4]. 'learning_rate': 0.001.
UB O3 XGBoost 'n_estimators": [50,100,150,200,250,275,300,325,350,400], ‘learning_rate": 0.04,

'learning_rate": [0.02,0.03,0.04,0.05,0.06,0.08, 0.2, 0.3, 0.4],
"max_depth™ [1, 2, 3, 4,5, 6,7,8,9, 10],

"subsample™: [0.1, 0.2, 0.3, 0.4, 0.5, 0.6, 0.3, 0.9],
"colsample_bytree": [0.1, 0.2, 0.3, 0.4, 0.5, 0.6, 0.7, 0.8, 0.9],
"min_child_weight": [1, 2, 3, 4,5, 6, 7, 8, 9, 10].

'n_estimators": 300,
'max_depth": 4,
'subsample”: 0.7,
'colsample_bytree": 0.7,
'min_child_weight 10.
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Station Pollutants Models Range of Hyperparameters Best parameters

uB O3 RandomForesi 'n_estimators': [50,100,200,300,350,375,400,425,450,500,550,600], 'max_features': None,
'max_features': [None, 'sqrt', 'log27, 'n_estimators": 400,
'max_depth": [None,1,2,3,4,5,6,7,8,9,10], 'max_depth": None,
'min_samples_split" [1,2,3,4,5,6,7,8,9,10], 'min_samples_split": 1,
'min_samples_leaf]1,2,3,4,5,6,7,8,9,10]. 'min_samples_leaf" 7.

uB O3 LSTM 'batch_size'": [24,48,72,96,120,144,168], ‘batch_size': 168,
'n_steps_in": [12,24,36,48,60], 'n_steps_in": 24,
'hidden_size": [32,64,96,128,160], ‘hidden_size": 128,
'learning_rate": [12,5e2,1e3,5e3,1e4]. 'learning_rate": 0.0001.
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Appendix D. Temporal variations in hourly mean NOx, PM1o, and Os concentrations at the urban backgrour
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FigureD1. Temporal variations of deterministic and ML forecasted NOx, PM10 and O3 concentrations together with

corresponding measured concentrations at the urban background site for September 2021. /2aanof 3day forecasts.
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Appendix E. Statistical performance measures for forecasts higher than the hourly mean concentrationsthe urban
site.
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FigureE1l. Statistical performance measures for concentrations af RW10 and CB higher than the hourly mean value at

5 the urban sitewhere * represents a negative ¥alue Mean of %, 2- and 3day forecasts.
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Appendix F Importance of featuresi
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5 FigureFl. Top 10 important features (%)r NOx forecasts using XGBRF and LSTM at the urban site.
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Urban Background - PM10 - 1d
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FigureF2. Top 10 important features (%9r PMo forecasts using XGB, RF and LSTM at the urban site.
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Urban Background - O3 - 1d
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FigureF3. Top 10 impotant features (%fpr Os forecasts using XGB, RF and LSTM at the urban site.
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Appendix G. Temporal variations in hourly mean NO,, PM1oand Os concentrations at the street canyon sites
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FigureG1. Temporal variations of hourly deterministic and Kéicecasted NQconcentrations together with corresponding

measured concentrations at street canyon sites for October 2021. Mea? ahtl 3day forecasts.
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FigureG2. Temporal variations of hourly deterministic and ML forecastedofebhcentrations mether with corresponding

measured concentrations at the street canyon sites for October 2021. Medh afid 3day forecasts.
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