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Chapterl nt roducti on

1. Background and Motivation

The arrival of the ABIi g datao era br

scientific research in various research afegach, 2008. By processing and
analysing big datagsearchersanadd significant value to solving previously
unverified resarch questions again abetter understarag of problems in scientific
research.

Geographical science, along with many other fields of study, is alda&n
sciencg(Goodchild et al., 20)2Remotéy sened (RS)data is one of the main
geospatial data sources that are accessibdupport research studies in geographical
scienceas well as irearth sciencesnvironmentakcienceandurban planningRS
imagerydatasetsupport studies of sustainable ecosystems, suemasise land
cover (LULC) ecosystem dynamics, sustainablgan ecosystems, and natural
phenomena descriptioespeciallyof large area§Townshend, Justice, Li, Gurney, &
McManus, 199). Overthe past few decades, spdmne and aiborne earth
observation sensolrmvecontirually provicedlarge volume datasets. For example,
Landsat 8, the latest Landsat mission launched in 2013, can collect more than 700
images per day, corresponding to approximately 86 Terabytes of data perf.ydar
et al., 201}, 14 times as muctiataascollectedin the 1988 (Wulder & Coops,

2014. And with thearrival of the Big Data eraywherenew data generated by
processing andatamining, co-exists with themassive volumes of observexd
imagery datalongwith additionalmeteorological, environmental, hydrological and

1
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even biological dataall will be stored and used asassivenew data to support
further scientific investigationg’ang, Yu, Hu, Jiang, & Li, 2007With such large
datased, thee comes manghallenges in managing, storage, accessing and
processinghesedatases.

RS imagery datasets classification converts RS imagery dataset into valuable and
meanngful information to further support geographical rese@thLi, Zang, Zhang,
Li, & Wu, 2014). More specifically, different types of RS imagery datasets record
LULC information for a large geographical area, even globally, with a certain
temporal freqency. Mining LULC data from those imagery datasets provides
essential information to many observatimased research studies, such as socio
economic studies, environmental applications, @dn planningL. Ma et al.,
2017. On the other hand]assified RS imagery tiacan be applied in modeling
based research suchasnplex geeprocessimulaion as inputs to drive simulation,
calibrate models and validate results.

However, both observatidmased research and modelin@sed geographical
research that need to prosdmsg data or consume big data wnikvitably lead to a big
computational burdefyY. Ma et al., 201p For example, big volumes of RS imagery
data need to be collected, pcessed, and classified to support a large coverage
high-resolution LULC dynamics study asangle time or within a time series. For
modelingbased research, e.g., large s¢atge thain this dissertation, the term
Aiscal edo refers tWedanoteefesti 8 d @d itastusedin e x t ent .
cartographybut refer to e.g., a largstudy area extenas being atargerscalg, gec

complex systems simulation and prediction, in addition to processing the remotely



sensed data goart of itsinput, it also requires that the models themselves are capable
of supporting big data processing areddapable of generating meaningful results in a
reasonable time. For this pafigoretically, itwould be ideal to utilize a universal
computing model that can soltlee majomproblems of complex systeras amassive
scale(Heppenstall, Crooks, See, & Batty, 201Then, itwould bedesirableto

optimize this big model for big data and to utilitbés modelo address big data
challenges in many areas. Thi$ort will contribute more than jughe optimization

of a single specific model that can only be used in a narrow Enegefore, three

major requirementemergeor big geographical research in big data era that include:
1) that remotely sensed datasets can be accessed in a computationally effigient way
2) these datasets can be classified using existing or novel classifiers with high
computational performance; and 3) a model that can consume big geographical input
data ancaccommodateiversegeospatial complex systems simulation. Hence, how to
address the challenges of implementiiggeographical data processing andidgv

big models for large scale complex scenasiasulationwithin a reasonable
processindime need to be carefully cortgred.

Traditionally, big geographical datasets can be processed on supercomputer and
high performance computing (HPC) clusters with proper algorithms in high efficiency
(Mineter, Dowers, & Gittings, 2000However, most geographical researchers do not
have access to a supercomputer and HPC cimgpesources, which makegsearly
impossible to do large scale geographical research that exceeded the computing
capacity of single workstation hence blocks them to fully benefit from this big data

era to further make significant progress on geograpbentific research. In this



dissertation, we introduce an alternative waysingcutting edge cloud computing
technologiedo support geographical researchers to handle big geographical data
processing anthrge scalemodels processing.

Cloud computig is a type of network computing framework that can be used to
allocate and share the software and hardware resources on the internet based on user
needgMarques et al., 2033By using this technology, the remote service providers
can supply theame powerful performance network services asipercomputér
thatcan reach millions or even billions of tasks being computed in a few seconds.
Many cloudbased geographical processing veelvices have been published and
hosted on different cloud platims such as Google Earth Engine (GEE)relick et
al., 2017 and Microsoft Machine Learning ABalvaris, Dean, & Tok, 20)8They
allow normal user to access to their cldaased resource and further perform cloud
based RS imagea@cessing with simple scripting. However, those web services could
not fully solve the problems we mentioned before. Using GEE as an exarngiet
afully operedenvironmenthat allows normal usets acquire specific amount of
computing resourgenonitor how many resource is able to wespecific stage;
inquirehow many users befotheir submitted applicationia the task queue, and
find outwhentheir applicatiors will be finishedor failed Thereforeit is not realistic
to use GEE to run veraitge scalécannot fit ~ 600 Landsat 8 images classification in
a single run according to our test) geographical rejatecesdor normal uses.

In this dissertation, we appliegben source cloud computifiggmeworks based
on Hadoop distributed file steam (HDFS)ecosystem to buildustomized cloud

computing environments on both local and commercial cloud plagidarthakur,
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2007). Using these technologies, useaslink their workstationdy gathering all
available bare mental resources together to support their researchjsafoth

possible for HPC structure becad#leC clustedoes not support normal hardware.
Users can alsbuild a customized systewith (in theory)unlimited computing

capacities to implement the processinglata andnodelson commercial cloud
computing platforms such @gnazon web services (AW$Amazon, 201pand
Microsoft Azure (Wilder, 2013, albeitlimited by computing frameworks and budget

in real life Another benefit for using those cloud platformassrs can easily access

to different RS dataset from cloud data warehouse directly, for example AWS S3
(Cal era, Campos, Os ann,withbubddwnoadingttemMe nent i ,
local machines, which could significantly reduce the data transfer cost especially for
very large geographical research. Also, sgmegprocessed data have been deposited
on those cloud platforms, e.g. Landsat 8 surface reflectance images, which might be
useful for geographical research in some cases.

This dissertation makes a significant contribution to increasing our
understandingl@out usingcutting edge cloud computing technologiesupport
geographical researchersfully exploiting the benefits from big data better solve
research questions in geographical scielrcerder toachieve this goal, this
dissertation focuses on addressing three major challenges wgbdigaphical
researchrespectively:

1) How todesign and implement a universal scalable solution with alterable core
functionfor classifying multi-scale remote ssing datasets in mulsipatial, multi

spectralor multi-temporal casewith only minor adjustmentsandcapable of



exploiting benefits frontloud computingo access and process R&agery datsets
on localcomputing clusterand cloud platfornin an effetive and efficient manner
based on performance assessment

2) How tocoupletraditionalMarkov Chain- Cellular Automata (CAjnodels
with ahigh-performancecloud computingrameworkin order toexploit accessible
computing resourcdsr LULC datagap filing usingmultivariableground truth
datasetsasauxiliary andproduce accurate resuliased on testing

3) How tore-think and rebuildraditional CAs with respect to modeling,
computational implementation, and computing resource aegéssloud computing
framework to accommodateassive scale voxddased complex geograpligstems

in cloud environments

2. Dissertation Structure

This dissertation ingstigates how to address the above three challenges for
geographical research in the big data era using cloud computing technologies.
Chapter 1 introduces the background, motivation, and the overall structure of this
dissertation. Chapters 2, 3 and 4 efaddus on one of the three major challenges.
Those challenges are organized from two main perspectives, redeaectsionand

research type (Figure1).



2 Dimensional Space 3 Dimensional Space

s 7 N

Research Dimension

Research Type

Observation-based Modeling-based

\ research \ / research /

Figurel-1. Conceptualization model of the threadses in this dissertation organized
in two research perspective

From the perspective of research type, two directions are considered: 1)
observatiorbased research; and 2) motleked studies. Assuming researchers can
access massive volume, mdburcehigh quality data sets, they will need a
computing framework to mine those data and convert them into valuable and useful
information. Chapter 2 focuses on research involving LULC classification to show
how to process a LULC task with muiource remoteensing imagery dataset in
efficient and effective ways using a cloud computing framework. However, in applied
studies especially for laregrea studies, researchers are not always able to guarantee
that all data are perfect quality. Missing informatioquée common in largarea
and long time series reseai@hen et al., 20)5Chapter 3 focuses on migrating an
existing and mature LULC data gap filling moddiarkov ChairCAi on the cloud to
further enhance this model using cloud computing technologies and makes it a better
fit for the big data era. This study is a mix of botiservationbased researadnd
modelingbased studieChapter 4 is purelgnodelingbasedwhere with this research
we investigate how to implement a universal model to process a massive scale

complex geesimulation using a voxel CA on the cloud.
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Fromthe perspective of different types of spatial framewtir&se three topics
can be treated in@imensional (2D) and-8imensional (3D) space. The processing
in both Chapter 2 and Chapter 3 uses a 2D spatial perspective because-tuaguxel
remotely sesed imagery data processing and LULC related studies, all information is
stored as a flat surface. However, to simulate complex geographical phenomena
requires models to be built in 3D for most cases to better describe and analyze the
details of the systeim each dimension. By extending the computational framework
developed in Chapter 3, Chapter 4 moves to a 3D representation where-basmckl
CA model will be applied to implement a massive voxel GoL CA and to
accommodate an air pollutant particle disaésimulation in 3D with synthetic data
on cloud, which are used for testing the computational performance of our cloud
based voxel CA on both standard performance testbed in literature and actual

geographical application.

2.1 Chapter 2A Cloud-basedComputing Framework tdJnfold Processing
Efficiencies forPixel-Wise RemotelySensed mageryDataClassification
Chapter 2 focuses on investigatingcalablegeographical data processing

frameworkby using cloud computintp support RSmagery datasetsccessing and
processing in an effective and efficient manner as determined by performance
assessment on mukiburced RS imagery datasets classification in different scales on
different computing environments. The motivation of this gtaiths to seek an
alternative approach to HPC solutiondvemdle large scale geographical research in
the big data era. In this chapter, RS imagery classification is selected as an example

task to demonstratée flexibility, extensibility and accessilifiof an open source

8



scalable framework that has been develdpedxploiting Apache SparSun, Chen,

Chi, & Zhu, 2015, to implement parallel, )memory image processing wigém

ability to rapidly classify multspatial, multispectral or multtemporalRSimages

for either asingle time point ofor atime seriesThis framework is deployed on a

local cloud environment and commercial cloud platfevithh direct AWS S3 data

access to test the feasibility of the approach. Two study areas: Suez Canal, Egypt and
Inner Mongolia, China are chosen with two RS imagery datasets, Landsat 8 OLI and
MODIS, at different scales. These datasets are used as teshemests to verify the
practicabilityand performance of our framework using two different classification
approaches, NDVI/NDWI threshold classification method and a Support Vector
Machine (SVM) classifier in distributed mode on the cloud. Tests using this
framework demonstrate that the framework can be used onsoultted remotely

sensed imagery datasets with alterable classifiers and different cloud platforms, to
implement the classification tasks using only minor parameter adjustments rather than
having to fully rebuild a brand new tool. This work demonstrates that this framework

could be a possible solution to support RS imagery dataset processing in big data era.

2.2 Chapter 3DataGapFilling for LandUse and_andCover Study usingCloud-
basedistributed MarkovChain Cellular Automata
An inevitable issue during the application of the framework presented in Chapter
2 is that to classify RS imagery datastpecially for big study are# is not unusual
to be faced with missing datiue to poor weather conditionspossible sensor
malfunctions during data collectiohhis issue appears more obvious once

researchers are trying to collect remotely sensed data to support large coverage study

9



areas or studies with long time series. Agilole solution to overcome this issue is to
apply a gap filling algorithm to make up those missing data gaps. Howeoé#nea
challenge lies witlgap filling the classifiedlatasetgienerated by the framework in
Chapter 2, is that the algoritheannot bgrocessed using a single workstation
without supporting #éarge scaleprocessing frameworl herefore, the motivation of
Chapter 3 is to solve this issue in LULC related studies by offering researchers an
open source cloubased gap filling framework that) integrates seamlessly with
existingcloud-basedRS imagery processing framework and 2) is capable of handling
LULC data gap filling and provide a complete LULC map in selected study areas.
Follow this idea, wappied cloud-based and open source distitied
frameworks, Apache Spark and Apache Giraph to build an infrastructure to fill gaps
within aLULC dataset that suppottsg geographicatesearch. This infrastructure
was built with a MarkowChain- Cellular Automata model that fully exploited the
scdability and high performance of cloud computifdpis study further explores the
feasibility, accuracy performance of this framework by using whwler Mongolia,
Chinaas a study arefar gap filling test. Gound truth data that included biophysical
data, ground feature information and socioeconomicidatlected from 2000 to
2016to support this studyAn accuracy assessment is performed to prove the

feasibility of this framework.

2.3 Chapter 4MassiveVoxel Cellular Automata Using Giraph: Application to Air
Pollutant Particles Dispersal
The results of the research in Chapters 2 and 3 can provide a completed LULC

map to support observatidrased geographical research, and they can also be applied

10



as inpu datasets to drive modbhsed geographical studies. However, the
computational framework in Chapter 2 and Chapter 3 cannot directly accelerate
geographical models except by providing big input datasets. Thelocbmet CA

model developed in Chapter 3dsveloped using a 2D spatial perspective, while
actualcomplex geographical systems will often require 3D representation in space to
fully analyze details in all dimensions. In Chapter 4, the 2D clmskd CA is
extended to make this CA model fully cafmbf handling massive scale geospatial
complex systems modeling and simulation. In this chapter, we reconstruct the
traditional CA model from the perspective of modeling, computational schema and
computing resource accessing to migrate a traditional 2IN@A3D spaceWe

present an approach using Giraph, an gqmemce HDF$based large scale graph
processing framework, to implement massive seakel CA models We

demonstrate the scheme on two test applicatiirst, on a Irillion cell 3D Game of
Life (GoL) (Conway, 1970 CA modeltestbed whereprocessed on AWS cloud
platform we achieved an average processing timebofit eightninutesper time

step forthistest In comparison with existing 1 trillion scale approach in literature,
the computing efficiencysiabout 90 times faster than thé€arques et al., 2033In
addition to the GoL test model, we further explored a real geographical maidel
pollutant particle dispersal simulation on the cloud. By integrating an existing air
pollutart particles dispersal physical mod&umba & Dragicevic, 2005with our
computational voxel CAramework, we successfully simulate the air pollutant
particles advection and diffusion with 1 billion cell scale at local cloud environment.

After performance assessment, we found our solution could process 1 billion cells
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simulation for 47.3 seconds p&ep while the original MATLAB based series

programming approach took at least 24 hours.
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Chapter2A Cl-masled Computing Framewo.l
Processing Ef fwicsiee nReeineost efl oyr SReinxse

| magery Data Classification

1. Introduction

1.1 TheRapid Expansion oRemotelySensedData inBig DataEra

Data provided by remote sensing have long presented as a critical resource in
monitoring, measuring, and explaining natural and physical phenomena. Indeed,
remote sensing might justly be characteriz
(Goodchild et b, 2012). Steadfastly, advances in the sensing capabilities of remote,
Earth-observing platforms have continued to produce more and more data, with
increasing observational breadth and finesse of detail. These developments carry a
dual benefit and problenanalysis and inquiry in the environmental and Earth
sciences are routinely awash with data, but also often struggle to match pace in
building empirical knowledge from those data because the data are incoming with
such haste and heft. Strategies to mamégeemotelysensed data are required to
fully exploit the benefits those data hold for applied scientific inquiry, and the topic
of how computing might be leveraged to ease pathways between science and sensing

holds significant currency across many feeldith particularly rapid adoption of

1 An earlier version of the research described in this chapter has been published in
Journal of Sensors as Lan, H., Zheng, X., & Torrens, P. M. (2018). Spark Sensing: A
Cloud Computing Framework to Unfold Processing Efficiencies for Large and
Multiscale Remotely Sensed Data, with Examples on Landsat 8 and MODIS Data.

Journal of Sensors . (Lan, Zheng, & Torrens, 2018 )
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high-performance computing (Yang, Yu, Hu, Jiang, & Li, 2017) and cloud computing
in the geographical sciences (Lee, Gasster, Plaza, Chang, & Huang,Ré&hbje
sensing imagery is a commonly used source to support those studies of sustainable
ecosystems, such as ecosystem dynamiesslandlegradation, and urban

ecosystem restoration, especially in large af@dadder & Coops, 2014

Traditionally, studies with pure remotely sensed data involved only a few scenes
of data ina limitedstudy area, or #y rely on lowresolution remotehsensed images
in largearea experimeni{&. Wang, Zhong, Lan, Wang, & Sha, 201Those
traditions are changing as new data have dramatically altered the underlying substrate
for analysis. For example, in the past few decades, the-bpace andair-borne
earth observation sensors are continually providing large volume data sets. For
example, Landsat 8, the latest Landsat mission launched in 2013, can collect more
than 700 images per day, corresponding to approximately 86 Terabytes of data per
year (Y. Ma et al., 201} which is 14 times as much as that in the 1480slder &
Coops, 2011 Processing the massivelume of remotely sensed data is now not the
only problem: the intrinsic complexity of those data is also an important issue that
must be considered.

The sensors that are actuated in remote sensing are usually designed to serve
specific requirements of alysis for different fields of study. To fulfil those different
needs, sensors are usually tasked to capture images at different resolutions. For
example, higkresolution satellite sensors suchvdsrldView4 can produce imagery

with a spatial resolutionfd®.31-m in panchromatic vistas, and 1-84spatial
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resolution in multispectral vistgSatellite Imaging Corporation, 201)7lvhile the
QuickBirdplatform can image the Earth with 0-61spatial resolution in
panchromatic form and 2.4% spatial resolution in multispectral forgsatellite
Imaging Corporation, 201Yarhese resolutions, on the order of fractions of a meter
to a few meterai spatial resolution, presented significant opportunities to monitor
the Earth, and represent the state of the art in ddbrving imaging detail.
Concurrently, other remote sensing platforms are tasked with refreshing observations
of t he whsorface, ailhiagfdr todesage of large areas with temporal
consistency, rather than smallea detail. For example, relatively medtesolution
sensors, such asandsat and relatively lowresolution sensors, suchMODIS are
deployed as longerm Earth observatorielsandsatprovides 15m panchromatic and
30-m multispectral imagery, which is very widely used in studies of larga
grassland degradation and urban land cover dyndiracs& Xie, 2013. MODIS
offers 256m multispectral imagery and can build a mosaic view of the entire Earth
once every few day$41ODISdatahas been widely adopted in glotsaiale research
studies, particularly those trained on studying vegetation canopies for investigation of
world-wide forest cover dynamig§ried! et al., 200R

Many sensors support multispectral imaging. For exaripte|dView4 data
includes four spectral bands, drahdsat 8 OLI/TIR$rovides 11 spectral bands. For
some spectrally sensitivéuslies, higher spectral resolution imagery is required. In
those studies, hyperspectral sensors (suetypsrion which generates 220 bands
between 0.42.5 um (U.S. Geological Survey, 20))Ican produce detailed spectral

data over a very small wavelength range. Furthermore, different sensors offer
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different temporal resolution in their rate of imaging as well as the timing of their
coverage of subjects undéetr purview. For example, tiWWorldView4 satellite is

capable of revisiting views every 4.5 days (sometimes sooner), while Landsat can
deliver repeats views every 16 ddysirner et al., 2003 Higher temporal resolution

in return views facilitate studgf dynamics on the Earth surface, so that the time

series and the time interval between visits become significant attributes of the
observation, alongside the spatial resolution and spectral range. Therefore, methods to
streamline a feasible, effective,daefficient approach to processing archived and
continuallyincoming multispatial, multispectral, and muliemporal remote sensing

data are an ongoing requirement across many potential applications of remote sensing
to applied scientific inquiry.

In thisresearchpossible scalable solutiomgreintroduced to address issues of
processing muliscale remote sensing datasets in nagttial, multispectralor
multi-temporal cases. The awasto implement a tool that can process different
proposed remoteensed tasks with only minor adjustments rather than fully rebuild
new toolkits. Furthermore, this solution should be fully capable of exploiting benefits
from cuttingedge cloud computing technologies, resouetetplatforms to help
researchers proceand analyze remotely sensed datasetsiahatlifficult to process

on local machines in an effective and efficient manner.

1.2 Computing asA Resource foBig DataProcessing
Many researchers have made significant progress in advancing feasible,
effective, and efficient processing for mystiong attributes of remotely sensed data,

using developments in computer engineering. In particular, research into how
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graphical processingnits (GPUs) and clustdrasechigh-performanceomputing
(HPC) might be leveraged to advance image processing for remote sensing has been
particularly fruitful (Q. Huang et al., 20)3More recently, cloud computing is

increasingly being considered as aa@rce in processing remotely sensed imagery,

| argely because of c¢cloud computingds natiyv

the data being processed also scale. Furthermore, significant cloud computing
resources are now avm@may)y add eyacw mgned cmad 4 ly,,
providers such a8mazon Web Servicé&WS) (Amazon, 2015 MicrosoftAzure
(wilder, 2013, andGoogléd €ompute EnginéSanderson, 2009These resources
can be brought to bear on image processing tasks as laaS (Infrastructure as a Service),
PaaS (Platform as a Service) or SaaS (Software as a Service).

Cloud computig is useful in providing some of the flexibility required to match
pace between incoming data, large existing data silos, and evolving analytical needs
in image processing that authors alluded to in the introduction. Cloud computing
affords this flexibility by allowing users to allocate and share software and hardware
resources on the Internet in a distributed fashion, by splitting large computational
tasks into many small parallel computing tasks, then assigning them to as many
computing instances as aegjuired to achieve computing goals based on data size,
data fusion, resource use, or computing time. Adtithe distributed nodes of the
cloud service have completed their assigned tasks, the results are bundled and
returned t o t helnthisway viduallinstanees$, apglieaticadga s e
software are provided on angxjuested basis, and users may pay for those services

as demanded. This affords a user access to a theoretically limitless size computing
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capacity (although very strong liteiof available financial budgets to pay for the
services quickly dock theoretical capacities to tangible practical realities in many real
instances).

A promising community of computing frameworks havedeveloped alongside
cloud computing hardware, aneveral of these frameworks hold significant promise
for processing remotely sensed i magery
MapReduce was introduced by Dean and Ghem@edn & Ghemawat, 2008ten
years ago. In the decade since, a number of open source implementations of the
MapReduce model have emerged as promising frameworks for mediating the
computing between image processing for remotehssed data and cloud resources
that are available to distribute and/or accelerate that computing on commercial (or
userrun) clouds. Chief among these open source implementations of MapReduce is
Apache HadoopWhile HadoopMapReduce relies on reading andting data to a
disk, another varianfA\pache SparkApache Software Foundation, 20} 8aaintains
data partitions in memory (a-salled irmemory computing frameworkgparkalso
provides a network buffer for daceducing task, rather than merging outputs into a
single partition, with the result that Spark can be one hundred times faster than
Hadoop MapReduce on some big data té&ksler, 2019. Nevertheless, one
advantage thatadoopmight hold overSparkis thatHadoopallows parallel
processing of large amourdédata that are bigger in physical storage size than the
available memory. In fact, many remote sensing datasets are of a size that is so
massive that they exceéte memory available in local machines or small clusters.

Furthermore, physical disk resoascare usually much less expensive in financial cost
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(of owning or accessing) than memory resources are. So, in cases for which limited
memory may become a constraining facktsdooppresents as a better option in
some cases for processing large amouhtsmote sensing data.

However, cloud computing frameworks are agile relative to resource constraints.
And that novel advances in cloud computing technologies and cloud platforms allow
Sparkto leverage resources from and across different cloud complétigrms,
with the possibility that memory limitations may no longer loom as a constraint for
big remote sensing data processing scenarios. Consider, if memory as a resource that
can be drawn upon on an@aseded basis, researchers can access theoyeticall
unlimited memory on the cloud. Furthermaogparkcan run on a single workstation,
as well as local computing clustemsdcloud platforms. AndSparkcould access
diverse data sources, suchfasazon S3Hadoop Distributed File Syste(ADFS),
CassandraandHBase In other wordsSparkcan access not only local private data
warehouses, but can also reach cletated remote sensing datasets, and do so via
the cloud platform directly, with the ability to process those data on the cloud, and

then stream back the required results.

1.3 Clow Computing forProcessingRemotelySensed mages
One of the common computing solutions to the burden of processing, analyzing,
and managing largscale remote sensing data is to parallelize the remote sensing
processing tasks: to spread the burden over multiple computing units to reduce the
overall procssing timg(Y. Ma et al.,2015. For example, Huang and her colleagues
used the Message Passing Interface (MPI) as a computing framework for their work

on dust storm simulation and forecasting onAhgazon ECZommercial cloud
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service(Q. Huang et al., 2033They deployed MPImthe Amazon cloud and

applied loosely coupled nested models to process aréggiiution dust storm dataset.
Their performance tests showed efficient andnomicaresults. Cavallaret al.
(Cavallaro, Riedel, Bodenste et al., 201pused GPUs to implement a support
vector machine (SVM) classifier with MPI angenMPIlframeworks. As an
alternative to using HPC computing frameworks, other researchers have developed
theirown bespoke paralléhrge scaleremote sensing data processing platforms. For
example, Wangt al. (L. Wang, Ma, Yan, Chang, & Zomaya, 2Q0I®veloped
pipsCloud which is a clouébased approach to process remote sensirdporand

and in reatime. To further enhance performance, Wangl. (L. Wang et al., 2018
used HilberR" tree indexing.

The turn toward development of tools by remote sensing scientists, leveraging
computing techniques but departing in ways that are special to remote sensing
applications is a woradful development for remote sensing science. Nevertheless,
bespoke solutions (particularly in academic settings) cannot feasibly contribute the
massive levels of computing available now commercially, with the result that
absolute performance will alwayasgd behind that which might otherwise be available
on the marketplace. Also, applying MPI or seé¢fveloped systems often requires
significant research and development effort into programming, debugging, and tuning
the computing system and environment, and might perhaps make an argument
that the time devoted to these tasks could be used on the applied science instead. In
some cases, building these systems on a bespoke basis is very challenging. For

example, consider MPI, programming tasks designed fal semputing and
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converting them to parallel form can be significantly burdensome, and particularly so
for some complex image processing algorithms. Moreover, the networking security,
near ubiquitous availability, and fastoving hardware compatibilityfdr example in
shared memory clusters) of commercial platforms offer significant practical
advantages. Some existing work points to the potential advantages that are obtainable
in cloud processing of big geospatial data. For example, Chen andZhen &
Zhou, 201% demonstrated th&pache Hadoopan be leveraged for partitioning
using a Mean Shift algorithmwith a local mode test, they successfully increased the
processing speed by ~2 tim@hen & Zhou, 2016 Also, GiachettgdGiachetta,
2015 introduced aHadoopbased geospatial data management and processing
toolkit, AEGIS,whichwascompared against existing MRpducebased frameworks,
such asSpatialHadoopHadoopGIS HIPI andMrGeowith spatial join, queryand
aggregation operatior{&iachetta, 2016

As mentioned in the introductipcompared tdiMapReducebased approaches,
solutions based oApache Sparkave been found tgenerate ragts at higher
efficiency. For exampleShangguaet al. applied kmeans clustering with Spark on
anOpenStackased cloud computing platform to processkaiid Landsat TM data
with 5244 rows and 5205 columns. They concluded that wheraKnsllvaluesuch
as10, the paralleled #neans model does not show better performance than normal,
but at K=80, 1=20, the algorithm in parallel ran 1600 sec faster, at 712 seconds
(Shangguan & Yue, 20)8Absardiet al.used Spark to compare the performance and
accuracy of processing big RS imagery dataset by using-laysti perceptron

algorithms (MLPC) and linear Support Vector Machine (SVM). They adopted
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Landsat 7 ETM+ images from 6 Iranian cities and achieved 8&¥ag® accuracy
with SVM while 92% with MLPC. Additionally, thefound thatthe MLPC took
longer with HDFS, compared &Spark standalone mode, which averaged 105
secondgAbsardi & Javidan, 20)7Lungaet al.demonstrated a novel RS data
processing pow, RESFIl ow, which integrated
DGX platform to process RS imagery dataset. Tiesied the mode&n many
different study areas incluty Ethiopia, South Sudan, Yemen, Zambia, Alabama,
Arizona, Puerto Rico, and New MexiosingDigital Globe constellations. By using
Spark, they processed 21,028 TB of imagery data and output mapa sdtarof
5.245 sq.km/s, a total of 453,168 sq.km/day, which reduceeday@orkload to 21
hours(Lunga, Gerrand, Yang, Layton, & Stewart, 2D20arg et al.developed a
new image segmentation method using Scala with Spark and GeoTrellis framework
on IntelliJIDEA. They tested with 8 Sentinel2 imageswhich coveredural areas,
urban regions, and suburban zones. They decomplosgeimages into suimages
and rartheiralgorithms in parallel with different computers to get the fredluced
result whichshowna performance liftingaccording taheir experiment$§N. Wang,
Chen, Yu, & Qin, 202D Sunet al.(Sun et al., 2005usedMLlib in Sparkto test the
multi-iteration singular value decompositi@®VD) algorithm on higfresolution
hyperspectral remote sensing images. Compared withpghehe Mahout
(MapReduce) approach, they found that$parkapproach can essentially trounce
MapReduce in their tests, onSparkis able to access enough hardwasources.
Another study usingparkto process remote sensing data, by Huang and his

colleaguegW. Huang, Meng, Zhang, & Zhang, 20Id&monstrated a series of
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comprehensivegrformance tests, usirfgparkto implement different types of
algorithms in remote sensing. Huaetgal. (W. Huang et al., 20)@discussed the
performance of each of the tests on different running environments, including local,
standalone andlet Another Resource NegotiafdtARN). They also proposed a self
defined, stripbased partitioning approach to replace the default hashiqranty
method(W. Huang et al., 2037In this research, we will use Sgas a medium to
develop a large scale RBagey dataseprocessingramework that be able to handle
tasksof classifyng multtsourceRSimages with alterable classifieras well as be
capable to beeployed ordifferent types otloud platforns with only minor

parameters adjustment

2. Sudy Area and Dataset

To prove the applied utility of the proposed scheimgy; experimentsvere
performed, and two different remote sensed imagery datasetgvolved. The first
experiment usdthe Landsat 8 Operational Land Imager (OLI) datasétree
different scales to testworkflow of classificatiorandvisualization algathms with
Sparkonalocal cloud environment. To further stuthetuning performance of this
schemeasecond experimentasdesigned to run this tool under different execution
configurations witithe samelLandsat 8datasetThe third experiment was to
demonstrate that the classifier in this framework was alterable, and that this
framework was capable of handling actual classification tasks in a geographical
study. In this experiment, we used a cldaabed distributed Support Vector Machine
(SVM), one ofthe most commonly used classification methods to replace the

NDVI/NDWI threshold classifier in our framework and tested it on data for Inner
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Mongolia, ChinaThelastexperimentvasdesigned to demonstrate tllais tool can
consume remote sensed imageayaset fromdifferent sourceand can be deployed
on different cloud environments usingly minor parameter adjustmentdsing the
NDVI/NDWI threshold classification methgatesented above, a MODIS dataset on
Amazon EC2acommercial cloud platfornwasprocessed.

Landsat 8scans the entire planet surface in eda§ periodU.S. Department of
the Interior & U.S. Geological Survey, 201&quipped with the latest OLI sensor,
Landsat 8rovides unprecedented spectral information with two additional spectral
bands in the wholkandsat instruments familyn addition to offering a 1fn
panchromatic band and a-80multispectral band, as in many previous products,
Landsat &lso includes Quality Assessment (QA) band to support pizased
cloud, shadowandterrain occlusion filtering. A relatively short revisit period,
medium spatial resolution, and seven spectral bands baakbsat 80OLI products
commonly use@ndfreely accessible ren® sensing imagery datasétr science
that rel upon spatial, spectral, and temporal Earth attributes for environmental
research. Furthermore, thandsat 8ataset is currentlgvailablefor public useon
cloud platforms, such asmazon S (Amazon Web Services Inc, 20)&mndGoogle
Earth Enging(GEE), making it a great data source to serve remote setetiagets
processing in the cloud.

Like Landsat 80LI, MODIS satellite datasatareavailableon Amazon S3
(Amazon Web Services Inc, 200)8indGEE since 2017MODISprovides a variety
of planet observation products with daily temporal resolution. Irsthidy

MODIS/Terra Surface Reflectance Daily L2G Global 1 km and 500 m SIN Grid
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V006 (MODO09GA) will be sed as secomdy data input, which can provide 7 band
of surface spectral reflectance with S@@ter spatial resolutiomn addition 1-
kilometer resolution observation and geolocation statistics bandssaxdfered in
this product.

The coverage ofaeh of the datasetsr the Suez Canal (SC) arealigstratedin
Figure 21 (Figure 21). Three scales dfandsat 8magery datasett smalt,
medium, and largescale were used as input data sosiic¢he experiments. This
multi-scale approach alloweus to assess whether our tool can perform raaidtie
remote sensing image processing with only minor parameter adjustarmeits,
assess whether a wide array of remote sensing imagery datasets can be processed by
our proposed framework in real scenariBecause remote sensing images, which are
collected by different sensors at different spatial resolutions, with various bands of
spectral information, and at diverse temporal scales, are essentially formed by pixels,
pixel-based algorithms implementeg8parkin the cloud should be capable of
performing a very wide array of pixekased processing and analysis. However, to
furtherdemonstratéhatthe tool can handle muiource remote sensing images, a

MODISdataset that fiedthe same coverages thdargesizeLandsat 8datasetvas
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used to test the framework
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Figure2-1. Study area & Carea withremotely sensennagey datsetcoverage at
three different scales

To verify the capability of this framework and to classify the remotely sensed
images in dime series, one image per ye@amschosen from @anagerydatasetf the
Suez Canal (SGpanning 2013 to 201@ generate a time seri3nall-size and
mediumsize imaeswere approximatelynatched tane single scene oflaandsat
image. Hence, images that were acquired on a similar date for eacheyeaelected
to reduce théand usdand cover(LULC) changes caused by seasonal variation
factorsas is common in timseries related researddowever thelarge datasewvas
formed byusingover 15 scenes of original images. In this casga# not possible to
guarantee that each tile of this datasetidbe filled by imagesvith thesame date
for each year. Hence, by broadening the filter criteria to manilas possible to

ensure we couldbtain enough tiles to form the whole area. Another important factor
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wasthat the chosen imagesere preferablyof high quality to reducanycloud and
haze problem (i.e., gaps)Forthe MODIS dataset, with relativelgoarse spatial
resolution and large coverage per scenepik aibout half ofasingle scene to fit the
largesize Landsat dataset coverage. Also, the acquisitionniatehedhe daes of
the smal and mediurrsize Landsat dataset beca®DIS provides daily products.
The detailed acquisition time of each datasésted in Table2-1.

Table2-1: Detailed acquisition time of each daas

2013 2014 2015 2016 2017
SC_Small 4/29 3/31 4/19 3/4 4/5
SC_Medium 4/29 3/31 4/19 3/4 4/5
SC_Large Apr Mar Apr Apr Apr
MODIS 4/29 3/31 4/19 3/4 4/5
IMAR N/A N/A N/A Aug N/A

The reason for the choice of the stutgashown in Figur&-1 wasthat in the
SCarea, thd. ULC mainly includel sparse and dense vegetation, a natural water
body, theSC (with water), and bare sands and rocks. Thus, the studyvaszm
excellenttest area for our NDVI/NDWihreshold classification methdd detect
detailedLULC and generate accuratsults Another reason for the choice of the
study areavasthatthe SC has beeexpandhg since 201&andanother branchas
been constructe@Buez Canal Authority, 20).3Thisexpansiorcan be clearly
monitoredas demonstratdaly theclassification redts.

A second study area located in Inner Mongolia (IMAR), China was also used for
this research (Figure-2). As the SVM classifier was a supervised classification
approach that required an available ground truth dataset as a training dataset, the
IMAR region was chosen due to the ground truth data availability in thisAafegh

accuracy LULC vector mapping dataset that was generated based on visual
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interpretation assisted by sample plots was available for 2000, 2010 and 2016 for this
region. The traimg dataset was extracted using the 2016 LULC map. Landsat 8

images were acquired for this area on August 2016 with approximately 600 scenes.

Figue2-2. Stdy area at IMAR

In these experiments, all remote sensing image datasets were exported from
GEE, a cloudbased platform that ser¥eemote sensing data sous@ath customized
criteria(Gorelick et al., 201)/ For example, setting (1) the region boundaries to
acquire data belonging to our studga and (2) the cloud mask to filter cloud pixels
on images before exporting the data to our clou@putingdrive. Landsat 8and
MODIS (MODO09GA) both providd surface reflectance produced G&EE If other
datasets are used, a strictly imdgesed atmosnic correction should be followed to

removeanyhaze impact on those imagg&havez, 1996
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3. Method

In thisresearchwe extenetdrecent developments in cloud computing as a
resource for processing remotely sensed imagery. Specific8pyar&kbased remote
sensing image processing t@alpable of classifying muisource remote sensed
imagery datasets with alterable classifiers desloyed oracloud platformWe
applied Normalized Difference Vegetation Index (NDYNlormalized Difference
Water Index (NDW) threshold classification methas a testbed to assess the
feasibility and performance tie developed cloud computitgpl. Also, a robust
SVM classifier was tested with this framework to verify the capability of this
framework using an additional, popular method for classifica@ore of the key
advantages of this approaefasits ability to easily and straightforwardly suppor
user s 0 diferenteesnstelyt sensed imagery datasetsalativedon cloud
data warehouse amuiocesd. ULC classification on them download those data to
local machines before the classification results were genekdtedover, a
visualization aproach to save texdased output from the analysis in common picture

format, allonedusers to examine results easily and quickly.

3.1 Cloudbasedistributed NDVI/NDWI ThresholdClassification
The approach presented in tetsdywasbased on the YARN clal
environment. The goal, in using YARMWasto facilitate the availability of the
processing environment in ways tharewidely applicable taealworld scenarios.
YARN has been widely used in many current cloud environn{@ntsan, Lang,
Zhou, & Zang, 201) Unlike traditional versions dladoopMapReduce, YARN

allows for albcation of system resources as containers to the various applications. In
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other words, different computing frameworks can be deployed on a single physical
cluster in anoninterferingmanner. In YARN mode, Sparkframework is composed

of a master instan@nd many workers. The master instance is responsible for
negotiating with the YARNResource Managdp request enough computing
resources, as needed, by analyzingSparkapplications submitted by clients. Once
the master instance is loaded, it will sdhle the tasks to executors with allocated
containers. Until all tasks have been finishiRdsource Managewill revoke all
allocated resources for further possible tasks.

Resilient Distributed Datasets (RDD) form the basic abstraction of a dataset in
Spak. RDDs can be created from an external dataset, or from existing RDDgs
researchfor casesising an NDVI/NDWI threshold classification methd®DDs
werecreated from the original remote sensing images stored in HDFS. For each
image, three RDDwere created for green, red, and n@arared bands fothe NDVI
and NDWILULC classification at the initial stage. RDDs contain the data partitions
and the metadata records. According toSparkmechanism, RDDs go through a
series of transformations anctian operations to process the data partitions in a
distributive manner. Transformation operations of RM@seexecuted on individual
partitions of an RDD and those operations regdaanew RDD. Action operations
summarize information from an RDD by uskefined functions and return a result.
For example, the join operation, as a commonly used transformation operation in
Spark involves joining partitions belonging to two RDDs and creating a new one. In

this case, the data blocks will not be moved atthieent stage because of they
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mechanism. However, action operations, such as count, will process the data
partitions in RDD and perform real computing.

Based on the features $park a workflowwasdesignedFigure 23). The first
step in that workfiw wasto extract each band of a raster dataset by using the
Geospatial Data Abstraction LibrafyGDAL), whichwasan opersource translator
library for raster and vector geospatial data forn(@is, Zhan, & Zhu, 2014 Each
line of the extracted data contadthe geographical coordinates and the Digital
Number (DN) value of the raster cell in the original raster dataset. Thesediles

then put into the HDFS as data input sources for distributive processing.

Land Use Land Cover
Visualization

Land Use Land Cover
Classification

Raster Data
Preprocessing

*Reassemble the
labeled dataset

*Save results to

PPM format

*Load pre-defined
classifier

*Pixel-wise parallel

LULC classification

*Image parsing into

text-based dataset
*Data Migration to
HDFS

Figure2-3. Sparkbased remote sensing image processing workflow

The second stepasto perform parallel processiragdimage(s) classification
with the predefined classifier(s)As introducecearlier, for each image that must be
processed by this todhree RDDs will be created for green, red, and -n#aared
bands. The basic units of the RI@rekey-value pairs. In this case, the
geographical coordinategereset as the key, and the DN value of a rastemal
the value. In this manner, paralldULC classificationsould beconducted across
many computer units in@oud computingluster. The extent of parallel processing
depenédon theSparkapplication configuration and the cluster hardware
specifications. Because the basic parallel processingvaspixel-wise this method

washighly flexible and scalable, allowing raster datasets to be partitioned in any
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manner, regardless of the spatial structures of the raster. However, partitioning
strategies still must be considestiously,asan appopriate partitioning strategy

will help to optimize the performance with better usage of the computing resources of
the clusterSparksupports hash partitioning and range partitioning by default; these
applicationsvereappropriate for many castudies However, according to the

results ofresearch byduanget al.(W. Huang et al., 20)7the partition scalshould

notbe too small or too large. A very small partition scale will result in low
performanceomputingand even increase the fault recovery castery large

partition scale may lead snout-of-memory error. Inspired by their strimsed

partitioning method, splitting data into chunks with a configured HDFS block size

wasneeded irthefollowing experiments.
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Algorithm 1 NDVI/NDW!I threshold classification
1: Input = TIF4, TIF,, ..., TIFk; Dimension =X * Y
2: Fork =1 to K-1 do:

3: InputTIF, = TIFy
4: INpUtTIF; = TIFk

5: Form=1to 2 do:

6: Forxin1ltoX:
7 ForyinltoY:
8: ndviy, = (INpUtTIF,.NIR — InputTIF,,.R)/(InputTIF,,.NIR + InputTIF,.R)
9: NdWix = (INpuUtTIF..G — InputTIF,,.NIR)/(InputTIF,,.G + InputTIF.NIR)
10: lulcy, = CLASSIFIER(ndViyy, ndwiy,)
11: lulcm[X,y] = lulcyy
12: endFor
13: endFor
14:  endFor

15:  Output = lulck

16: endFor
Figure2-4. Algorithm for NDVI/NDWI thresholdclassification

The cktails of analgorithmto use NDVI/NDWI thresholdasa classification method
on remote sensing imagssshown inFigure 24. Several transformation operations
wereperformed on each partition in RDO®or k input GeoTiFFremote sensing
images, the algorithm first pasthe dimension of them. Moreovéne RDDswere
marked by a time sequence in the time series. For eachhietig, @ each image
RDD the NDVINDWI thresholdclassifierwasapplied to each pixel to calculate the
classificationindicaion values. The NDV(Rouse Jr, Haas, Schell, & Deering, 1974

can be calculateds:
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The range of NDVI is from negative one to omgh different ranges to denote
sparse vegetation, dense vegetation, barren rock and sand, and water. However,
NDVI may not always correctly distinguish water bEglespecially when thetis a
noisy signal in the water arean(udfor example). To further improve the accuracy of
classification, NDWwasapplied according to McFeetgidcFeeters, 1996s
follows:
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NDWI was able talistinguish water featusavith the positive values indicator.
From the perspective of algorithm implementation, RDDs of three hemidgoined
as a single RDD for NDVNDWI calculation of each raster cell with mapping
operationsLULC classification can, therefore, be conductegarallelusingthe
calculated NDVA NDWI results. Once theULC featureswvereclassified by

NDVI/NDWI indicators, each featureaslabelled with a class ID.
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Algorithm 2 Visualization

1: Input = lulcy, lulcy, ..., lulck; Dimension = X * Y
2:Fork=1to Kdo:

3:  inputKVi = lulek

4:  rgbKVy = RGB(inputKVy)

5:  Sort rghKVy by two dimensions

6:  rgbVi=values of rghKVy

> Reshape rgbVi to dimensions X * Y

8: Output = rgbVi

9:  Save rgbV tofiles

10: endFor
Figure2-5. Algorithm for result visualizatio

The final stepvasto visualizethe LULC classification resultsas illustrated in
pseudo codérigure2-5). With allk numbers oL ULC results generated by
Algorithm 1 for each image pair, visualization imagesecreated in PPM format
from the outpuRDD, whichwasa lowest common denominator color image file
format(Frery & Perciano, 20)3Although redundant, PPMasan easy format to
write and manage textased outputs into humaeadable figures. The RDDs of
LULC classifications from Algorithm tverescannednd values of keyalue pairs
wereconverted to colors according to a udefined RGB color scheme. d&e
RDDs were thersorted to the original order and reduced in a manner such that each
key-value pair represeatla row of the original raster image. Finally, to produce a
PPMformat imagethoseRDDs wereappended to the PPM file header to create

complete PPMmages.

35



Distributive storage of raster
datasets on HDFS by raster bands

Parallel data processing across many
computer nodes simultaneously

Landcover change results
reassembled and visualized

I

e

Figure2-6. Detailed workflow for images classification avidualization

An overview ofthe steps in thprocesss shown in Figure-b. Four stepsvere
appliedincluding (1) read and parse eagair of input images and create RDDs for

green, red, and nearfrared bands; (2) split data into chunks and process them in
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parallel; (3) gather results and assign labels to each pixel; and (4) reconstruct whole

images by sorting output RDDs and visuatizZem in PPM format.

3.2 Cloudbasedistributed SVMClassification

NDVI/NDWI threshold classification was a simple unsupervised classification
method that was designed as a testbed in this study to demonstfatesihiity and
performance of our framework. However, more robust classifiers are often needed in
actual gegraphical research. For example, researchers applied unsupervised
classification methods such as ISODATRall & Hall, 1965 andK-Mears to
classify remotely sensed images without ground truth daféset-Famil, Pottier, &
Lee, 200). With the support of ground truth datasearchers could use supervised
classifiers to achieve classification results with high accuracy than simply applying
unsupervised classification approaches. SVM is one of the most commonly used
supervised classifie(€avallaro, Riedel, Richerzhagen, Benediktsson, & Plaza,
2015. In this study, we developed a distributed clbaded SVM using our
framework to demonstrate 1) the classifier in our framework could be adjusted to
support different classification tasks without a major change of the framework; 2) our
framework can be applied in a geographical research setting qléted highly
accurate remotely sensed image classification.

SVM is a supervised machine learning model that is able to support
classification, regression and outliers detecfi©huang, Su, Jeng, & Hsiao, 2002
The general idea of the SVM model is to seek the hypeeplthat separate the
training samples with maximum margins in the space where training samples are

located(Cortes & Vapnik, 1995 It requires labeled training dataset for each category
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asinput to train the classifier and to further categorize the unlabeled portion of a
dataset. In this study, we adopted the SVM function from Apache Spark machine
learning library (Mllib) to support SVM classification using our framework on the
cloud(Meng et al., 2016 Spark Mllib provided a basic linear SVM classification
function to address binary classification problems with linearly separable datasets i
high computing efficiency. However, in terms of remotely sensed imagery dataset
classification for geographical research, a melliss remotely sensed imagery
classifier was a must because only in certain rare cases, the images may need to be
separatedhto two classes. On the other haspectrainformation of multispectral
images or hypespectral images (requiring principle components analysis) was used
as vectors to train the SVM classifier with labels. This involved thdinearly
separable issuthat is common in higimensional vector scenarios. Hence, the
original SVM was not able to be applied directly to most of the remotely sensed
imagery classification tasks without some modifications.

To solve these issues, we developeistributed clouebased algorithmHgure
2-7) by extending the SVM function in Spark Mllib with a kernel trielaasdonk,
2005 and aoneagainstall computing strateggy. Liu & Zheng, 200%to make it fit

with multi-class nodinear classification found in geographical research.
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Algorithm 3 Distributed SVM classification algorithm

1: def Mapper (label, list<float>vector) //read training dataset
o Foreach vector in training dataset:
3z Emit (label, RBF kernel transform(list<float>vector))
4:
5: def Mapper (label, list<float>transformed vector)
6: Foreach class in pre-set classes:
7 Classifier; = SVM.train(i, list<float>transformed vector)
8: Emit (label, list<Classifier>)
9:
10: def Reducer (list<coordinate,vector>, list<label, Classifier>)
11: float MAX probability =0.0;
12 Foreach pixel in image dataset:
13: Foreach classifier in Classifier:
14: if SVM.predict(vector) > MAX probability
15: MAX probability= SVM.predict(vector)
16: label (pixel, list<label, Classifier>)
1.7 Emit (list<coordinate>, label)

Figure2-7. Algorithmfor Sparkbased distributed SVM classification

The first step of this algorithm was to transform the training dataset with kernel
function to map the samples into a higher dimension, which helped solve the non
linearseparable issue. In this study, a Gaaus radial basis function (RBF) was
applied for kernel trick processii§hang, Hsieh, Chang, Ringgaard, & Lin, 2D10
The second step was based ameaagainstall computing strategy to separate the
training dataset inta types of patterns. Herewas equal to the total number of
classes that the images needed to be classified. For each pattetheientire
training dataset was separated into two groups. One group included one class training
sample and another group included all the remainaigitrg samples. Then, a binary
SVM training function was applied to train those datasetsntassifiers. This
binary SVM training function was supported by Spark Mllib. After that, the third step

was to import the vector information from the remota&gsed images that required
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to be classified, and test each pixel for each classifier. By using the predict function in
Spark Mllib, the probability values of confidence for label pixels to each class were
returned. Comparing the probability values of acefpepixel for different classifiers,

the pixel could be labeled with the classifier that provided the highest probability of
confidence. The final step was to output the pixel labels with the coordinates in the
input image using a visualization algoritt{&lgorithm 2) to reconstruct the entire

image with the classified results in different colors.

4. Results andDiscussion

4.1 ExperimenEnvironment

Two experimerdl environmentsvereusedfor this research for local cloud
environment tegig and real coomercial cloud platform teisig respectively. The
local computing cluster contad 1008 computing vcores and 5.12 Tbh memory
availablewith 2 Pb HDFSstorage (Table-2). The Amazon ECbased computing
clusterwasanother computing environme#t.threenodes clustewasbuilt and
nodesn it wereinvolved in computingTable 23). The total number of vcorem
AWS environment wa8 and the overall memoryas32 G. 20 G storage per node
wereattachedBoth envionments configured HDHSock sizeas128 Mandreplica
factoras 3.

Table2-2. Computingenvironment for Landsat 8 classification on local cloud
environment

Hardware Software
Role Count CPU RAM Name Version

2 256 G Apache Spark 2.2.0
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Master 2 X Intel Xeon E5 .
Node 2680v4 2.4GHz Apache Giraph|  1.2.0
Computing 18 2 X Intel Xeon E5 256 G Centos 6.9
Node 2690v4 2.6GHz 1.8.0_152
Java Server VM —
64Bit
Network 10 Gbps Cloudera 5.12.0

Table2-3. Computingenvironment for MODIS classification on AWS

Hardware Software
Role
(instance | Count CPU RAM Name Version
type)
Master Intel Broadwell E5 ApacheSpark 2.2.0
Node 1 2686v4 2.3 GHz 16 G
(t2.xlarge) Apache Giraph 1.2.0
Cowéaduetmg , Intel Broadwell E5 - Ubuntu Server| 14.04 LTS
(t2.large) 2086v4 2.3 GHz Java Server vy 180152
64Bit
Network 1 Gbps Cloudera 5.12.0

4.2 Experiment®Results

In this sectionwe discuss thapplication of thevorkflow on multiscale and

multi-source remote sensing datasets to test the performance and feasibility of the
Sparksensing scheme. The performance of the tool and the visualization of the
experimentafesultsis shown.The flexibility, extensibilityandaccessibilitygained
by usingthe Sparkbased solutiofor remote sensing image dataset processing
discussedurther.

The first experimentvasperformed ora20-node YARN computing cluster. In
this experiment, a mulscale remote sensing image dataset wittSiherkbased
NDVI/NDWI thresholdclassification algorithmvassuccessfully processethe

detailed data size and processing 8iseshownin Table 24. Theprocessing time
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wasrecorded under configurations with default block size, 50 executors with 20 cores
each, and 20G executor memofpe MODIS dataset and SC_sntalbk 54 seconds

and 67 seconds respectively to finish the classification tasks with NDWND

threshold classification approach. It seems like the performance of them was just
similar as they were processed with a desktop series software (e,g, ENVI). The reason
is it will take time to launch a cloddased job includes submit job, read datasenfr
HDFS, processing, generate results and recycle system garbagy so that if the
processing time is even shorter than other parts in the lifecycle of a cloud computing
job, the overall performance is not quite obvious good in comparison with some
desktop shltions. However, for tasks like SC_large or IMAR, the performance of
Sparkbased computing was significant faster than using desktop solutions. For
example, in IMAR classification process with SVM, a desktop solution took extreme
longer time (over 24 hos) than finished it with cloud computing approach in about

38 minutes according to our tests.

Table2-4. Data size and processing time

MODIS SC small | SC medium| SC_large IMAR
Image Size ~0.25G ~1.2G ~10 G ~107.4G | ~1050 G
Classifier NDVI/NDWI | NDVI/NDWI | NDVI/NDWI | NDVI/NDWI SVM
Processing
Time 54s 67 s 276 s 1018 s 2284 s

Furthermore Sparkcan offer highly efficient processing for remote sensing
images especiallywith a relatively largecluster (vith available resources more than
the resource needs of a specific Jasksufficientcomputing resource can support the
entiredistributedcomputing process, ensuring that the processing time does not
significantly increase as the data size increases. From the perspective of algorithm

design, by anatomizing the overall processing time in each opetiatisconsuming
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segment, the join operatiomgerefound to be very timeonsuming, especially for a
datasetvith massive numbers gixels.By contrast, mapping operations for
classificationweremuch fastethanthejoin operations. Hence, designing an image
processing algorithm with fewer join operations and appropriate partitioning to
reduce the data blocks moving may enhance the performafeciaund that
repartitioning operations should also be avoided bedhasecanresult in a very
time-consuming shuffle process.

TheLULC featureusesfour classegother represents neslassified pixels or no
data) dense vegetation, sparse vegetatiamren areas, buddps and sandand water
areas and wetlands (FigureBR In the legend, colors are set for thiassification
resultsby pixel. Otherindicates thoseareasn the images with no data or with
erroneous data. linis figure the changebetweereach pair of images can be clearly
seenWith the mag of 2014and2015as an examplahe results showhat April
2014 was very dry for this area and during this ytb&r new branch of the Suez
Canalwasbeing built and filledvith water. It also shoedthatthere wasew
vegetation growing along the Canal; such vegatanay be new farmland because

most of the vegetation regiomsrein artificial (human builtjshapes.
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Flure2-8. Visualizationof NDVI/NDWI threshold classificatiomesultsfor time
series fron2013to 2017

In addition toenhancing overall performaneeth thealgorithm design, the
second experimentasdeveloped to further study if the execution configurations
may affect processing performance. Only the lagjgeLandsat 8datasetwasusedin
this experiment to assess the processing time with different execution configurations.
According toSparkperformance tuning official documer{spache Software
Foundation, 2018bthe executor numbers, executor coresex@tutor memorywere
three main factors that may effect on performasfceparkbased applications.
Budgeting available computing resources in advaveesusually needed for users to
gain satisfying processing performance. Here, three different configuestsvere
assigned as following: (1) 10 executors with 100 G memory and 100 cores each as set
1; (2) 50 executors with 20 G memory and 20 cores each as set 2; and (3) 500
executors with 2 G memory and 2 cores as set &elthree configuration seigere
designed with same total computing vcores and memasyalso worth poinhg out
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thatblock size may sometimes effect performance as well. As discussed above,
repartition operations (especially for incrieaspartitions) usually should be avoided
to eliminate unnecessary shuffle proas$&/nder this circumstance, partitions will be
mainly decided by block size during I/O process when RibB®created. If the

block size were too small, massive nunstmdrpartitions will be created especially
with avery large input dataset, which will letalincreasing the overhead of tasks
management, thoughcoalesce operation may be applied to decrease the partitions
sometimes without shuffling. If the block size were too large, only a few partitions
will be creded so that not all the coresthreavailable computing resource can be
sufficienty utilized. In other words, the feature of paralleligmsnot fully exploited

to enhance the performance. Here, three different blockweeset during the
experimentsThe performancehangesvith processing the dataset under different
execution configurations and different block sizes are presentédure 2-9. The
shortest runwasoffered by 50 executors with 20 G memory and 20 cores each under
default block size. With the same executor configuration set, the performasae

bit lower withthe64 M block size, which may result from the total tasks neimb
beingincreased with smaller block size. However, the execution time for each task
wasnot significant reduced witthe corresponding settings. The performance of the
same configuration set with 256 M block sizasalso beaten bthe case with the
default block sizeThis was due tthe partitions generated under this block siemg
too few, so that parts of the executaverenot active during processing. This
problembecamenore obvious when applying configuration set 3. Because the

number of execwtrsin this case wafar more than taski®r this caseand too many
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computing resourceserein idle, this leadto the lower performance. The execution
configuration set 1 shosdvery similar performance with set 2 under each block size
setting. Howeverhy monitoring the utilizatiomf coreswith set 1,this waslower

than with set 2. This mayeanthat with increasing numbeof executors and
decreasing theumber ofcores per executpmay lift the utilization of cores and may
also help enhance the oa#liperformance in some cases especially for very large

dataseg with relatively limited computing resources.

Processing time under different configurations
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Figure2-9. Processing time of larggze Landsat dataset under different
configurations

The third experiment adopted a distributed cloud based SVM into our framework
to process over 1050 GB of Landsat 8 images with a classification task set in IMAR.
Cloud cover was inevitable for remotely sensed images in such a large angalur
one month acquired period. Hence, a cloud removappreessing step was
performed using a cloud mask attached with the Landsat 8 dataset. The pixels that
were covered by c¢cloud were | abeled as

points extraton and classification.
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To train the SVM classifiers, 30000 training sample points were extracted from
the LULC map in 2016 and were applied to train 7 classifiers according to the pre
defined number of classes. Those sample points were generated by sisatdied
random strategy to make sure there were enough sample points for each class. The
overall processing time was 2284 seconds (Talflgahd the visualization of 7

LULC classes was generated using Algorithm 2 (Figut@)
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Figure2-10. Visualization of SVM classification result in IMAR
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As we havediscussed, thdevelopedool can be deployed on commercial cloud
platforms with no change (if the hardware configuration is highly diffiérstrategies
of balancing workload may need to be reconsiderdiylastexperimentvas
designed to usdis framework onAmazon EC20 processa MODIS dataset.
Differentfrom Landsat roducts with band 4 as RED, band 5 as NIR and band 3 as
GreenMODIS (MODOQ9GA) producs setthe RED band as band 1, NIR as band 2
and GREEN as band 4. Excdpt changing the band index for input, the processing
tool wasready to launch with no additional adjustment needed in coding. This
experimentan on 3 nodesf Amazon ECZloud computing cluster. By applying 2
executors with 2 cores and 4 G memory each, the expermaasuccessfully
completed in 54 seconds.dtworth pointng out that 54 seconds processing tiwes
not fast with such a small input dataast-0.5 scen®1ODISimagewasonly about
50 M. In this casemost of theime wasoccupied by job submission, task
management, resource allocation etod sahe performance dparkapplications
wasonly shovedto besignificanty improvedwith therelatively large dataset.
However, this experiment stilfas able to demonstratteat the proposed framework
can be deployed aactualcommercial platforms to process midturce remote
sensing images with only minparameter adjustments.

These experiments represent a robust solution for constructing remote sensing
image processing tools for multiple purposes Wexieflexible (the ability of the tool
to fit multi-source datasett different scales), extensible (thbility of the tool to
expandand accommodate the volume of computingdoesolvel) and accessible

(the ability of the tool to access data from multiple storage platforms and locations on
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local resources, data centers, and the cldtlthtest image daisets in thse
experimentsvereLandsat 8wvith 30 metersspatial resolution anfODISimages

with 500 meters spatial resolution. Howeveshouldbe noted that the inputiataset
can be any rastdrased imagewith different spatial, temporal, and spectral
resolutionspecause the algorithm implemented in our experimasia pixetbased
processing algorithm. Following a similar mechanism, all goesded algorithms can
be implemented by processing the DN valuesaufh pixel to generate required
results under this framework. Hence, regardlesshaither this workflow waappied
to an existing datetor usedwith a nexthorizon dataset that will be collected in the
future with current sensors or new sensors, thlistisn wascapable of handling the
tasks with only minor changén coding, thereby saving the high cost usually invoked
in reprogramming different tools for different research goals.

With theSparkbased implementation, as demonstrated in the experithent
main structure of this tool @snot require modification as the volume of dataset
changesilt is possiblefor examplethateven if aLandsat 8datasethatcoves a
completeyear (47.33 Tb}Y. Ma et al., 201bis involved in processing at the same
time, bythe supportof cloud platforms, in theory users can always gain sufficient
computing resources (memory especially,3park. Consider thaAmazon EC2ow
provi dxdes32xialyee iinst ance, which contains 128
memory,and~4 Tb storage. Usersrtapply fewer than 20 instances to implement
in-memory computing witlsparkbased approaches for this datasehany different
processing purposes. Nevertheless, to maintain the high performance of the tool, the

partitioning strategies should be tailotggksed on real execution environments,
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especially for clusters with unevenly distributed computing resources and networking
performance.

As discussed in the introductioBparkbased approaches can easily access
HDFS,Amazon S3CassandraandHBase Beneitting from cloud storage and
management development, an increasing amount of data has been stored in the cloud
and is open to the public. The approach as demonstrated, gtolode-based data
resources to support userssandincrpatinghewr mi ng a
products from it, without transferring unnecessary original and intermediate data to
local storage before the final results are generated. This solution can also support data
from multiple sources at the same time. For examples user access clotglored
public data as part of their data source and can also access and load their private data

stored on local HDFS in a singBparkapplication.

5. Conclusions

In this study, we demonstratethat the current statef-the-art for remote sensing
in big dataerg involving RSdatasets being generated from existing and-next
generation satellites amérthobservation platformgas in many cases, proceeding
at paces that outstrip our analyticapabilities to keep up witthe information
productsassociated witthose data. While data and analysisout of alignment,
researchers perhapavemissedopportunities to build the necessary science that
might otherwise be attainable if data and asialgould be bettezonnected. In this
study, we discusgeda set ofcurrentandwidely-used approaches that have been
developedn previousstudies as a means to cater to the call of the community for an

effective and efficientomputingframework to procgs remote sensing datasets.
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Based on a comparison with other possible approaches,$sangto build a robust
scalable tooin a cloud environmentasdemonstrated to ken important and
practical option to match data with analysisedle To this enda Sparkbased multi
scale remote sensing classification has been introduced sandéessful
deployment and experimental testing in a cloud environment has been shown.
The approach in thistudysuggests several promising advantages. First, the
scheme foSparksensing offers considerable flexibility for processing remote
sensing dateets in multispatial, multispectrabr multi-temporal cases, Indeed,
shifting between resolutions and spectrums is possible with slight adjustment
thereby significantly saving the tinamdcost of reprogramming brand new toolkits
for different purpose Second, this scheme makes it possible to exploit the benefits of
cloud platforms to gain (theoretically) unlimited computing resources,higtiiy
efficient performancéo potentially support very big RS imagery datasets processing
Third, the presentkapproach is natively highly accessible to multisource data
storage, even in the cloud, which is useful in reducing data transformation costs.
The took and frameworkliscussed in thistudywereobviously a prototypical
frameworkandthus, improvementsan stillbe made. The work here serves to
demonstrat¢éhe general principle and mechanisms necessdaytchexperiments in
this area, and hopefultyis researchvill encourage others in the community to build
on this foundationOneextension of our@roach could include the implementation
of more complex remote sensing image processing algorithms, espetlalhespect
to classification(e.g., random forest, or even npixel-based classification approach

such as objected oriented classifietsextendthetypes ofcasesencountered
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different research areas. Another improvement could be explored in designing better
partitioning strategies to further enhance the computing performance. Moreover,
using adatasefrom theclouddirectly may reducéhe unnecessary data transfer from
the data source to the cloud environment, which may better fit the usageworieal

problemsolvingenvironments
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Chapter3Data Gap Filling for Land U
Study Us-bage@l Dudtri buted Mar kov

Aut omat a

1. Introduction

1.1 Significance of. andUse and_andCoverChange

Alteration of land surface conditions affects the earth ecosystem functions
significantly and profoundly in many different waftsambin et al., 2001Mitsova,
Shuster, & Wang, 20)1For example, changes in land usech as deforestation and
urbanizatia resulting from human activities, have become important fatttat
impact the global carbon cycle and the global clinfgatdey et al., 2006 In addition,
land cover changes can also affect local anBajlclimate from both a biophysical
and biochemistry perspectijeeddema et al., 20D5-or example, changes in albedo
and roughness of surface due to vegetation structure alteration may affect surface
energy, such as momentum and heat trangpmGuffie, Hendersotsellers, Zhang,
Durbidge, & Pitman, 1995Environmental factors and human activities togetiaa
both contribute to these changes. However, in past few decades, the unprecedented
expansion of developmeahdthe rapid pace of urbanization makes human activity a
principal factor that affects climate through ongoing land use and land cover (LULC)
changgSingh, Mustak, Srivastava, Szabg & Islam, 2D1For this reason,

understanding the current state and trend of regional and global LULC change are
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very important topics for regional ancobkl sustainable systems research and
developmen{Fan, Wang, & Wang, 2008

Many research studies have been undertaken to explore the effects of LULC
change on climate. In general, observation and modeling are two main directions for
this researcliY. He, Lee, & Warner, 20)7For example, temperature recordsever
applied by Kaufmann and Stern as observational evidence to analyze global climate
change under human influen@éaufmann & Stern, 1997 Douglas eal. modeled
the moisture and energy fluxes from the perspective of biophysics to explore the
impact of agricultural land use in IndiBouglas et al., 2006Pielke and colleagues
reviewed LULC change studies via modeling and observational evidence for each
continent across the glofeielke Sr et al., 20)1In these studies, both observational
and modeling studies required LULC maps as input to detect the pattern of changes in
LULC over time. However, due to the limited #adility of large area and lonterm
LULC maps, previous climate studies sometimes simply applied a single map from a
specific year to represent the LULC for an entire study pédbd, 2013. This
research presenés approacihatoffers high quality largescale (i.e., datasethat
arebeyondthe computational capacity @single workstation) LULC dataset where

datagaps areminimized to support related research.

1.2 MissingData in LULCChangeResearch
In 1991, Townshend et al. claimed in their research that only rensatesed
(RS) data could potentially provide accuratel repeatable global LULC for
monitoring changéTownshend et al., 1991From then on, many researchers

(Dewan & Yamaguchi, 2009. Liu et al., 201%employed remotely sensed data to
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generate LULC maps. However, this research either applied relatively low temporal
frequency of acquired images or employed mixed data sources from multiple
different satellites to build an LULC time series. The main reason is ibat it
computationally chi&enging, and missing data has been a stumbling block to building
a high resolution LULC dataset for large scale and long term time series using the
same optical RS dataset data sodioce continuousperiod,andfor thesametime
intervals(X. Li, Shen, Li, & Zhang, 2016

The problem of missing RS data occurs mainly due to two reasons: one is that
aging sensors may experience hardware failures and a second reason relates to
weather. Under the first scenario if there is a malfunction, a satellite cannot send
accurate and coect ground information back as usual. For example, the scan line
corrector of Landsat 7 enhanced thematic mapper plus (ETM+) has permanently
malfunctioned since 200Zeng, Shen, & Zhang, 20),3vhich impedes the use of
Landsat ETM+ datasets for research purposes after 2003. When satellites are
scannhngtoudy areas or areas where rain is
clouds or haze may obscure the land surfaedin turn result in missing ground
information for those areas. Although many different cloud removal approaches have
been develogd to support various cas@afurov & Badossy, 2009Tseng, Tseng,
& Chien, 2008, those algorithms cannot always return optimal results especially
when the input images are heavily cleemhtaminated. Hence, a critical research
need is to develop effient methods to reconstruct missing data in imagery dataset
since gaps in remotely sensed data are inevitable, especially for longer term and large

scale LULC studie¢X. Li et al., 2016.
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1.3Gap Filling Modeling Approaches

Shen and his colleagues reviewed current reconstruction approaches to address
missing data issues in optical remotely sensed dai&ets et al., 20)5Thefour
classes of methods that they derived have beemtuis bf much research) spatial
based method®allester, Bertalmio, Caselles, Sapiro, & Verdera, 2@Xhang,
Li, & Travis, 200%; 2) spectrabased method&ladkova, Grossberg, Shahriar,
Bonev, & Romanov, 2015hen, Zeng, & Zhang, 20}13) temporalbased methods
(Melgani, 2006J. Zhang, Clayton, & Townsend, 2Q1and 4) hybrid method®in
et al., 20%). Spatialbased methods involve filling in for missing data by traditional
interpolation methods or further enhancing interpolation techniques using spatial
relationships. Spectrdlased methods use redundant information found in other
normalbands to derive the data in missing bands. Temjbarsd methods appl
data that were for the same geographical region but with different acquisition times as
supplementary information to calculate the missing data. Finally, hybrid methods use
multitempoal and multispatial datasets to support filling missing gap for the same
time period and for the same locations. One example used a Markov Chain Cellular
automata model to reconstruct the missing data in a time series gap for LULC
mapping as well as for edicting future data based on current known information
(Halmy, Gessler, Hicke, & Salem, 2015

Markov Chain models are stochastic models that have been widely used for
predicting LULC change at different scal@aker, 1989 Markov Chain models
containa series of random values. The probabilities of those values at specific time

steps are dependent only on the value at the previous tim@atept al., 2008 This
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is part of a basic assumption of Markov Chain models from physics where the
probability of the tate in a system at a certain time point can be determined by the
state at a previous known time pofBell & Hinojosa,1977). Applying this principal
in LULC studies, researchers assume that the LULC can be regarded as a stochastic
process and the different LULC classes can be treated as states of a chain, which
makes this model a simple approach to modeling LULC ch@higag, 2002
Markov analysis is suitable for spatially dependent LULC data because the statistical
independencef the data will not be necessarily checked for those(@atarmars,
De Koning, & Veldkamp, 2003 More importantly, unlike Geomo@ontius Jr &
Chen, 200%or other approaches that simulate -ovagy transitions from one class to
another, Markov Chain models can be used to simulate all classes in LULC change.
However, Markov modeling itself offers no spatially ksip support. In other words,
the transition probabilities that can be derived from observed data sets can potentially
predict accurate change among LULC classes, but the spatial distribution of these
changes will not be represented explic{tfe & Bai, 2007. Fortunately, this
shortcoming of Markov Chain analysis can be addressed by integrating other models
that can add spatial properties to the regtitdmy et al., 201p

A cellular automata (CA) model is a spatial and dynamic model that can be
utilized to simulate and represent complex spatial and dynamic processes in many
research fieldéMendes, Santos, Martins, & Vilela, 2Q0®iu, Kandhai, & Sloot,
2007 Zhao, Billings, Coca, Ristic, & DeMatos, 200t geospatial science, the CA
model has been extensively used to simulateycs of land use change and other

natural geeprocessefDi Gregorio, Kongo, Siciliano, Sorrisdalvo, & Spataro,
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1999 C. He, Okada, Zhang, Shi, & Li, 2008he simple modeling and
computational efficiency of CA models makenha possible choice for modeling
LULC dynamics at multiple scales. Giithsed dynamics are structured to operate
locally and be controlled by transition rules that are designed by modelers and are the
same for each grid cdlFonstad, 2006The states of all cells are updated
simultaneously based on the progression of time and according to transition rules.
Integrating Markov chain models with CA models is a robust apprtm
simulating LULC change at different scal€uan et al., 2001 With the addition of
spatial information from a CA model, the Mark®A has the advantage of
simulating tweway transitions among all LULC clasg@$eobald & Hobbs, 1998
However, even though the Mark@A model has been widely used in LULC change
prediction and inform&in reconstruction, the fact is, until now, the vast majority of
CA-based models are implemented to run on a single computer or single workstation,
with the result that computing capacity is often limited. Becausé&®d models
are theoretically scalabte any size, improving the computational capabilities of
cellular automata can be of significant benefit to researchers. Especially in the Big
Data era, to design an approach for how to makeb@ged models benefit from big
data input and how these mode#s be accelerated via cloud computing, will better
support LULC change analysis and gap filling procedures especially for large areas
and longer term time series research.
In this study, we discuss a workflowhatusesacloud-based Markov CA
simulator to support LULC analyses including gap filling. We developed a distributed

computational framework to support our stugynga cloud environment. We tested
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our framework to implement gap fillinfgr aLULC datasetollectedfor The Inner

Mongolia Autonomous Region (IMAR), China with-B@eter resolution LULC

mapping from 2000, 2010 and 2016 as input data. Eleven environmental and human
factors incluéhg digital elevation model (DEM), slope, precipitation, temperature,
populaton density, livestock density, compensation policy, water area, roads,

railways, and other human land use are applied as constnaimestrainfactors to

calibrate the MarkodCA model.LULC classes were not expected to change into

other classes as astdt of the impact of any of the constraint factors. On the other

hand, some classes were possibly changed into other types of LULC classes under the
impact of some of the restraint factoffile accuracy of gap filling is calculatading

aconfusion mats and kappa statistics.

2. Sudy Area and Dataset

2.1 Study Area
The IMAR is located imorthern China (Figure-3). It is the third largest
province in China with 103 counties (or banners as hamed by the local Mongolian
population). The overall area is@li 1.18 million square kilometers extending from
37£ 24 Nto53E 23 Nand97£ 12 Eto 126 04 E. The shape of IMAR is
long and narrow. The climate is variable across the region as in the western part of
IMAR it is semtarid, while the eastern and northereas correspond to a semi

humid climate.
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The major land cover in IMAR is grassland. The Hulunfassland, located in

northern IMAR, is one of the largest natural grasslands in the world. In this study, we

classified IMAR into ten LULC classes (Tablel In this table, there are seven

grassland classes classified by using Ivanov moisture coatf{&enonova, 196

Table3-1. IMAR LULC classes includingrasslandsubclasses

Class ID Classes Subclass ID Subclasses
30011 Plain and hilly area of meadow steppe subclass
Temperate Meadow .
1 steppe (TMS) 30012 Mountain land of meadow steppe subclass
30013 Sand land of meadow steppe subclass
Temperate steppe 30021 Plain and hilly area of steppe subclass
2 p(TS) P 30022 Mountain land of steppe subclass
30023 Sand land of steppe subclass
30031 Plain and hilly area of desesteppe subclass
Temperate Desert -
3 steppe (TDS) 30032 Mountain land of desesteppe subclass
30033 Sand land of desesteppe subclass
Temperate Steppe
4 desert (TSD) 30070 Temperate Steppeesert subclass
5 Temperate Desert 30081 Gravel soil of desert subclass
(TD) 30082 Sandsoil of desert subclass
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30083 Salt soil of desert subclass
Lowland Meadow 30151 _L'owland meadow subclass
(LM) 30152 Salinized lowland meadow subclass
30154 Marshy lowland meadow subclass
Montane Meadow 30161 Low-middle hills ofmountains meadow subclass
(MM) 30162 Subalpine of mountains meadow subclass
8 Marsh (MA) 30180 Marsh
9 Water Area (WA) w N/A
f Forest
S Sand
Non-grassland (NG) ; Road
1 Human Land Use and all others ngirassland

In recent decades, researchers have stuiies focusing on the LULC
classification(lLan & Xie, 2013, grassland degradati¢hong, Wu, Yong, Yang, &
Yong, 2004, ecosystem stabilitgBai, Han, Wu, Chen, & Li, 2004 long term
climate changérends(Xie et al., 2018and net primary productivitZ. Wang,

Zhong, Lan, Wang, & Sha, 2019n these studiefRRSimagesfrom Landsat and

MODIS are important data sourdes bothinput and validation. Howevethe

images areftenaffected by weather conditisand unable to generate prmtis with
acceptable qualitdue to the high degree of gaps in the data examplethe

Landsat 8 OLI images iRigure 3-1 represent the best quality images avail&ine

August 2016After running a cloud removal algorithm with band 9 of Landsat 8 as
input, thecirrus cloudsaredeteced and removed. The portions of Figurg B

yellow, shows cloud covered areas during August 2016 that correspond to where data

gaps exist in IMAR during this time period.
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Data gap
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Figure3-2. Data gap in IMAR on August 2016

There aren total,~ 1.28 billion (1281956192) pixels/cefier bandn this study
area and approximatel(.49 billion (492899116) pixelsere covered by cloud
during this monthi.e., the cloud coverageas over 38.45%ln thenorthern parof
the regionwherecloud coveragavas above 85%glouds werea majorobstaclghat
potentially impede& ULC researclon thisregion

In this study, waindertakegap filling for the remotely sensed datagatthe
entireIMAR region. The processing framework we propegsable to handland
procesgheentirearea during single run.To assess the accuracy of our simulated
results, weocused in particar onthreelocations in IMAR, theHingganLeague

region,Xilingol League andBayan Nurregion The main objedtesof this study

62



were: 1) to develop a workflow to be able to process LULC data gap fllidgeasily
to be extended to very large scale with sufficient computing reso@)cts
implement a cloudase Markov ChainCA model and test iising acloud
computingenvironment3) toapply historical LULC data and auxiliary datallected
from 2000and 2010 as training data to simulate the LULC covei@g2016 and 4)

to assess the accuracy of the gap filling results

2.2 Data Availability

A very high accuracy LULC vector mapping dataset that was generated by visual
interpretation assisted witlasple plots that were available for 2000, 2010 and 2016
for the IMAR region, and which were used as input and validation LULC datasets in
this study. An initial set of 26 land cover subclasses were reclassified into the ten
classes of land cover types (Te3-1). A DEM dataset was created using The
Advanced Spaceborne Thermal Emission and Reflection Radiometer (ASTER)
Global Digital Elevation Model (GDEM) program, that was downloaded from NASA
Earthdata portal. Slope for this area was calculayeprocessg the DEM data. A
roads and railways vector dataset was acquired @penStreetMap
(OpersstreetMap, 2020 Distance for each cell to roads and railways was calculated
as one of the suitability factors for LULC change. Meteorological data including
yearly precipitation and temperature were provided by the Chinese Meteorological
Data Service&Center(CMDC, 202(Q from 2000 to 2016. These data were interpolated
and rasterized usifyUSPLIN, a meteorological data processing framework

(Hutchinson & Xu, 2001
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Population and livestock survey data from 2000 to 2016 were providee by th
Department of Agriculture and Animal Husbandry, China. Population density and
livestock density were calculated based on county vector data. Compensation policy
data that was in effect for 2010 to 2015 was also provided by Department of

Agriculture and Aimal Husbandry, China.

3. Method

3.1 Workflow
In our study, we used historical LULC data from 2000 and 2010 as well as
available data from 2016 to train a Markov Ch@iA model to simulate LULC data
that was missing, causing gaps in the record. Ecological, economic, demographic and
urban factors weralso integrated as part of model training as constraint and restraint
conditions to improve the accuracy of simulation results. The workflow for gap filling

LULC involved five different components (Figure33.
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Figure3-3. Workflow for cloud based ULC gap filling process

The first step in the workflow was LULC classification and mapping. A common
approach to generate LULC datasets is by preforming image processing and

classification on RS imagery datasets)., Landsat 8 OLI. In other words, LULC
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data can be generated by using a lmtpgle RS processing framework ohigh
performanceomputing cluster or cloud environment. A LULC dataset can also be
generated from a ground survey, which was availablthéoIMAR region and for

our study. Secondly, as the environment, climate, and human activities were variable
across the study area, the region was divided intaegibns (SR). This is important
especiallyfor a large scale study because it allowed the design of functions to be
tailored to integrate constraint and restraint factors for subregions with relatively
similar impact factors, which was better able to calibrate and train the model for each
region. Third, a Markov Chain model wasained,and a set of suitability grids were
built using multicriteria evaluation (MCE) applied to the LULC data. In this step,
existing data for the region for 2016 was used as a mask to extract LULC data from
2000 and 2010A cloud-based Markov Chain analysis was processed to generate
transition probability matrices for each stggion by using the masked LULC dataset
from 2000, 2010 and 2016 as input. For eachregion, difference functions and
control points for each estraint and restraint factor based on statistics and
conditions of eleven environmental and human impact data were designed and
applied to determine the suitability and location of transitions using MCE. This step
was integrated using Apache Spark. Thbea,CA model was run to add a spatial
component, where a spatial neighborhood filter was applied via the CA model to
assign weights to suitability scores of each cell. The number of iterations will be
assigned at the initialization step of the CA modelk&®time CA processing starts, it
updated cells status with transition rule to decide the highest possible simulated

transitions among each LULC class. This step was built using Apache Giraph. Lastly,
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an accuracy assessment was run for the simulated resin¢sthe 2016 LULC data
as validation. A detailed discussion for each step of this workflow is presented in the

sections that follow.

3.2 LULC Classification

To deal with LULC studies starting with raw RS imagery datasets, researchers
are required to hatel LULC classification and mapping, and also handle the
processing of some ground truth points. For this research, the analysis of the entire
IMAR regionis considered as a largeale study. Using, for example, Landsat 8 OLI,

a widely usedmedium spatiatesolutionRS imagery dataset withralatively short

revisit period(U.S. Department of the Interior & U.S. Geological Survey, 2018

cover all ofIMAR, it would require ~190 scenes of images for a single month. To test
our cloudbased Markov CA simulator, two years of input data and one year of
validation data were usedhib involved, ~600 scenes of Landsat 8 OLI images that
were processed including handling atmospheric correction, cloud removal and
mosaicking. The overall data input was over 1TB, which precluded processing on a
single workstation in a timely fashion. lnis study therefore, exploiting a big data
processing framework was a must.

Processing RS datasets and classifying them into LULC is an active area of study
and many researchers have developed methods and frameworks to process large scale
RS images. Fon@mple,Huang and her colleagues used Message Passing Interface
(MPI) as a computing framework to support dust storm simulation and forecasting on
the Amazon EC2 commercial cloud servi@ Huang et al., 20)3Wanget al.

developed pipsCloud, a clodmhsedapproach to proce$dS on-demand in realime
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(L. Wang et al., 2013 For this research, we develope8arkbasedRSimage
processing todhat can be deployed on cloud platforam&l potentially to be
extended to very large scale with enougmputing resourced.an et al., 2018
However, it is worth pointing ouhat all LULC classification and mapping
needs to pass an accuracy assessment before use. The quality of input images,
auxiliary data and classification methods will all impact the final accuracy of results.
We directly applied already existing masked LUi@ps from 2000, 2010 and 2016
as input for Markov Chain training analysis, and used the entire LULC data from
2016 for validation. The highly accurate, alreatyssified LULC maps can help us
better focus on the task of gap filling by using a ctbadedviarkov CA. To derive
measures of overall accuracy for the gap filling task, confusion matrices were used
and Cohenbdbs Kappa statistics were also

and consistency for this method.

3.3 SubregionsClustering

To implement LULC gap filling, it is necessary to use existing dataset to train a
model to simulate the missing LULC data in gap of the targeted time. However, it led
a problem that, for a larggcale study, the LULC, environmental factors and human
activities cauld not be easilglistinguisted along the whole study area. The model
training process will try to find the optimized parameters for fitting the whole area if
the datasets of this area were used as a single input. It should be noted that this may
result inmodels for certain specific regions of the area that might not hawétbest

parameters due to the fact that those parameters also have to be fitted for other areas
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at the same time. Hence the overall accuracy may be lower and the optimized gap
filling results cannot be achieved.

To solve this issue, a pgrocessing step was performed for the study area before
model training using machine learning techniques. Multivariate clustering was
applied using the LULC dataset, environmental conditions, and ddanoan
activities to divide the whole study area into severalrggions. Then, we designed
and calibrated a tailored model for each-sefion to run the gap fillingn this
study, a countypased multivariate geographietkedoids clusténg analysis was
performed(Ippoliti et al., 2019. Several continuous clustering stdgion parts were
created as shown inlfowing map. In this analysis, LULC classes, DEM, slope,
precipitation, temperaturpppulationdensity and livestock density wareludedas
variables. Zonal statissavereused to assign valaef each variable into each county
in IMAR. The cells weresortedby county, and the majoritywaluewas assigned ta
county agheLULC value. For all other variablegye mean value was calculated for
all cells in each county to generate the findLC value.

Multivariateclusteing was implemented by ArcGI®o 2.5.0. To assess the
optimized clustering strategies, different clusters were generated from 2 to 30
clusters. ACalinskiHarabasz pseudodtatistic(Ca |l i EBs ki & Has abasz, 1
applied to rank the top three cluster candidates for further proceshisgest
generatd the minimum spanning tree by calculating the witgioup similarity and
betweenrgrouwp difference. In other words, spatially contiguous siearedivided

into clusterdy maximizing thewithin-group similarites andbetweergroup
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differences. Testing showed that clustering IMAR into six clusters was one of the best

clustering candidatersttegies (Figure-&).

Cluster ID
/1
I 2
3
4
s
s

175 350 700 Miles
1 1 | 1 1 1 |

Figure3-4. Six clustersgenerated bgountybased multivariate geographie k
medoids clustering analysis

In this result, cluster 2, shown in black, was a region in Baotou city\8j#57
people per square kilomesaand 5502 livestock per square kilomet&his resulted
in the extreme value here that was clusterediiatown clusterBy checking the box
plots chart, the density data for this small area should be treated as outlier. Hence, we
merged this area with surrounding areas that also belonged to Baotou City, and
treated them as a single county. As a residt optimized clusteringias5 clusters
based omrmerging cluster 2 into cluster Strategies based on 8 and 10 clusters were
also shown to have good performance undep#ieeido Fstatistic Using a similar
approach, outliers were removed from both theu8ters and L@lusters result,

transformng them into 7 and 8 clusters respectively.

70



Multivariate clustering methods could offer a strategy to cluster the whole study
area with several candidates. However, these could not provide the best result directly
to support further processing. In tsisdy, to choose and verifwhich clustering
strategygave the best fit for gap fillinga discriminant analysig&riedman, 198pwas
performed on those three clustered results. In this study, 1@&0606m sample
pointsfrom IMAR were generatedtach pointwas a&sigred withvaluesfrom the
LULC classes, DEM, slope, precipitation and temperature. The population density
and livestocldensitywerecalculatedat county scale beforieeingassigned tdhe
sample pointsThen,75% of sample points wereandomly samplgasthetraining
datasetandtheremainng 25%were used as thtest dataset for discriminant analysis
In this studyaquadratic discriminant analysis (QDMasapplied to avoid the
problem where theovariance matrix is not the same for(MicLachlan, 2004
McLachlan also claimed the linear discriminant analysis (LDA) should be used
cautiously because it is unlikely that homoscedasticity will hold exactly in real world
modding, evenwhenthe preliminary test does not reject the null hypothédtsr
running the QDA, confusion mategsfor all three scenarioseregenerated and the
overall accuracy was calculatethe overall accuracy for 5 clusters, 7 clusters, and 8
clusters were 92.37%, 89.52% and 90.04% respectively. Hence,dlstbrs

strategy was selected to divide IMAR into 5 selgions.

3.4 ImplementingCloud-based Markov ChainCA Model
The Markov model and CA model are both discrete dynamic models with time
and states. When applying a MarkG¥ integrated model in LULC change studies,

the Markov model relies on a transition probability matrix of LULC change between
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pairs of time steps faspecific time intervals that are derived from observations. The
probability matrix provides an estimate of the probability that each LULC class will
be transformed over time to a different class or will remain in its current class. The
CA model is usedotadd spatial features that complement the LULC information
handled by the Markov model. By assigning a neighborhood filter and weights to
each LULC cell, the integrated approach can be used to predict temporal and spatial
changes of LULC for a study aréaan et al 2009.
3.4.1 Cloudbased Markov

Using Markov chain processing, the status of each cell at the same coordinates
but from different input time steps was compared by overlaying two pair of input
LULC datasets: 1) masked 2000 LULC data to masked 2Q1@Ldata and 2)
masked 2010 LULC data to masked 2016 LULC data. The number of cells that
convert from one LULC class to a different class was calculated and the transition
probability matrix was generated using following equatibas et al., 2008

~ ~ N

0 ® (STANNN > N Mo Q 0 GO Q
0 0 GO Ca ripltB
Where® represented the random process and m=0,1,2 represented cell status

at two different time step$; was the transition probability calctéa using the

equation(Halmy et al., 201p
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Where¢ represented the number of cells converted from classlasg; €

represented the count of cells converted from dlasall other classes. Assuming

there weren classes in this transition period, the valgesn transition matrix were:
TN pwWEQ N p
Wherei andj were integers ranging from 1 o The cloudbased algorithm was

implemented by using Apache Spark on a cleadironment using a MapReduce

function. (Figure 3b).

Algorithm 1 Distributed probability matrix calculation algorithm

1: def Mapper (Key, Value)
2: Foreach cell in LULC dataset:

3 Emit (Cjj, 1);

4.

5: def Reducer (Key, int[] Values)
6: int SUM =0;

7: Foreach count in values:
8: SUM += count;

9: Emit (Cjj, SUM;));

10: P” = SUM” / SUMTnlul
11: Emit (SUM;j;, Pj))

Figure3-5. Algorithm of distributed calculating probability matrix using Apache
Spark

At Map stage, cells at the same coordinates from two differpat IdJLC datasets

were compared. depresented the conversion from LULC clagsclasg. Each pair
was counted as 1. After this step, a list of all conversions was generated. At the
Reduce stage, all 1s from all computing nodes were summarized gyGjsas a key

to calculate the SUIM which represented the number of cells of each conversion pair.
In other words, SUNalso represented the conversion area of each pair because the
cell size was fixed. Then, the transition area matrix was generat@teatransition

probability matrixd was calculated using SUMIivided by SUMota, returning the

total number of input LULC cells.
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3.4.2 Transition suitability

The transition matrix calculated by the Markov model provides a purely
mathematical dection to simulate LULC change. However, many factors in the real
world can affect the actual transition among LULC classes. One practical solution to
optimize the simulated results was to apply suitability grid sets. Suitability grid sets
contain the sudbility values of each cell that may transition to a different LULC
class. Sitability grid sets were calculated by the MCE method by assessing each
involved constraint and restraint factor. The constraint suitability value was a Boolean
type that contains values 0 and 1. Constraint suitability refers to the fact that a
specific LULC class ws not expected to change to another LULC class during the
simulation. Those cells of unchangeable LULC regions were marked as 0 and the
other locations in the study area were marked as 1, which represented the potential
suitability for land cover changEor example, iInMAR, any type of grassland was
highly unlikely to change into a water body over the course of a few decades. While
over time, developed land use in an area might see an expansion over time but would
be less likely to change back into sayyatural land cover. Hence, in this study, areas
of water and human land use were considered as constraint factors.

The restraint suitability value were values in a normalized range calculated by
effect of each restraint factor, that represented thenpaltsuitability change level
for a specific LULC class fromansuitable(small value) tdiighly suitableg(large
value). In this study, two constraint and nine restraint factors were invahadie-
2).

Table3-2. Suitability factors

74



Factors Definition Function Shap¢ Control Point (s) / SE
SR1| 690, 1143
SR2| 387,973
Elevation of whole IMAR
DEM - MDJ SR 3| 1024, 1672
m
SR 4| 1414, 1969
SR5| 1316, 1852
SR1| 6.1,20.5
SR2| 39173
Slope calculated by DEM
SLOPE MDJ SR3| 41,149
(degree)
SR4| 11.1,27.7
SR5| 45,158
DisRoad Distance to roads Linear N/A
DisRaill Distance to railways Linear N/A
SR1 389.35
SR 2 419.88
Yearly average precipitation
PPT SS SR 3 276.29
(mm)
SR 4 361.9
SR 5 152.4
SR1 -1.58
SR 2 5.97
Yearly average temperature
TEMP ) SS SR 3 3.28
(centigrade)
SR 4 6.5
SR5 8.38
SR1 5.1, 37
SR 2| 37.8,338.1
Population density per each cour
POP MDJ SR3| 8.1,1945
(people per krf)
SR 4| 52.0,379.4
SR5 1.8,57.5
Livestock density per each coun SR1| 11.1,74.9
LS _ MDJ
(livestock per k) SR 2| 115.9,474.6
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SR 3| 36.9,240.6
SR 4| 116.4,521.2
SR5| 14.2,138.9

CP Compensation policy Linear 0,1,2
WA Water area Boolean N/A
LU Human land use Boolean N/A

Restraint factoraffected LULC change with specific functions and control
points. For example, DisRoad and DisRejpresented the distance to roads and
railways. The closer roads and railways were (short distances), the less chance there
was that the original LULC class&vould be converted into grassland classes. In this
study, the effect of the distance to road and railways was defined as a linear function.
Relating to animal grazing practices in the study area, the compensation policy
included three practices: normabging (not participated in), balanced grazing, and
forbidden grazing. This was a cousigsed policy that allowed herdsman to get
compensation for balanced grazing or to halt grazing for specific time periods. Some
counties in IMAR did not participate this program. In this study, a linear function
was defined for this factor by considering that with less grazing, there would be a
higher chance that grasslands may recover from other types of LULC cl&sdes.
areas (WA andhuman land use aredLU) were twoconstraint factors thatere not
expected to be changed into grassland classes.

Different function shapes were also applied to optimize the suitability value
calculations. In this study, four types of functions were applied in MCE:
Monotonically deceasing shaped function (MDJ)inear,symmetricsigmoidal

(S9, andboolean For example, in SR 1, agnotonically decreasingshaped
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function was used to calculate suitability values for the DEM layer. Control points
defined the position and accurate shape of the function curve Gatbesian
CoordinateSystem. Shape was used for cases such that, for example, the potential
suitability of grassland was similar for areas with less than 68levation
Suitability gradually decreased however, as elevation increased from 690m to 1143m.
Land was deemed unsuitable for grassland at elevations higher than 1143m. Another
example was aysnmetricsigmoidalfunction that was used to calculate the values for
the yearly averageemperaturdayer. To simplify calculations, we s€it.58 € as the
uppermost value faaverage yearlyemperatureaccording to the average yearly
temperaturdrom 2010 to 20@&, which represented that the grassland suitability value
was highest atl.58 €, and gradually decreased with lower or higher temperatures.
After processing all eleven suitability factors, a suitability grid set was generated with
assigned weights for el suitability grid. In this study, we applied equal weights to
all eleven factors to simplify the modeling and computing.
3.4.3 Cloudbased CA modeling

CA modeling was developed to represent complex scenarios with sets of
transition rules over a ceflased pattern. (Pinto and Antunes 2007, Han and Cao
2005). AtraditionalCA wasformed bylattice spacegells, cell states, neighborhood
schemeand transibn rules Von Neumann and Moore are two common
neighborhood schemes that are widely used in CA simulators. In this stDdy, a
with classic 5 x 5 extended Von Neumann neighborhood scheme was applied
undertake three tasks: 1) neighbourhood filtering &isaigned different weights to

target cells within theélesignatd neighbourhood scheme; 2) computing a final
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decision for the transition value for each cell based on the transition probability
matrix, transition area matrix and suitability grid sets; @nilerations that defined

time intervals within given time periods based on the input LULC datasets used in the
simulation process.

However, to processlargescaleCA model (i.e., beyond computational
capacity of processing on single workstation) éfitly is a challengesome
researchers have alreaglyplored this usindig data computing frameworks and
high-performanceomputing resources. For exampgkadenski{Radenski, 201)3
testedsuch aralgorithm on Amazon's Elastic MR Cloud wimaximum 1.6x10°
cells in a 2D situation whetbeyemployed 1 master node and 16 core nodésisn
simulation.Marques anaolleaguegMarques et al., 20)3levelopedh new
computational framework based on MapRediacienplement a 1 trillion ceD/3D
CA simulation on théicrosoft Azure cloud platformThose large CA approaches
show the applicability of CA to big data/big model compgitiout alsoleaveroom
for other investigatorto achieveamprovedsolutionswith simpler modeling, faster
computing and easier data access.

Our approach tackled this problem usingraphbased cellular automata
implementationWe considered the graphasighly suitabldramework for big
data/big model developmeas the CA mdel contains cells and their neigh®.o
Cells can benodekd by the conga of a vertex, and neighbeelationshig can be
reflected in an edgeattern By evaluatingthe state of the vertices connected with the
target vertex, users can easily set up the transition rules to update the state of the

target vertex. More importantly, with grajplased CA, we canmake use o$uitable
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and powerful largescale graph procesgjrinfrastructure such as Apache Giraph in
order toachievemassive cell volumand high performance with the CA simulation
Those infrastructusscan be usually deployed on cloud platforms suchraazon
WebServices (AWSJAmazon, 2015 Microsoft Azure (Wilder, 2013, as wellas
Googl ebs Co (Bandersen, 2bQPand all ef thentanoffer potentially
hugecomputing resources to support the research processing.

Thealgorithmto implement clousbased CAused Apache Giraph,
computational framework based on the Bulk Synchronous Parallel (BSP) model that
providesa sound platform for largscale graph computin@igure3-6).

Algorithm 2 Cloud-based CA implemented with Giraph
1: class GiraphCA

2: MaxSuperStep «— user detined value

3: function compute (vertex, messages):

4: if getSuperstep() == 0 then

5: sendMessage to all neighbors, assign weight,
6: compute (E; = neighbor weight x suitability value)
7: if getSuperstep() <= MaxSuperStep then

8: Foreach cell in study area:

9: While(true):

10: if max(E;)> area limit then

11: max(E;) =0

12: else

13: convert 1 to J;

14: break:

15: end if

16: else

17: voteToHalt()

18: end if

19: end if

Figure3-6. Algorithm of distributed processing Mark CA model with Apache Giraph

This frameworkcontains many superstefis terms of Apache Giraph, this
represents the timesteps in traditional CA terwisgre, in the operation process of
each superstep, each computing unit is arranged into a aartabrerof vertices or

edgeghatensures parallel computing; each computing unit communicates with others
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through message interaction; and whenpitoeesig of this unit reaches a barrier, it
stops until other cores complete their message interactiomr &ftecuting compute
functions in code for certain supersteps or certain halt conditiseiscansave the
output back to DFSThe messagpassing and barrier features are very useful in
implementing CA approaches that can support CA cell status chiaaggd on
neighbors and updates at each time stefhis study, the neighborhoods of each
target cell were calculated superstep 0y sending messages with designated edge
patterns. Then, neighborhood weighted values were calculated and integratie with
results from MCE. The overall evaluation value list of each cell in the study gjea (E
was captured because each cell could possibly transition from one value/class to
another. Once superstep 1 began, Giraph CA started to find the highest transition
possibility for each cell by calculating the maximum value in the overall evaluation
value list. At the same time, the value was required to not exceed the corresponding
value in the area transition matrix to avoid over estimation. After all cell statuses
were updated, the job was halted and results of simulated cell values for study area

were output.

4. Results andDiscussion

4.1 ExperimenEnvironment
Using the same local computatioeslvironments we useth Chapter 2, the
local cloud environment tesin this research involvetid08 computing vcores and
5.12 Tb memory availablé& 2 Pb HDFSwas configured and the block sin@s 128

M as defaul{Table 33).
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Table3-3. Computingenvironment

Hardware Software
Role Count CPU RAM Name Version
Master ) 2 xIntel Xeon ES | . Apache Spark 2.2.0
Node 2680v4 2.4GHz Apache Giraph 120
Computing 18 2 X Intel Xeon E5 256 G Centos 6.9
Node 2690v42.6GHz 1.8.0 152
Java Server VM —
64Bit
Network 10 Gbps Cloudera 5.12.0

The approach used in this research was bas&@®&N, whichhas been widely

used inmanycurrent cloud environmen{X. Fan et al., 2007

4.2 SimulatiorResults andA\ccuracyAssessment

For this analysis, we used masked LULC maps from 2000, 2010 and 2016 for IMAR

as input training datasets to simulate and fill gaps that were present in the 2016

dataset. With theomputational capability of our clotlthsed MarkovCA simulator,

we simulatedhe wholeIMAR region with asingle run After completion, the

simulated data for gap areas was mosaiced with existing data on the 2016 LULC map

to generate a final estimated 2016 LULC map. Eleven impact factors from the

perspective of biophysical, ground features and hurekted factors weranalyzed

using MCE to build theuitability grids for the model.

Table3-4. Transitionmatrix

SR|TMS | TS | TDS | TSD | TD LM MM MA | WA NG
SR1|71.87| 8.03 | NJ/A | NJA | N/A | 212 | 0.34 | 0.09 0 17.54
SR2[66.09] O N/A | NJA | N/A | 2.33 | 0.87 | 0.02 | 0.07 | 30.62
TMS | SR3| 58.59| 22.35] O 0 N/A | 3.01 | 0.53 0 0.17 | 15.36
SR4| 9.66 | 48.6 0 N/A | N/A 0 0 0 0.5 |41.24
SR5|[1691| 7658 O 0.35 0 0 0 0 0 6.16
SR1| 9.97 | 79.16] N/A | N/A | N/A | 10.7 0 0.09 | 0.08 0
TS [SR2| O 65.43| N/A | N/A | N/A | 3.75 0 0 0.26 | 30.57
SR3|10.34| 3457 22.63] O N/A | 14.66| 0.01 0 04 |17.39
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SR4] 0.24 [60.14] 0.03] NNA [ NA ] 0 0 0 [ 211]37.48
SR5| 0 [7337]11.71] o© 0 Jo27] o 0 [ 0.98][13.66
SR1 N/A
SR2 N/A

TDS |SR3| 0 [22.76]67.73] 703 NJ/A | 248] 0 0 0 0
SR4| 0 [1065[86.34] NA [ NA | © 0 0 [0.32] 269
SR5| 0 |28.95[42.62[15.28] 1.92] 371 [ 001] 0 | 024] 7.26
SR1 N/A
SR2 N/A

TSD |SR3| 0.15] 0 [33.17]6343| NA|] 3 | o | o | 0 [ o0.23
SR4 N/A
SR5] 0 | 0 [21.89]52.12[2563] 0 |004] 0 [032] 0
SR1 N/A
SR2 N/A

TD | SR3 N/A
SR4 N/A

SR5| O 0 0 22.05]31.87|11.45| O 0.58 0 34.05
SR1| 1.01 | 451 | N/A | N/A | N/A | 5459| 1.75| 1.18 | 2.31 | 34.65
SR2| 1.87 | 9.23 | N/A | N/A | N/A 4493 O 0.25 | 5.28 | 38.44
LM |SR3| 6.62 | 29.2 | 213 | 246 | N/A |50.11| O 0.1 | 3.24 | 6.14
SR4| O 6.79 0 N/A | NJA 11799 O 0 11.03| 64.19
SR5| O 742 |1 16.44| 441 | 114413038 O 0.21 | 5.99 | 23.71
SR1|2228| O N/A | NJ/A | N/A | 397 |5588| O 0 17.87
SR2|41.08| O N/A | NJ/A | N/A | 283 3127 O 0 24.82
MM | SR3| 64.1 0 0.6 | 0.06 | N/A | 0.23 | 17.77| 0.01 0 17.22
SR4| 27.8 | 0.82 0 N/A | N/A | 0.03 |69.52] O 0 1.84
SR5| O 0 0 0 0 0 7455 0 0 25.45

SR1| 248 | 32 | NJA | NJA | NA 4745 O 43.31| 3.56 0
SR2| 6.31 | 0.35| N/A | NJA | NA |37.12] O 20.75| O 35.47
MA | SR3| 2.83 0 0 0 N/A 19691 O 0 0.26 0
SR4| O 0 0 N/A | N/A | 56.7 0 0 41.88| 1.42
SR5| O 0 0 0.8 0 0 0 35.23| 59.18| 4.79
SR1| O 222 | N/A | N/A | N/A |19.72] O 065 | 7741 O
SR2| O 0 N/A | NJA | N/A 12213 O 1.15 | 44.55] 32.17
WA |SR3| O 0.93 0 0 N/A 13311 O 0.12 1 65.83| O
SR4| O 0 0 N/A | N/A | 37.8 0 0 47.51| 14.68
SR5| O 151 | 4.13 0 45.03|1 24.73| O 0.87 12374 O

SR1| 9.9 0 N/A | NJA | N/A |32.12| 4.54 0 0.71 | 52.73
SR2| 18.12| 16.43| N/A | N/A | N/A | 3.96 | 0.19 0 15 |59.81
NG | SR3|18.07| 29.78| O 0 N/A | 0.59 | 0.66 | 0.02 | 1.33 | 49.55
SR4| 0.19 | 14.34| 0.01 | N/A | N/A | 1.38 | 0.01 | 0.13 | 1.79 | 82.14
SR5| 0.11 | 13 |12.32] 0.34 | 31.96] 6.56 | 0.05 0 2.41 | 33.25

The transition matrix for the tadMAR LULC classes was calculated (Tabld)3
In this table, the diagonal values for each SR represented the probability that certain
LULC classes did not change during the training period. Other values in this table
showthe probability that certain LULC classes were changed to other types of LULC

82



classes. The N/A value in this table represented the case where there was no such
class in this SR. During the two paired training periods 2000 to 2010, and 2010 to
2016, the masstable LULC classes were water areas (WA) andgrassland areas
(NG). They were considered as Boolean types of constraint factors, which were
expected to be fixed and not change during the simulation. Other types of LULC
classes can change into those tlasses given a certain probability. However, in
reality, it was quite rare that grassland classes changed into water areas. On other
hand, rapid increases in human activities resulted in grassland classes being changed
into NG classes, especially tafidand and human land use (LU). For example, cities
and roads were expanding rapidlyiMAR . Overgrazing also happened in some areas
during the past few decades. These cases may lead to grassland degradation or even
the disappearance of grassland esplgdialsome sensitive areas. By assessing this
transition matrix, we found thdtemperate Meadowteppe (TMS)temperate steppe
(TS), andLowland Meadow (LMwere changed into NG with a relatively high
probability (typically over 30%) especially in SR 2 & 4, which were high
population density and high livestock density regions respectively. We also found that
some transitions happened between neighboring types of grassland classes. For
example, TMS class showed a probability of approximately 76.58¥aiuge into
TS in SR 5, which is a very dry area. In other words, TMS class areas that require
relatively high moisture environments may be less likely to be stay as dry areas over
time.

The transition matrix represented the analysis results from a mathematical

perspective. During the simulation process, the results that were closer to an actual
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change mechanism were generated by integrating-tgpkis of impact factors,
weighting each othem with different functions and assigning different neighborhood
weights.

The actual (observed) classified LULC result of 2016 and the simulated result of
2016 generated by clotdzhsed MarkovCA were mapped (FigureB). We found the
simulated resultef three major grassland typesiMfAR Meadow, Steppe and Desert
grassland were very close to their distribution of the actual LULC map. Especially the
TMS at northeastern part BIAR, and TDS and TD in western paftiIMAR shows
high similarity based owisual assessment. The Greater Khingan forest, located in the
northeast corner dMAR, was classified into NG class in our study, and the
simulated results were also visually similar to the actual LULC case. Three water
bodies, Hulun lake, Dalinur laked Ulansu Lake were clearly represented. Major
cities, major roads and other types of human land use were also found to be visually
similar. However, some issues were found with the simulated results. In following
discussion, we discuss three areas wighrttost cloud coverage (and the most gaps to

fill) to explore further.
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Figure3-7. Overall results. (agctual LULC mapping for 2016 and (b) LULC
mappingwith simulated gap fillingor 2016

The overall accuracy assessment results were calculated using two commonly
used accuracy assessment methods, a confusion matrix and Kappa statistic
(Congalton & Green, 2002The accuracy assessment results for the model processed
without using sulyegion strategy (Table-8) and using @b-region strategy (Table-3
6) were listed for comparison. By calculating the confusion matrix and Kappa based
on 20,000 sample points generated randomly atksR, the overall accuracy was
found to be 84.11% and the Kappa statistic was 0.79 for thel madessed without
using sukbregion strategy. However, the model processed withregion strategy
offered 4.05% improvement in overall accuracy and 0.06 Kappa improvement. The
major accuracy improved LULC classes are TMS, TS, TDS and MM for the reason
that subregion strategy allowed tailored control process on MCE hence calibrated
each submodel with better fit impact mechanism for each LULC class in different

subregion. These results suggested that the accuracy of the simulated results were
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relatively high and the consistency was also higlera & Garrett, 200p The results

presented in Table-8 show that the simulated accuracy of grassland classes was

higher than other types of LULC cla® s . For example, the produ
user6s accuracy of TS class werMarslbot h over
(MA) and WA classes were relatively low (around 30%). One possible reason for this

was that the simulated process was lacking sy evidence, data and mechanism

for water body changes, which resulted in water branches near major water bodies not

being simulateds successfully. The issue happened most obviously in the Ulansu

Lake water area (Figure&E) and 38(F)).

Table3-5. Overall accuracy assessment without usingregion strategy

TMS| TS | TDS|TSD]| TD | LM | MM | MA | WA | NG
Prso du g0 g5 0o | 838 | 87.5| 845 | 81.3| 81.8 | 93.7 | 67.6 | 843
6 : 2 0 0 2 2 5 5 5
Accuracy
User| 845 80.67| 89.0| 826 | 97.0| 742 | 80.3| 26.7 | 304 | 854
Accuracy | 2 7 6 0 0 0 6 9 0 1
Overall 8411
Accuracy
Kappa | 0.79

Table3-6. Overall accuracy assessment by usingregjion strategy

TMS| TS | TDS | TSD| TD | LM | MM | MA | WA | NG
P SO du g7 00| 918 | 89.7 | 89.2| 895 | 84.1 | 86.6 | 94.1 | 59.7 | 85.9
: 8 1 3 1 4 7 2 6 3
Accuracy
Us er |ggo,l 891|932 848] 980 77.7 | 855 280 | 236 | 8638
Accuracy ) 3 0 9 5 9 3 7 7 9
Overall 3816
Accuracy
Kappa | 0.85

The simulated accuracy for five subgionswere calculated usingpnfusion
matrix and Kappa statistic (Table73. In those five subvegions, the major grassland

classes including TMS in suegion 1, 3 and 4, TS in subgion 1,3 and 5 and
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TSD/TD in subregion 3 and 5 were simulated with a high level of accuracy.

Especially for TS in supegion 1 and TDS in sukegion 3 and 5, the accuracy of

them were over 99%. In sukgion 2, the accuracy of grassland was not as high

(typically around 80%) as them ither subregion due to the rapid growth of cities

and farmland. The Kappa was 0.71 forsagion 2 and 0.6 for sutegion 4, which

represented substantialevel of consistency.

Table3-7. Subregionsaccuracy assessment

TMS

TS

TDS

TSD

D

LM

MM

MA

WA

NG

Produ
Accuracy

85.61

98.81

N/A

N/A

N/A

85.71

82.76

100

55.00

96.47

User
Accuracy

93.70

99.10

N/A

N/A

N/A

87.64

96.00

100

100

93.57

Overall
Accuracy

93.82

Kappa

0.89

Produ
Accuracy

81.30

74.88

N/A

N/A

N/A

70.87

100

100

31.25

88.41

User
Accuracy

81.63

80.26

N/A

N/A

N/A

76.84

80.0

90.0

41.67

85.74

Overall
Accuracy

83.50

Kappa

0.71

Produ
Accuracy

93.71

93.55

98.66

95.74

N/A

78.88

100

100

54.55

68.59

User
Accuracy

90.24

94.44

99.66

100

N/A

92.56

100

90.0

54.55

65.52

Overall
Accuracy

89.78

Kappa

0.86

Produ
Accuracy

90.91

71.54

100

N/A

N/A

30.77

90.91

100

15.0

87.34

User
Accuracy

100

69.96

90.0

N/A

N/A

80.0

100

100

30.0

84.78

Overall
Accuracy

80.84

Kappa

0.60

Produ
Accuracy

100

72.12

95.42

95.43

98.39

79.17

100

90.91

40.0

78.90

User
Accuracy

20.0

84.40

88.56

99.40

95.10

75.0

70.0

100

54.55

83.88

Overall
Accuracy

89.74

Kappa

0.86
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The RS images were commonly affected by cloud and haze especially for the
eastern and northern partsifAR, due to relatively high levels ofioisturebeing
presentTo further assess the gap filling results for IMAR, we focused and zoomed to
three heavy cloud coverage subareas with large numbers of gaps (over 85%) that
were needing to be filled in the Hinggan League region in eastern IMAR, the Xilingol
League regionn the central part of the region, and the Bayan Nur region in the west,
where each subarea covers ~100,000 square kilometers (FgurArdother reason
for choosing those three areas was because they were covered by three major
grassland types: Meadowagsland irHinggan League are&eppe grasslania
Xilingol League areand Desert grasslanih Bayan Nur areawvhich could better
represent the gap filling performance for major grasslands in IMAR.

The first grassland subarea represented the Hinggamr@eggure 38a) with
the actual LULC map of this area for 2016 (Figu@3. In this area, TMS and TS
were two major grassland classes. The simulated results were similar to the actual
surveyed grassland distribution in this area. However, the TSweéssgepresented as
over simulation to some extent, which may result from the weight assignment and
function control points setting of precipitation factors during the construction of the
suitability grids. The spatial resolution for precipitation data ({l\sere lower than
the spatial resolution of LULC mapping (30m). Hence the control points for
precipitation were generated by a statistical method, which might not have been able
to capture the difference of precipitation in each specific area of thisesulies

grassland might be sensitive to this environmental factor, whagjresult in the
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simulatedTS grasslandlassexpanding faster in this aré@an it actually didi.e., it

is over simulated in the final result

Legend
Bl s MA
s I wa
LM [ NG
B MM
Legend
Il T™S LM
TS MA
Tos [ WA

Legend
TS LM
TDS MA
B Tsp I wA
0 NG

Figure3-8. LULC maps of three grassland are@s: simulated Hinggan League area
(meadow grassland)B) real Hinggan League arg&;) simulated Xilingol League
area (steppe grasslan@)) real Xilingol League aig (E) simulated Bayan Nur area
(desert grassland), af#) real Bayan Nur area
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There was a lack of detailed simulation for the water body class that was also
notable in this area. We found more WA class pixels existing as shown in Figure 3
8a, but thespixels were changed into NG or other types as shown in Fig8be 3
After checking the training data, the water body classes that were shown in simulated
results were existing in the 2010 LULC map. However, they were not classified as
WA again in 2016 du drying up or a lack of water because they were small lakes
or rivers that were vulnerable to environmental change. The same thing happened in
Bayan Nur region where the simulated results for Bayan Nur showed the WA class
was less represented (Figur8e than it was shown in the actual LULC map of the
same subarea (Figures3).

Human land use iMAR was found to have a tendency to be under simulated.
This was found among the three subaesgeecially in the Xilingol League area
where the simulated Xiigol League region showed more NG (Figur&c3 while the
actual LULC map showed less NG (Figur8d in this area. For Xilingol, the major
grassland classes were accurately simulated except for parts that were occupied by
human land use such as expandiéds and newly developed farmland. For example,
thecontinuousNG area in the central part of Xilingo League was the Xilinhot City. It
was shown that the simulated result of Xilinhot City was smaller than actual
coverage. Also, some rectangles like Naawere shown in the southern part of this
area, which were new farmland developed in the past few years, and were not
successfully simulated in this study. This was mainly due to the fact that although
sociceconomic impact factors such as human densrgstock density and

compensation policy were integrated into the simulation process, further research on
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actual i mpact mechanisms that show how
and the best weight for each factor will be required. For gasansimulating
human lad use especially farmlarndas not asccurately simulated ilMAR as

other land use types

5. Conclusions

This studypresented onestop solution thatvasable toimplement a cloud
based LULC data gap filling framework using a distributed Markov Chain CA model.
We cesigned and implemented a Spadsed inmemory distributed Markov Chain
andsuitability processing algorithm aihecloud, and integrated it with a gel
designedGiraphbased distributed Cellular Automatafill LULC gapsevenfor a
very large area. The advantages of this framework were: 1) it can be easily integrated
with existing cloudbased RS imagery processing tools. The output of those image
processing tools can output the LULC dataset directly to the distributed file system on
the cloud as input for our LULC gap filling tool without any additional data transfer;
2) It can access existing LULC andxiliary data sets in a cloud data warehouse
without downloading data to local machines.; 3) it can exploit a large scale cloud
based computing framework é@celeratehe processing speed; and 4) like all other
cloud-based frameworks, it is able to gain unlimited computing resource in theory to
support ery large processing tasks through commercial cloud computing platforms.
In this study, we successfully tested LULC gap filling processing for the entire
IMAR region witha cloudbased Markov Chain CA framework. Masked LULC maps
from 2000, 2010 and 2016 veeapplied as an input training dataset with 11 different

constraint and restraint factors involved in the MCE. After running this framework on
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a local cloud environment, we successfully filled the gaps resulting from cloud
coverage in the 2016 LULC mapimng simulation, and generate a complete LULC
map for 2016. We also ran accuracy assessments that returoeeraih88.16%
accuracy.

Further research is needed to improve the accuracy and performance of this
framework. For example, IMAR, water bodiesind human land use were not
simulated as accurately due to a lack of supporting data and studies on the impact
mechanisms for these LULC classes. Also, weight assignments and function design
require further study and need toddaboratd for each LULC clas to bring the final
results closer to the actual values. In the futureglhic Hierarchy Procesa
commonly used approach to assess the weight for each impact factor will be
integrated into this frameworKhe neighborhood scheme could also be adjuestel
tested. In thistudy, theclassic 5 x 5 extended Von Neumann neighborhood scheme
was applied, however, different neighborhoods could also be used along with an
accompanying relesign of the computing partitioning of the Girapdsed CA to

ensure théest computing performance.
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Chapter4Massi ve Voxel Cellul ar Auto

Use Case of Air Pol |l ut ant Partic

1. Introduction

Cellular automata(CAyas originallyconceivedo supportcomputingneeded
for complex scenario®/on Neumann, 195. Cells, acting as an automaton (A), were
entrusted as representative media for housing states (S), and tranggiorachines
(f) were tasked with determining changeshose states over time¥(t t+1), based
on input garnered from the cdlelf and from neighboring ceditates (N). When
arranged in a lattice or matrix space (L) of dimension ds €& collectively be used
to represent a variety of phenomeas well astructures and the processes that
determine theidynamics(Wolfram, 2018, principallyby trading the unique local

value of state information within the systematic contéxhe larger lattice.

A=(,d,S,N,f),f:8Ff S«

I n 1970, John Conway designed a computer
(Conway, 197pthat became the bekshown CA and attracted the attention of
scientists. It has been used as a standard testbed for performance comparisons among
different CA approaches. Following on this work, Stephen Wolfram examined large
number of possible clasgiftions of automata in the 1980s. He published the seminal
book,A New Kind of Sciend&Volfram, 2002b and introduced four classes (Stable,
Period, Chaotic and Complexity) by which cellular automata and several other simple

computational models could be categorized depgnaimtheir behaviors.
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CAs arepopularly used as computational media for modeling and simulation of
complex systems in varied scientific arefdsch of the appeal of Caiesin their
potential to support huge numbers of interacting components, which has made them
the mediunfor addressing unwieldy complex systems in simulation. While they are
theoretically scalable to fantastic sizes, the vast majority of CA models have been
built to support applied simulationsor example, CAs have beapplied to solve
problems in biolog¥Ermentrout & EdelsteirKeshet, 1998 chemistry(Mendes et
al., 200}, medcine(S. H. White, Del Rey, & Sanche2007%, physicgZhao,

Billings, & Coca, 2009 astronomy(Isliker, Anastasiadis, Vassiliadis, & Vlahos,
1998 and economicfQiu et al., 200yamong other areas

CAs have also been used for geographilomains. For examplde "sand pile
CA" was a simple 2D CA that represented a pile of sand grains. This idea emanated
from physicist Per Bak and his colleagues in 1987 and useddG¥plore
complexity in physical phenomefiBak, Tang, & Wiesenfeld, 198.7Following Bak
etalds study, resear che (Dattilo& Skeezard,200@ndl o and
lovine et al. (lovine, D'Ambrosio, & Di Gregorio, 200%ushed CA modeling
forward in theirstudies thatised CAs to studyfor examplemass movemeruf
Curtii Sarno debris flovin Southern Italyln recent years, Li and his colleagues
applied CAs to simulate the flood of Hunhe River, China using dynamic observations
(Y. Li et al., 201%. DahalandChowsimulated urban growth i8an Marcos, Texas
using an irregular CA modéDahal & Chow, 201p

Until now, most of the CA models in geographical sciences have been built in

two-dimensonal (2D) space. However, many environmental processes operate in
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threedimensional (3D) space including time. To model these complex systems, 3D
spatial contexts need to be supported in order to offer enough details to analyze the
dynamics of these sysies in all three dimensions. However, modeling geographical
applications with 3D CAs is a significant research challenge because it will require
the sophisticated rdesign of each part in the CA to successfully support the
simulation process. In other wardhe modeling and computational complexity will

be highly increased when extending 2D CA models into 3D CAs. In a few studies of
3D CA in geography, researchers have developed voxel CAs for geographical
processes, such as dune movement and form@ameau, Zhang, Rozier, &

Claudin, 2009 snow avalanche structures interactidmolio, Errera, Lupiano,
Mazzanti, & Di Gregorio, 201 Dahal & Chow, 201h and wind field estimation
(Salcido & Celada, 20)0However, these 3D models werklamhited with respect to

the number of cells (less than 100,000 voxels) and either applied small scale study
areas or used coarse spatial resolution in their experiments. And even when a CA
model has theotential to support huge numbers of interactingponents in a
simulation most existing 2Cand 3DCA models are run on a single desktop

computer. Limited by the computing capacity of a single machine, researchers are
constrained in the detail and intricacy with which they can model phenomena relative
to the richness and complexity that they observe in the real world, especially in 3D
space. Moreover, the range of questions that can be posed in simulation are often
constrained by excessive computing times for sh@fi) CA, which means that the
native ablity of CA to sweep through the parameggrace of complex whdit

problems is often undaurtilized in these applied studies. With @rgival of the big
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data erathose issues are becoming mpreminentas CAs have the potential to

serve as a big modelid to being highly scalable, and their ability to consume big

data as input and convert the data into meaningful results, helping to answer scientific
guestionsHowever, big data and big models inevitahlgoleadto big

computational burdexin real life processing. Even by applying €% model

complex, 3D scenaripshe volume of the data that need be processetgiaynot be
significanty reduced (in some caset couldincreasg Hence, the requirement of
improving the capabilitpf CA, especiallydr 3D modeling, and to fit large scale
simulation is becoming increasingly important.

As computing hardware and big data silos have progressed, many in the CA
modeling community have been slow to adopt technologies that could significantly
broaden the reaoof their CA modelsUse of highperformance computing (HPC)
clusters and cloud computing platforms have been taking hold in applied CA
modeling.Compared to traditional supercomputer and HPC computing clusters, cloud
computing resources offer a low acedisreshold for many researchers, that could
help to greatly reduce the cost of lasgmle scientific computing. Indeed, a number
of supportive software frameworks are already well developed and available for use.
For example, Apache Hadoop has been witileraged in a diverse range of
applications to reduce the developmental overhead in parallelizing computing
(Shvachko, Kuang, Radia, & Chansler, 2DRelated schemes based on Apache
Giraph and Spark are also garnering a popular following in scientific redétacl&

Daudjee, 201p

96



In this study, we introduce a method that uses a gibagkd algorithm to
implement a very large (up to 1 trilhiccells in our experiments) voxel CA. To
accomplish this, we fully réhink and rebuild the voxel CA with respect to modeling,
computational implementation, and computing resource access. We rely on Apache
Giraph, a Bulk Synchronous Parallel (BSP) mdulsled framework designed for
iterative largescale graphics processing, which affords users a platform to build and
implement large graphs to support massivale voxel CAs with efficiency. To
demonstrate the value of this approach, we discuss two tesasons: one as a 1
trillion-cell 3D GoL CA, and another as a 1 billioall CA-based simulation of air
pollutant particle dispersal. We will demonstrate how our graph processing approach
was successful for gaining significant processing efficiency, vathqular

performance gains over different cloud platforms.

2. Big VoxelCA Implementation

Although the CA model is widely regarded as a powerful tool and can be used to
simulate any complex phenomena in real life by applying simple transition rules, it is
not easy to design and implement a suitable CA model to accurately reproduce
phenomena in the real worlelspecially using a 3D spatial perspectiéeissue here,
first and foremost, are some complications involving owel CAs are mapped to
geographial systems in simulatiorThis has beediscussedavith respect to properly
designingneighborhood relationshi@sd cell shape is@allengeio implement big
CA with big data(Fonstad, 2006 These two aspects of CA design are critical in
HPC in particular, because they determine the exchange of information across the

lattice, and govern whas computed and updated, where, and when. For example,
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most 2D CA are formed on a squayed lattice while 3D cellular automata are based
on a cube grid. However, in most practical situations, the grid cell shape departs
significantly from the actionablghapes relevant to the applied problem that the CA is
tasked with modeling. This creates what is called a Modifiable Areal Unit Problem
(MAUP) in geography{Openshaw, 1984 Flexible schemes for handling cell shapes
may be required, particularly if different scales of interaction and mixede CA

are desired in the same simulation. For example, Faisditolleagues pointed out

that "latticegas” CA models usually need hexagonal-skpegFrisch, Hasslacher,

& Pomeau, 1986

Furthermore, transition rules can be designed in two diffevegt atop-down
approach malsthe CA transition rules change during processing based on specific
phenomena in different scenariagjile piecewise transition rules may lead to more
complex rué setsputalso result in difficultiesn integrating these rules in the
simulation(Gobron, Cdtekin, Bonafos, & Thalmann, 201.1JAdditionally, the cell
states of a discrete CA such as @wl. contairs only 2 states, dead or alive.
However, the cell states of continuous$®uld be represented usingdt values
from O to 1thatenable the transition rules to be much more flexible in appropriate
cases.

In additionto neighborhood scheme and transitioiie design, another critical
issue in implementing @xel CA model that fis abig mode] is the comptational
design: CAare, at their heart, computers. With the exceptiasoaie latticegas CA
models, most applied CA models are built on ragtet based computer graphics

processing schemes using a single processor, with a serial strategy for updating states
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according to transition rules. Yet, GAre inherently suited to alel processing on
multi-core, multiprocessor, or muktomputing node platforms. For some |lagize
CA simulations, such as those developed by Crave and [@a&ye & Davy, 200},
researchers divide the whole computing process into manystieps or timeslices
instead of developing a re@ine simulator. To conquer this problemany
researchis are seeking different solutionsdevelopCA modes that carhandle big
models and also, simplifyne coding and deploy complexity.

Researchers have demonstrated significant success in implementing CA models
with HPC algorithms and c¢cl oud c(©ommyti ng f o
1970, in both D and 3D form, is a standard for performance testing in this regard,
because it is simply specified but yields significant dynamics, including Wolfram

Class 4 complexityWolfram, 2002

2.1 HPC Solutions

A lot of attention has been paid to gengratpose processing using a graphics
processor unit (GPGPU) on local high performance workstaf®abron et al.,
20117). As one of commonly used HPC frameworks, GPGPU platform provides a
large numbeof cores (coseffectively) for CA computing within the single desktop
model that is commonly used in applied modeling as compared to the normal CPU
environment. Specifically, GPUs can handle more split tasks in a certain time period
than many CPUs. Usingis idea, We have built a GPGHidsed voxel GoL CA and
tested it on a single workstation (with two NVIDIA Quadro 5000 cards providing 352
cores) and we were able to reach 10 mileati simulation in reatime for a voxel

implementation of the GoL. We atted hard memory limitations at lattice sizes
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beyond that, however, and this woaldpear to be a generic limitation for GPGPU
approaches

Message Passing Interface (MPI) is another commonly used HPC approach. For
the GoL, for example, researchers have shown that MPI can-spdgeahsition
calculations significantly, e.g., for a 1000 x 1000 lattice, a processing time of 3.365
seconds per 10fime steps can be achiev@feeden, 2013 MPI has some
limitations, however. First, MPI is focused on memory efficiency: this eats away at
the limits of GPGPUs that we mentioned, but it is at odds withid&gasive
modeling tasks. In GIScience applications, for example, CA models must often ingest
huge amounts of sensor data, at initialization as well as duriAgmenand these
must ofterbe reconciled, queried, and analyzed during computing. Researchers have
also had difficulty implementing MP1 on CAs in some cases. For exaf@iepp &
Lusk, 2007 implemented a 2D CA model with MRIbut hado create a buffer for
boundary cells, divide the whole grid into submatrices, and run them in parallel. This
workaround is less extensible to the scenarios that we are requiring: the relationship
among boundary cells in voxspace is much more complicdtthan in 2D, and this
can lead to many challenges in dealing with the boundary cell buffer and partitioning
of the lattice, particularly causing problems with resource balancing. However, there
is some implied potential in using dedicated big data managtesachemes, such as

Hadoop and Spark, to handle this @atangling outside or alongside MPI.

2.2 Cloud Solutions

Use of cloudbased clusters of computers is another possible solution to support

massive voxel CAs, offering particular advantages for rundistributed programs
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atop them. Key here is the potential for cloud resources to allocate and share CA
software and hardwaresources oilemandCAs could supportlistributed

partitioning because of the way thtminsitionthrough neighborhoods work @n
locatto-global scale within CA lattice€loud resourceare weltsuited to chunking
large computational tasks into many small parallel tasks and assigning them to
computing instancesgffering bothefficiency and loasbalancing. After all nodes

have conpleted the assignedsks, resultare aggregated and returned to the dsers
local database, and here the network can infuse additional efficiency in reconciling
update between partitioned jobs. In this way, cloud distribution can reach millions
(or even billions) of instructionsn a few seconds. Indeed, MapReduce and Hadoop
have emerged tprovide thisfunctionality with considerable efficiendy{f. White,

2012. Radenskintroduced aloud-based GoL implementation using MapReduce
Streaming (MRS), tested for badistributed and continuous simulati(fRRadenski,
2013. He made use of single and multiple text fileshasstate information for cells:
each line in the text was used to represent a cell. Initial states for the GoL were stored
in a Distributed File System ([3} before being ruthrough MapReduce for

processing start$-{gure 41).

Algorithm 4-1 Gol with 16 x 107 cells on Radenski’s Hadoop framework

1: class Mapper

cell(row,col) < function Parse(line) > parse input test files
3 function hash(neighbors)

4: function Emit(cell, tag)

5: class Reducer

6: function compute(cell, tag)
7: if last-cell ! = None then
8-

9

0

1

if Next-State-Is Alive(last cell) then > Conway’s transition rules

function Emit(cell,tag)
end if

end if
Figure4-1. Ra d e n s k ibd@sead 20 God algbrithm
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Radenskiesst ed t hi s al gorithm on Amazonds EI as
of 16 x 10’ cells, using one master node andslzenodes. The shorteptocessing
time without data initialization was 4 miper single CAtimestelrade ns ki 6 s use
MRS afforded some performance improvement for the GoL, but only to an extent:
each singleVIRS job can just process one timestep for the GoL. Extra émels
required if multistep simulation is required. iMapRedyde Zhang, Gao, Gao, &
Wang, 2012, or Apache Oozie (aorkflow scheduler) may be possible solutions to
this. Another clouébased GoL wapresented by Marques et @Marques et al.,
2013 (Figure 42). Rather than targeting processing speed, they instead focused on
leveraging MapReduce to optimize timatrix data sizeyhich helps to overcome the
limitation of data size on input and intermediate resitisage, and on messaging
communications among cloud computing nodes. This leaals iterative algorithm,
in which intermediate results astored inlinked list cells andafter all transition
calculations are finished, the final results are aggregated, compressed, and stored as
final results. Intheir study a Ztrillion cell 2D or 3D CA was presentebly using
pointers in parsematrices(e.g. 3 poiters for each cell in 3D scenario) to locate the
dependent neighborhoodsing up to 350 instances witores on eacht Microsoft
Azure cloud platform, it was able to process a single step in approximately 748
minutes.

Algorithm 4-2 2D/3D GOL with 1-trillion-cells on Marques’s MapReduce framework

1: class GameofLife

2:  submatrix < function Partition(neighborhood radius)

3:  Superstep number «— time index

4:  cells < function add(function g(submatrix))  >intermediate results dataset
5:  result < function compress_list(cells) > final results

Figure4d-22Mar quesd6s 2D/ 3D GolL algorithm on
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The key point of coamMarigquermrs Owsthelp pRaoGerms K |
latter hasability to handle multistep cellular automata simulation withaising third
party software foiterative operations. The MRS approach does not group same key
value pairs aintermediate processing (and this is partially limited by the rigidity of
the default Java P | ) . Marquesods frameworularliekedp!| i es sp
lists to significantlycompresghedata. It also splits the overallmoputing task into
smaller sutasks whilec o mpr essi ng submatrix datasets. N
is relativelyeasyto-use: users not accustomed to cloud computing can
straightforwardly build custom C#by declaring a master function to dictate
transition rules and the neighborhood scheme. However, there are some limitations on
partitioning. Although users providee neighborhood radius for state leak in the
CA to contol the segmentation of the sutmtrix and its expansion, this framework
may not be able to split the whole inplattainto asub-matrix accurately when
dealing with irregular neighborhood schemes. In some cases, this could lead to
passing a large numbef annecessary messagasaong the whole system during
processing.

After reviewing parallelized voxel CA approaches implemented with GPGPU,
MPI and cloud computing techniquéise limitations in computingoxel CA across
large latticespaces can beetterovercome with some fthinking of the data
structures underpinning CA models in simulaticd@vercoming these limitations,
which are computational rather than theoretical, would allows ©©Ae deployed
more flexibly and authentically in particulor applied scenarios igeographical

sciencs, whereCAs could become much more useful as media for exploring
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computationintensive whaif scenarios, and for animating evolving silos of big data

from geographicascience observation platforms.

3. Giraph-based Cellular Automata

3.1 Rethink CA in Graph

MapReduce and MPI are not always ideal for lesige CA model processing.
Consider, for example, that at each iteration of a CA-sijatiate, the model needs to
submit one MapReduce job, which inchsdreading data files from DFS, parsing the
input file, initializing cellsd status, <co
evolution, reducing the results of computing, and writing this single step result back
to DFS. MapReduce also relies on k&ftuepairs to achieve data processing: this is
problematic for CAs, which contain notonlytheeelt at e, but al so the ¢
neighbor relationship(s). For highmensional CA models (e.g., 3D voxel lattices),
the traditional keyvalue approach needs to bavilessly designed to implement the
storage of the cellsbd initial states, and
difficult to implement and code, and more complex to understand and wield.

We mentioned thae-thinking the data structureéisat supporCA modelsmay
help overcome those issués graph theoryfBondy & Murty, 1976, a graph is an
ordered or unordered pair G = (V, E). It is-al@ment tuple that contains a set V of
vertices and a set E of edges. Graph theory has been applied in many scientific areas
to represent relations, schemas, and structures of physimalgical or information
systems. Graphs are naturally suited tesG2onsideing this, a CA lattice can be

represented by a graph: cells can be expressed as a vertex, and the neighbor
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relationship can be reflect& an edge. By judging the state oéthertices connected
with the target vertex, usecan easily set up the transition rules to update the state of
the target vertex.

Building cellular automata in graph form provides many advantages. For
example, for spatial systems, concepts such asatigntclustering, connectivity and
accessibility, can be easily implemented using graph theory and related techniques.
The concept of centrality can be used to measure the most central nodes in a network.
The clustering concept in graph theories can leel s assess which nodes in
networks can be clustered together. A comprehensive review of those applications has
been done by LifLin, 2012. Connectivity represents the robustnesa nétwork(J.
Wang, Kwan, & Ma, 2014and accessibility addresses interaction opportunities
among various nodes in a netw@Hansen, 1959 Thealgorithmic implementation
of this approach is straightforwargraphs and computenave played nicely together
for many years. Nevertheless, it remains important to find a suitable and powerful
graph processing infrastructure to achieve the massive arrayasiz@seractivity
thatare needetbr building a verybig CA in 3D.

Developed by Valiangvaliant, 1990, the Bulk Synchronous Parallel (BSP)
model is a promisingandidate fograph processing dfig models BSP
accommodates many sugsepsWithin the operation process of a sugép, each
computing unit is arranged intacartain amount of vertices or edges, which ensures
parallel computing; each computingit communtates with others through
interactive messaging; and when the compubirpis unit reaches a batrrier, it will

stop until other cores complete their messatgraction(Figure 43). BSP may be
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implemented in Apache Giraph, a versantric model that ibased on Googles

Pregel. Facebook, for example, have used Giraph to arhtyileon graph edges,

using 200 machines, in four minut@hing, 2013. Giraph lies on top of Hadoop, so

it may be deployed and implemented relatively easily on any H&288d computing
platform. Allied to Giraph, ZooKeeper helps to coordinate computation: when a
Giraphjob is submitted, one worker is elected as a master by ZooKeeper. At the same
time, the input graph will be loaded and vertices or edges will be partitioned and
assigned tavorkers. After executing compute functions in code for cegaper

steps or certain hatbonditions, workers will save the output back to DFS.

o Graph theory Traditional cellular automata
L
B + 1
Directed graph -
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Figure4-3. workflow to acceleratgoxel CA models
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3.2 Implementing Massive GoL CA with Giraph
For this research a Girafidlased scheme was built to accommodate a large voxel
CA and the feasibility and performance of this framework was tested using the GoL.
Most GoL implementations rely on Von Neumann (4 neighbors and the cell) or
Moore (8 neighbors and the cell) neighborhocldesnes. In a 3D situation, a first

order Von Neumann scheme for a cell has six (ecgtlular) neighbors (Figure-4).

Figure4-4. A 3D Von Neumanmeighborhoodscheme

GoL evolution is initially determirgtby seed states for the CA lattice (no other state
datais readin from outside the model once run). States are biraivg or dead.
Transitionrules are straightforward and welbvered inCo n wa y 6 (€onway,u d y
1970. For this researclGolL was runwith JSON input filese.g., as
[1,0,[[2,1],[3,0],[4,0]]]. As a single line in a JSON input text files, this represents a
given cell with ID1 surrounded by another three cells with IDs 2, 3, and 4. The state
of cells 1 to 4 in the Gohre dead, alive, dead,cdead respectively. By using JSON
input, Giraph can easily load all cell states and neighborhood schemes at the
initialization step. This makes codinguch easier because in implementing th

computing function, we no longer needctmsider the neighborbd, and only the
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transition rules need to be written into the computing function. When the user defines
a certain timestep number in the psegdde(Figure 45), the MaxSuperstep is set to
control the whole running process. At suptp 0, all values itade thecells initial

states anthe neighborhood scheme, ahé neighborhood cetitates are all loaded

and partitioned to workers.

Algorithm 4-3 Voxel GoL on Giraph
class GameofLife

1:  MaxSuperStep <— user defined value
2: function compute(vertex, messages)
3: if getSuperstep() == 0 then

4. sendMessage to all neighbors
5: if getSuperstep() <= MaxSuperStep then
6: count total live neighbors

i if Convey’s rule

8: setVertexValue()

9 end if

10:  else

N voteToHalt()

12: endif

13:  endif

Figure4—5. Voxel GoL CA implementation on Giraph

3.3 Performance Tesésd Discussion
A pressure test was performed ohl&-node Hadoop clustevas useds the
platformon AWS to monitor the computational capacity and performance of our

voxel Giraph CA (Table4). Approximately 1 trillion vertex and 6 trillion edges

were involved, and 500 workers were employed.

Table4-1. Computingenvironment for Itrillion cells GoLexperiment

Hardware Software
Type Count CPU RAM Storage Name Version
Apache 202
Memory Intel Xeon Spark o
optimized 115 E7-8880v3| 1952 | 2*1920 | Apache 1.1.0
x1.32xlarge 128 virtual G G SSD Giraph o
instances cores
Centos 6
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We illustrate the resulting performancesultsover an eleven supstep
experimen{Figure4-6). As shown irthis figure each single supetep can be
finishedon averagen 71 minutes with defaulbashpartitioning.Step 0 is for
initialization and step 1Lis added by Giraph to the procedure voteToHalt(). As shown
in Figure 2, theonsumed time varies on each step because the cells states change
over the processing. Forstanceunder the GolL transition rules, if a cell statué is
(alive), there are two | Fules to decide whether it will turn O (dead). But, if cell
status is 0, there is only oneriile to make it aliveDifferentnumbers of cell status

with 1 or O will affect thecomputing time at each supstep.

Comparison results of Game of life on Giraph
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223363 258410

0
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Superstep ID
—e—Gol with default partitioning GolL with Customized Partitioning
Figure4-6. Comparison resultsf GoL: defaulthashvs. customized partitioning

Using Giraph can significantly improve the computational efficiency of a 3D
GoL CA model. Furthermore, by manipulating theadadrtiioning scheme, this
could helpachieve better results in some cases. The default method of Giraph
partitioning is based on the hash algorithm. This is a general method that could be
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applied in many practicaimulations such as Shortest Path search anelRRauk.
Giraph is also an open sourgeaph algorithm computing framework, which affords
some flexibility in how users might modify the partitioning scheme. Based on the
characteristics of the CA model, each tel$ a relatively fixed pattern of neighbors,
which ensures that cells do not interact with ottedls that are not their neighbors.
Hence, if related cells can be partitioned for target cells on the same computing node
as much as possible, crassde communications can be greatly reduced, and this
leads to a significant reduction of their drain on procegsartprmance through
network communication latency. This solution could introdsigeificant efficiency,
particularly when a large number of computing nodes are usedesr the network
latencyis relatively high. For example, using customized partitioning on a €loud
based platform usually shows better performance @haa local computingluster.
Patterns for partitioning are clearly important to the schéeseribed aboveand
specific neighbhood schemes in different circumstances should be considéred.
pseudecode for customized partitioning for the GoL on Giréppresented in Figure
4-7. The only difference betwedhis and the default method is that a user needs to
apply thegetPartition() and getWorker() functions before the sigpep starts.
FunctiongetPartition() could be used to return the place bundle that corresponds to a
specific part of a vertex, and getWorker() returns worker indications belonging to the
partitions.(For our voxel GoL implementation, each cell has von Neumann six

neighbors, except for cellscated on the boundary.)
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Algorithm 4-4 Voxel Gol on Giraph with Customized Partitioning
class GameofLifewithCP

1:  function getP artition(id, partitionCount) [>customized partitioning
2:  function getW orker(partition) D> return worker
3:  MaxSuperStep < user defined value
4. function compute(vertex, messages)
5: if getSuperstep() == 0 then
0: sendMessage to all neighbors
7: if getSuperstep() <= MaxSuperStep then
8: count total live neighbors
9: if Convey’s rule
10: setVertexValue()
11: end if
12; else
13: voteToHalt()
14: end if
15: end if

Figure4-7. Giraphbased GoL witltustomizedoartitioning

For example, as shown indtire 48(A), for an 81cell lattice of 3 x 3 x 9 cells,
neighbors of cell 14 will be in indices/positions 5, 11, 13, 15, 17, and 23. Assuming
the CA is run with only three computing nodes of identical hardware specifications
(Figure 48(B)), and with haspartitioning, those cells that are related to cell 14 may
be partitioned to two or three computing nodes. Hence, when cell 14 is tasked to
update its state, it has to call two other computing nodes to ask for dependent
information and this generates an acessary network overhead. Here part of the
voxel GoL lattice was visualized to monitor the status of the tested voxel GoL

visually (Figure 48(C)).
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Figure-8 Prtitoi sra!ty of a voI GoL A
Alternatively, a customized partitioning methoalld be used such thidue
initial datamight be spliinto three 3 3 x 3 partitions, then assign each oésleto
three computing nodes. In this alternative sehewhen transitiofor cell 14 needs
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to be calculated, all related information for that calculation could be acquired within
the node where it is located/e show comparison results for the custom partitioning
method and a default partitioning for a GG with identical testing environment

and input datgFigure 46). Customized partitioning proves to be approximately eight
times more efficient than the default partitioning methéere, the computing

capacity and performance of our Girapdised voxel CA was proved. In comparison

to same scale voxel GoL in literature, our approach represented up to ~90 times faster
in performanceThe key reason for this result could be our Girbpbed voxel GoL

was performed fully in memory bda r q u e s 6 an anly suEpontediskased

data exchange, which was highly limited by the throughput of disk bandwidth.
Another reason was the neighborhood scheme and initial cell status were written into
the input file of our GiraptGoL, which was needed to be calculatetia r qu e s 6 s
approach during each timestep. This will require extra processing time for each
timestep to seek neighbors of each ¢elle last reason could be HDBSsed

framework replicatd input data on distributed file systems (3 replicas in our case),
which could save data transfer time especially under network latency within cloud
computing clusters.

However, GolL is only a toy model that was used for performance tests in recent
researh. The feasibility and performance of applying Girdgatsed voxel CA on real
geographical models have not been verified. In following section, an actual
geographical modelair pollutant particle dispersal, will be implemented in our voxel

CA in massive gale.
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4. MassiveScale Wxel Air Pollutant Particle Dispersal Simulation

In this section, a billion cells voxel air pollutant particle dispersal simulation will
be demonstrated to represent the capability and performance of our-Gasguh CA
model in hadling massive scale actual 3D geimulation applications.

The dispersal of air pollutant particles is a major factor that affects the health of
all lives on earth and it has been a global concern that has drawn much attention in
recent yeargRao et al., 2013 The mechanism of agollutant particles dispersal
mainly results from buoyanegriven air flow(Hajra, 2014. Heavy airpollutant
particles with negativbuoyancymove downward to the ground due to gravity, which
makes their movement less influenced by surrounding air flows and wind. However,
air pollutant particlesvith neutral or positive buoyancy will stay afloat and are easily
affected by the airflow system to further transport and dilute.

Wind speed and direction has played an important role in airflow systems It is a
major factor in the transportation patteaisir pollutant particle dispersal that mix
with surrounding airflow systems. With greater velocity of wind speed, the faster the
air pollutant particles move from one place to another. More specifically, the wind
and surrounding airflow affect the adtieo and diffusion of air pollutant particle
dispersal. Advection was defined as the transportation of air pollutant particles within
the airflow that they are located in, while diffusion refers to a continuous process
where air pollutant particles movetamatically from high pollutant concentration
areas to low pollutant concentration areas without being affected by other forces until
the pollutant concentration reachesegpuilibrium (Jjumba & Dragicevic, 2015

Turbulencemay also cause additional diffusion due to complex airflow conditions
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among neighborhoods of specific group of air pollutantigias. However,
turbulencewill not be considered in this study for the purpose of simplifying the
physical model being simulated.

Many current 3D air pollutant dispersal models have been developed using
differential equations to represent the air palhittransportation pattern in urban
street canyons or rural arg@&ang et al., 203,4romlin, Ghorai, Hart, & Berzins,
1999 Zahran, Smith, & Bennett, 20L3/oxelbased particle applications have also
been deeloped by researchers based tmtlsastic Lagrangian particle mosdel
(Molnar Jr, Szakaly, Meszaros, & Lagzi, 201 this study, a simplified voxel
particlebased physical modéljumba & Dragicevic, 20)%as been applied to

represent the mechanism of air pollutant particles transport in 3D space along time.

4.1 Physical Model

We adopted the model designed by Jjumba and colleagues, which included two
main components: advection and diffus{@jumba & Dragicevic, 20)5The reason
to apply this simplified physical model is to 1) focus on demonstrating our-cloud
based voxel graph CA computing framework that could be applied in a
spatiotemporal simulation of actual 3D phenoateand 2) prove our framework
could help to significantly improve the computational capacity of this simulation
model thus potentially offer detailed and lasggale simulation for a large study area.
This would overcome a problem mentioned by Jjumb& €2@15) in their study
where they had to use coarse spatial resolution over a small study area for their
simulation, and ran for short computational durations to improve computational

efficiency with the seriebased MATLAB simulation program.
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In this ptysical model, a synthetic study area was developed to assess air
pollutant particles advection and diffusion. The whole study area was treated as a set
of uniform cubes. Air pollutant particles, fresh air and-aorobjects such as ground
and buildings wee all contained in those uniform cubes. In other words, a group of
air pollutant particles in a same voxel was considered as a single object during
simulation. For each voxel, 26 voxels that were contiguous to it were considered as its
neighbors according a 3D Moore neighborhood scheme. Using this design, the
effects of advection and diffusion from a specific voxel during a single time step will
not affect voxels other than those 26 voxels. Another design aspect of this physical
model was the further ¢hdistance between a voxel and its neighbor, the lesser effects
of air pollutant particles advection and diffusion. More specifically, a 3 x 3 x 3 voxels
group was used as an example, where air pollutant particles moved from a center
voxel to all downwind x 3 voxels due to advection. However, not all the downwind
voxels received the same amount of pollutant based on the theory of distance decay
(Fotheringham, 1981Hence, three classes of the neighbors were defined as face

position neighborgjiagonalposition neighbors andoublediagonal position

neighbors with distance Hc, andVio. The diffusion process was also afegtby the
distance of the target voxel and its neighbors. During a single timestep, more air
pollutant particles moved to the nearer neighbors than moved to farther neighbors if
the pollutant concentration of the target voxel was higher than for othéboesy

The overall transportation process was represented as the equation below:

. L . ., Y6 6
6 6 6 6 6 1o= Uo=
YyQ YQ
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Here,6 and0 represented the concentration of a specific voxel at time step t
and t+1.The chance of the concentration of a specific voxel during processing was

due to diffusiond and advectio . The concentration change due to

diffusion was calculated by using a dispersion coeffidgiemultiplied bythe

concentration difference between the target voxel and its neightibrsutd then

divided by the distanc¥Q If the value of the concentration change was positive, the
pollutant concentration in the target voxel was reduced/exedversaln other

words, the pollutant concentration of all voxels was potentially increased or decreased
during the diffusion process. Different from diffusion, air pollutant particles moved
from the center voxel to all 9 neighbors under wilniven advection. fie amount of

the pollutant concentration changes from a specific voxel to one of its neighbors was
calculated by using wind velocityand the distance between this voxel and its

neighborYQ

4.2 GraphBasedVoxel Air PollutantCA

On the basis of the phical model, as described above, a computational model
was designed in extensible form as a CA, which was tasked with animating air
pollutant particles dispersal dynamics according to the processes outlined in the
physical model. Within the lattice, eaecbxel was represented dynamically, as an
individual and autonomous CA. For the simulations discussed iregesrchthe
study area was specified as a box lattice. In other words, the entire study area was
considered as being composed of same voxelseach represented at unit 1 in
volume, which is consistent with the explanatory concepts of the physical model.

While states are allowed to transition through each voxel in the lattice, the cells in the
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CA were not allowed to move their locations or tadeéeted (although they may
change state). Three types of CA were considered: air pollutant particles, fresh air and
nortair objects. At the initial state in simulation, the fresh air was specified as air
voxels. The status/concentration of air pollutaantiples voxels that transit during
each time step. The status of rainvoxels was never changed. To fit the continuous
air pollutant concentration changing in the physical model, a continuous CA model
was applied by using cell state values to represemollutant concentration. All air
pollutant source voxels were initialized as 1. During advection and diffusion
processing, the concentration will reduce until a value of 0 if the pollutant source was
set as temporary pollutant source such ashicleexhausin an application of
detailed urban simulation. It could be set as one at beginning of each time step to
represent a permanent or letegm pollutant source such agactory. Synthetic start
conditions were designed in the examples that will logvahn this study, but seed
conditions could alternatively be specified with real data if available. The resolution
that our CA model offers in simulation matches the needs of synthetic data
simulation. If finer or courser resolutions be required, theydceasily be
accommodated by simply altering the specification of CA dimensions in the CA
model.

Neighborhoods for state exchange are a critical component of CA. According to
the air pollutant particles dispersal physical model, target cells are only
communicated by those cells at firstder Moore Neighborhood positions in the

lattice (Figure 499(A)). Three types of neighbors were defined in CA model to fit the
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physical model. However, with the graphsed CA, the absolute physical spatial

relationship amog each voxel will not need to be considered.

25 26 27

22 24
19 20 21

Figure4-9. Traditional voxel air CA vs. Grapbased voxel air CA

The neighborhood scheme and the distance among each voxel were the major
focus for designing the gragdased approach. A directed graph was applied to
represent the voxels by nodes and the neighborhood scheme bgdgasy(Figure
4-9(B)). Using neighborsf voxel #14 that labeled from 1 to 9 as an example, the
weight of each edge represented the distance between the linked two voxels. A JSON
file was loaded as input at the initial stage as below:

0 WIOQQhT 6 GMEIQ@R h'QQI 0l HGAMB it QAR h'QQI oD @A 6 i

This JSON fit for default input format of Apache Giraph. The 0 represented the
distance from the target voxel to itself. The rest of thedifgesented all neighbors of
this target voxel and the corresponding distance between them as well as the status of
those neighbors. In this CA model, the overall transition rules were represented as:

Y6 00 0O

'Ya yQ
Here, wth given wind direction for influx wind direction and for outflux wind

0 0

direction , the change of air pollutant concentration for a specific voxel, will be equal
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to the summary of influx air pollutagtd from any direction and outfluxb 0 to

any directiorj with considering the neighbors distar’é@and selfdiffusion to all

surrounding lower concentration voxel k.

4.3 ExperimentResults andDiscussion

In this section, two experiments were designed to test the feasibility and
performance ofhe Giraphbased voxel CA framework for the air pollutant particles
dispersal simulation. The first experiment was developed to verify the framework
could handle the exact same simulation as the experiments develof@gahidya &
Dragicevic, 2015 In this experiment, we replicated the single source and-multi
source air pollutant particles diffusiavith the same parameters setting as used in the
original study. In addition, to further explore the computational capability of our
framework, another experiment was designed using 1 billion voxels, which was much
larger than the 64000 voxels in the litewr&, to test the computational performance
with a massive simulation. In this experiment, we applied a continuous single source
air pollutant simulation with fixed direct wind for 1000 timesteps, which was much
longer than the 90 timestep in the previstigdy. We then did a comparison between
these tests and the previous research from the perspective of modeling,
implementation, and performance at different scales.

Theimplementation of the CA simulation in largeale graph processing and
graphbased comuting on Giraph witltustomizedartitioningwas shown in Figure
4-10 (Figure 410). The partitioning operatiowas performed before supersteps
begin When the simulation taskassubmitted to the computing cluster, the

simulation user may define the number of supersteps to represent a desired time
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period, as well as the corresponding relations between supersteps and real simulation
time. Initializationwasperformed before supergt®. Aswe discussed, this steygas
straightforward in easing specification and parameterization of the model. As per the
computational design of the CA modélnecessarydifferent situations (different
parameters, different transition rules, differeaighborhoodsgould be applied to
explainair pollutant particles differenttime periods From superstep 1, the
simulationautomatically appéd the transition rules, depending tire values of each

parameter set

Figure4-10. Air pollutant particles dispersal CA on Giraph

According to the physical model design, thexesno air pollutant particles
transferreach outside the range of a 3D Moore neighborhood during a single
timestep Hence, the neighloe of each celin the lattice wer@nly locatednsidea 3
x 3 x 3positions. In other words, the whole CA model could be considered as a
bundleof 3 x 3 x 3 voxel group<Lells on eackoxel groupsan only evolve inside
their ownvoxel groups during sgie timesteprather thannfluencingcells in other

voxel groupsThis was an important point to make, as it suggested some
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