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Abstract:

Vehicles and traffic congestidravebeen known as the main reasdmsair pollution in urban areaand
Cellular Automata (CA) holds a great promise for predicting this hazard. Urban air pollution is a complex
phenomenomand many factors involve in itdsfribution and diffusion. In this papdhe traffic map was

used as the source of the air pollutafilso, the prediction of urban pollution has been done using
different data sources such as green space, buildiigd,direction and speed.he coefficent of these
factors got estimated with Genetic Algorithm, and a comparison between diffieoelets of the model

got done. Withconsidering the effect dhese factors an accuracy of 8% was obtained.

Keywords: Cellular Automata,Air Pollution, Geographic Information Science (GlShpatial Big Open

Data

1. Introduction

Urban pollution has always been considesied great health hazarespecially inmetropolitan aremsand

big cities; it contributes significantly to air pollution problems on local, regional, and national scales
ofthemaincausso f t hi s h az a extdausemissiongWesterbolm and Egéiok 1994, Kean
et al. 2000, Hoekman 1992, Gao et al. 2020¢h aslead, particulate mattefPM,s (PM with an

aerodynamic diametdess than2 . 5 apd®PM,, with concentrations of particles less than 10 pm in
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diamete}, carbon monoxidéCO), sulfur dioxide(SQ,), nitrogen oxidegNO,), hydrocarbonsozone and
toxic substancefChin 1996) Exposure to Particle Matters (PM) increase the chancardiavascular
diseases (CVD9Makri and Stilianakis 2008, Burroughs Pefia and Rollins 28&d)nfant mortalityand
reduce theife expectancyFotouehchi 2016)It also havea majorimpacton asthma, chronic obstructive
pulmonary diseaseandlung cancel(Guo et al. 2016, Kurt, Zhang and Pinkerton 20416 affect lung
developmenin children(Gauderman et al. 20Q4)

The dffusion phenomenon is a complex process with dynamic chainggsatidgemporalaspectqAi et

al. 2016) Many approaches can be used to predict air polldtisinibution For instanceZeinalnezhad et
al. (Zeinalnezhad et al. 202@mployed Autoregessive Integrated Moving Averageogistic Regression
technigues, and Adaptive NedFaizzy Inference Systenor Leong et al(Leong, Kelani and Ahmad
2020) used a Support Vector Machirf@VM) for predicting the Air Pollution Index (ARIwhile a
spatiotemporal convolutional long shéerm neural networkjot used to predict the pollution by Wen et
al. (Wen et al. 2019)

Besidesthese methodsCellular Automata(CA) can be appliedo various problem typeslue to its
dynamicbehaviorand spatial variabilityGuariso and Maniezzo 1992, Hamoudzadeh and Behzadi,2021)
asit hasbeen used in architectu¢elerr and Ford 2016¥orest fire growth(Vahidnia et al. 2013)urban
planning and spatial growtfMaithani 2010, llitanen 2012jluid simulation(Heintz et al. 2017)traffic
simulation(Behzadi and Alesheikh 2014nd air pdlution prediction CA (Neumann and Burks 1968)

a discrete modethat gets used for modelng and simulating physical systemsphenomena, and
spatiotemporal patterrf®eutsch 2013, Cosentindescio and Amato 2013)

CA has 4 characteristics thaake it distinct from AgerBased Models (ABM)firstly, it is consistedf

a grid of cells while in the ABMs the number of agentariesthroughout the progransecondly, it has a
unique gridbased neigborhoodthat is constant during the process, while a g e meightsorscan
changdn the ABMs Thirdly, some rules chamghe @Il status and finally, in the CAthe rules are based
on the neighborhoods, while in ABMthe rules are based t¢ime interaction of the agents even if they are
away.

This method has been used to forecast and model the distributionpafilatron and monitor the Air

Quality Index (AQI) Benjavanich et alused arapproacho forecast theollutantsaround an urban area,
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given recent historic sensor streams ugiejular automaa which parameters are learned and adapted
online by arevolutionary algorithmWith a similar approachHuynh et al(Huynh et al. 20203imulated
and analyzed the atmospheric quality using cellular automata with rules of gravity, diffusion, and wind.
Xiao-ping (Xiao-ping et al. 2013)et al. used a conventional diffusion algorithrased on Cellular
Automata (CA),that considers water flowvanfeng et al.(Yanfeng et & 2020) studied Particulate
Matter (PM) emission of some typical cellular automsflocity-DependenRandomization(VDR)
model| and TT model with slowo-start rules under periodic condition and open boundary conglition

a similar research, Salcidmd CarreotSierra(Salcido and CarreéS8ierra 2017used aFukukIshibashi
and NagelSchreckenberg Traffic Cellulakutomatato estimatethe spacdime distribution of the air
pollutant emission rates

Meteorological elemesatsuch as windire another important factor that impaag pollution, which
affects the direction of the pollution distributio.he wind has two different components: speed and
direction, which affect transportatigiim et al. 2015)and concentratio(Padmanabhamurty 1978} the

air pollutants.

Greenspace, parks, and urban forefesct the pollution and noiseabsorptionemitted from the vehicles
(Oh 2012, Jo 2002, Yang et al. 2005, Liu and Shen 20bBtgstimate the impact of these elemgethis
Genetic Algorithm (GA), a metheuristicoptimization methodgot used.

Genetic Algorithm (GA)(Goldberg 1989)s a randomized search algoriththat dasthe optimization
with primary chromosomes using three different stagagmfodution, crossoverand mutationwhere
reproductionis a process based on the objective functiang§is function) of each stringjhis objective
function dentifies how gooa string is(Roetzel, Luo and Chen 202@rossover is defined dlse mating

of the last population, and mutation is random changesansthall probabilityin the value of the string
position.

Vehicular exhaust emissions are known as one of the reagongor air pollution in urban regiong his
paperaims to predict urban air polluticsynamicallyusing Cellular Automata with th effect of wind,
green spaces, and buildsagn Section2 the dah source, case studyethod and processes, pollution
absorption and distributionwill be elaboratedin the third sectionthe result will be explainedand a
comparison between the real pollution valuesthedoredicted onesill be done.
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2. Data

Sample field: I'n this rafgwealjgotiised. Tebranrisdooated at lateuder o p o |
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Figurel- a) Position of Tehran in Irah) Tehran(from Openstreetmap.org)

Traffic monitoring: Reattime taffic volume(more than 3,000,000 observatspof 24hours froml0 AM
of August 10" to 11" got extracted fromNeshan a Persiannavigation app and traffiépplication
Programming Interfac€API), and transformed into raster form and used as the main soutcaffiuf

distribution(figure 2).
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Figure 2 Trafficheatmapof 12 to 1pm

Wind and pollutionmeasurements: Windnd pollutiondata (PM;q and PM:s) got captured from the
Tehran AirQuality Control Company (AQCGyith 21 activestationsevery 3 hours

Greenarea anduilding map an OpenStreetMap (OSM) shapefile got uedhis factor On one hand,
the green area is classified into 4 grougaijle 1), where each group has a density level and height.
Densityis classified inta3 groups High, Medium and Low. The heightof the treesalsogot classified

into two groupshigh and low.

Tablel- Green arealassification

Green aeatypes Density Height
Jungle park High High
City park Medium High
Local park Low High
Greenspace Low Low
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On the other hand, bdings(Table2) have two important factors for absorbing the pollutants: Structures
height and floor area ratioDue to the lack of data for mictures height in Tehran, this factor got
classified based on observatiptmt the floor area ratio is obtained fralve Comprehensive Planfo

Tehran City Themultiplier of density and height of the classgecalculated usingie GA.

Table2- Tehran regions height and building density

Region Floor Area Ratio Height
1,2,3 High High
8,9,10,11,17 High Medium
5,15,16,18,19,20,21 Low Low
4,6,7,12,13,14 Medium Medium

3. Methodology

3.1 Modeling of Traffic and air pollution
Air pollution is a phenomenon, which is affected by different factdigtor vehicle trafficis known as
the source of air and noise lhation (Ozer et al. 2009)light, vibration(Harrison 2004)and congestion.
PM is one of the emissions of petralehicles that remains in the atmosphere for a long, tinkéch
appearsnainlyin the form ofsmoke and suspended particles.
In this study, five 2D matrices are considered as input layers (green space, buildings, windnsipeed
direction, and traffic)Ea c h | ayer ' s c e WHich mdars ¢hatieach cgllosBowsrae arearok
90000 square meters:irst, we normalize the traffic volume, then the traffic volume is usedalculate
the pollution Meaningwherever ighe traffic volume higer, there are more pollutants.
The traffic map is createas the base map for every haiwenthe other fact@thataffecedthe pollution
are addedh the next step€ach cell has a valubatrepresents the pollution in thatea the wind moves

the pollution based on the direction and the speed and leaves a tracepamémg cells. Each cell has
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wind characteristicsgreen space &eight and density typeand buildings hei ght .Vdiththe densi

exigence ofgreenspace or building the amount of air pollution is reducéthure 3.

Yes
Calculate the

Effect

First hour
Traffic map

End of the
24 hours

Green space

Add next map and buildings

Calculate coefficients Calculate the
with GA Effect
) 4
Calculate
Accuracy

Figure 3 Schema of the algorithm

The taffic of each hour is added to the previous pollution naagl the effect of the wind, green spaces,
and the buildings will be calculateabain At the last iteration, the real pollution, and the determined

pollution basedon the proposed methodrec o mpar ed with a Pearson’s |
(Equation 1), where U is the act{®M,sand PM) pollution obtained fronthe AQCCstationsand C is

the calculated pollutiofrom the Cellular Automata

Equationl- Pearson's linear correlation coefficient

. B &dfp & ®p ®
Al Glig
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Equation (1)s usedas the fitness function for evaluating the coefficient of each factor and its effect

3.2. Calculating the coefficient of the factors

A Genetic Algorithm isusedwith 50 feasible nonlinear populatigrwhich calculates the effect of wind,
greenspace(density and heightland building (based on height antbdr area ratip absorption. Each
coefficient is between @nd1, where 1 means that the element completely absorbs the polhtidi®
means it has no effechfter each iterationthe CA uses th newly calculated coefficient to predict the
pollution. Then the obtained resulétgcompared to the actual pollution (Equation 1) to calculate the cost
function. In each iteration, the GA tries to optimize the coefficient and improve the cost fuifctiua.
algorithm cannot obtain a better resitliwill stop.

Thesecoefficients increase theeliability and accuracy of the modeAs a simple comparisors drawn
between themodel with and withoutthe effect of themeteorologicaland building factors, 73%

improvemenis noticed in the results

4. Results

Diffusion of the pollutant is a complex process that is influenced by various factors, and this simulation

can onlyrepresena simple distribution of the pollution
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Figure4- Pollution map ofAugust 10th, 1@m
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Cc
Figure5- a) Pollution prediction with the effect of elements, b) Without the effect

c¢) Actual air pollutiorfat 10am 11" August)

Figure 4 shows the pollution map of 10 am of Auguét Wherein the next 24 hours the wind was mostly
blowing from northwest to soutreast from 110 to 165 degrees from 1 to 3 m/s. With a comparison
between Figure 4 and 5, it is shown that the pollution has diffused to the southeast patiutios:

(PMs)has been decreased in the north.

o o Correlation Mean Square
Greenarea | Greenarea | Buildings Buildings . .
Model . . ) . Wind effect | with the real Error (MSE)
density (G4) | Height (Gy) | Density (Bg) | Height (By)

pollution
Full effect
1 1 1 1 1 0.081943615160{ 221.007674262
of elements
Without
0 0 0 0 0 -0.15517181981¢ 176.5431890403
elements

GA 0.12125656854 0.1747119239( 0.0165684564 0.0430272477(0.3336324852 0.58411144979€¢ 44.78947368421

Table3- Models and correlation

Three scenarios have beevaluatedasa comparison to understand the effect of coefficiéhtdle 3) In

the first scenariothe factors are set to have a full effect (the wind carries the pollution away, and green
area and building existence also absorbs the pollutions), anddturacy of 8% got obtained in
comparison with the AQCC stations.

In the Second scenario, the effect of elements was completely ignored, meaning that each layer only got
added up to the previous ones. In this scenario, a correlation of 0.15 got ohtdinadt was comparett

the real pollution index.

In the third scenario, the effect of the elemewas calculated with GA. The Genetic Algorithm
Calculated the effect of the grespace absorption about 30% overall, meaning that the parks and other
urbangreen spaces play an important role in reducing pollution. Results show that the green area height
has about 5% more effect on reducing pollution in comparison with density. Meaning that the height of

the trees is more important than their density.
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On the other hand, buildings only absorbed about 6% of pollution, and the height of the buildings also
played a more important role than the density. The wind was an important factor as well, which had 33%

effectivity in pollutants diffusion. Generally, theAG®btained 58% accuracy for predicting pollution.

Table4- Multipliers of density and height of Bdings and Green area

Multipliers High Medium Low
Green area densitfMgq) 1 0.684513661 0.4163275712
Green area heigh(Mgr) 1 - 0.1731389546
Buildings densityMyg) 1 0.7853446217 0.3516458453
Green area heighiMpy) 1 0.7143545216 0.1384548326
The effect of buil dings and green areas’ hei ght

multiplier for each factor (Tabl).

Equation 2Green area and building effect
'O QOE MOQQ@WO O O 0
6 0 Qo AOEE@RW 6 0 0

These multipliers change the effect of each factor based on the density and height afremeesnd

buildings. The numbers also show that the density has more effect than height. The effects of height and

density are calculated with equation 2.
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5. Conclusion

Due to the hazard that air pollution creates for health, it is important to pthdiciffusion of the
vehicular pollutants as the main sourbtre this paper, the emitted pollutants from vehickehaustgot

used as the main source of urban air pollutibine traffic map got processed and transformed into a
pollution map and the effecof buildings and green areas was determined using the Genetic Algorithm.
Because of the different heights and densities in the area, a multiplier got used to increase the effectivity
of the model, which was also determined with GAthe endpby comparimg the data fromAQCC stations

andthe modelit was able tgredict air pollution with 58.4% accuracy.

The wind pattern is complex and changes every minute, so the pollution stations do not report this, which
holds us from obtaining better accuracy. The effect of buildings and green areas on the wind was also
another complexity that this paper faced. Ondtieer hand, many other meteorological phenonadfeart

the distribution of pollutants, temperature for instance.
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