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Abstract
Climate change has become an undeniable real it
day. As gl obal temperatures rise and weather
significant chall engsesariacebaarntempeseuafuceeht
environment al studies, which are cruci al for
data is essential for understandilhhagy &gt mi $ i g
stuchyws addr dvses the barriers hindering the e

Ta both at tobtwll andl gl obal

I ni ti al |l-yygalad agsleodbyaTa predi cti on madanalwassi sde

representative sample of 30 cities was select

climate, geographic, and socioeconomic repres
data, supplemented witatapwddduessdnilet hé mec
stations. Land Surface Temperature (LST) dat a

data, were upededdt ¢tb winl dnotdred . TaAn ensembl e mod.
model s for each city, demonstrated high accu

predicted Ta was ednfpdroytelle tvampElte dnadiet iUdHS .

For Ta s tiutdy ami tlhaHoanlg skcdadgeewas e ad uoef htsog hidig e n s i
and heterogehhmars ttangesctampate Ta at fine spat.i
|l ocal e saabdkely3ITHsdat a wer e tshoeuirnuadrda rf & dd mgbTokh i)

susnnync hr(onaonBiss and S-SbT Rjnal g3 o sstaatte lolniateey vveldi cahs
primary dat.arfosrs tcloimpast sy was then carried
algorithm and time of the day on the harmoni z
cresosmpari son study to address the ki misaiingnses

in complex weather regions and increased bias



| nt e rpattedt empor al Fusi on Al gsotra gleh nal(gl oSrFIATTH m
fine scale LST predictiloShFAdt sha@urnlfy ctaemmp oor almp

tempor al resolution of L STcadaet a,hemankailn gs tiutd i seus

Fi ndlhhee¢yder at ed Lear niFhd NNefuraanie eNdeatfwoardksp fedi ct i
at a | ocal city scal e, addressing the uneven
stations were classified based on Local Clim
predict edFLUWASNNtrga metwver k. This decentralized ap
underfitting due to uneAVNeNodst atdemaondt satedut hi
i n Ta paowtdpertfiemmnmomfng heatwart multiple | ayer per
Tair from satel Pote0Odabaagaicosdi 0gaadnmwasonuded
UHdrand Ur ban Heat Vul nerability I ndex (UHVI)

identification and mitigation strategy develo

This study provides valuabl e t oodcalaen du rfbraanmet
analysis. The advancements contribute to more

informing urban planni ng,pudlliimathe arhitthi gatliiacn e
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CHAPTER ONE

1 I NTRODUCTI ON

1. BBackground of Study

Since0mi9d the popul ation of peoplexocesdadrnwr a
popul ation r(e3s.udllt ibnigl liinoing , s hgnipkeircamt agesef t
(Uni ted Nat iTdres ,Un2 Q ®f) o\raet c aosnts U n20elda)pe put bat o
by 60% by the end of the decade and 67% by 2C
nearly triple, expanding by 1.adamiolrliityn oK mjt.h
popul ahudumaann tohumate ch@PRgehauwricieteabddi 20ad)
generated directly by fuel combustion and ai
composed of artificial surfaces. These sur
evapotranspiration, abedrebhhanceTédebarfanatoati

gl obal (dbbkhmat etTaam .et 2a8BRPYd 0O 16hat urbani zat.

i mmedi ate i mpact on the wurban theiimal &masi rcar
urban | and temperatures to rise more than tho
island effect. This effect represents a nota
adjacent orural regions



building materials store
solar heat and release it at night

anthropogenic heat sources (waste heat
from buildings, factories, and vehicles) dark surfaces have higher absorption of
increase the heat island effect saolar radiation

lack of vegetation means less
cooling from evaporation
and plant transpiration

paved surfaces heat up faster and
prevent intake of rain water in the soil

| long-wave radiation is trapped
in street canyons

Temperature
N

ko

1

mﬁir ]

Figure 1.1:Schematiallustration of the urban heat island effects and factors that contribute to the
higher temperature in urban areas (cited from World Bank, 2020)

Stewart anldaw&kes@dPdt)ed that the Urban Heat I
positive impacts, depending on the microcl i ma
climate can benefit from reduced hadthiemg feme rhy

and ot her habit artesl,ataendd rfoeande rh awzeaartdhse rs uch as

UHI poses a significant and growing er(Vvliiwamme
et al. ,TR&ORY13pan across all aspects of daily
variability, energy demand and consumpteil cart,e da
mortaGubyet al., 2020; Heavi s.iThe &ni akd, N20O1C

for Disaster Risk Reduction reports that extr
popul atpgohs etOvaelrt,on2@2 d)f -geélobtaed headtihs fr ol
have been associatetdnwihbh sbmmavédbftbdb@®g&&e atl ns
recordedufaso magxthrdeeneet acr 0FanEoamnPP2d@ABHess t he
consequenrcelsatod d hiesag usetsu d inenaud taine iU rebaasn Heat |
phenomenon ast. dil htessuhdents Urefvaede ur §)awh ihceha tp eirstla
t o htehaet on t he ground surface, arcg , thwdhicanopy

ur bamehewectesnr f Aeeaheakbtli.tbordted @2f s above tolvergro

2



ur ban ar eas.

Despite the critical 1 mportance of understand
human activities occur and which can host eco
UHI studies have puU#HdoomITmanptiymdronyuseadsom f or
remote sensing technol ogy lhasdmfagee i f & Bggataa i v

whi ch i svaes gadhhH¢ieaslt | mat i on, vi a( TR ntdis e rorha Is ait

sensor s. I n cont (Jdatatme-Hdesd uidempernatecut ess r
Weat her stations, the main source of air temj
Addi tionally, weat her station data represent

vari ablecoheadvegstes regarding the 3Jpasi hDr
study aims to address tfhriasmewos &asrUdt i e g na t @

modelhat optimizes air temperature dat a.

1. Rese®@robl em

Sateddriiteed LST offers continuous cov d&gTahgues ,of
to estimate $shediUHd have attempted tocpatdaés:
cont iTAdiaotuass by i ntegr aTafi ngmdla8 8BH osr teox ggmeldd ,c td o s
used LST data from the thermal Tamhdédr addididbh &rsd i
London. Similarly, various models have been d
degr ees «fi veonc urhaecw.ari ation in climate, geogr
ci tgileoshaldliyf f er ent model s have Temergedf asemtpt |
However, since UHI i s a gl obal C 0 nocre rsnc, &yteh e r e

prediction that considers these characteristi

Furthermore, to iTWpredecthenatcomac@Tofstudie

that describe the climate, geographi c, and s«



include relative humidity, sol ar radiati on,

l ongitude, | atitude, el evation, precipitation
2021; Gao et al ., 202d; etShahdas 2623 pnl . Hoeéeva
aggregate these variables in their predictic

contribution of each c| asnsdi vimddureslstt éqpidsetadigocd h @l
can sitmeeaddta acquisition processes, avoidin

negligi bl eTaprnediucetniceen oinn a specific region.

According to the Land Surface Temper(aQuurld eRric
2017) , ur ban ther mal envidownane ndacs aiyrgcloguamit € vy o n
i ncemti nent dcemparesohsemperature data with a

a monthly temporal adeeswdlut(ioint.y |sc aloen)t raamsal,y di

with a spatial resolution of at | eastr elsOo0l ureit o
Howeve due to technical and budget constraint
satellitesoffhbdbre wieenattheradepati al and tempor a

Geostationary s at8édl9l,i tGesosltiake oRamagwaOrmpier at i on
(GOES), anid/7 Meftfeears ahti gh t empor al resolution (-
diurnal LST analysis. Howewvel,rebehubhawva (ekaft
| n constumpast hroatoallsl i tes 19 k&ECQanstsam 8pacebo
Radi omet er Experi ment on Space Station (ECOS
Emi ssion and Reflectamnm®&Rasuoemet 8T QASTEBh 6|
meters or highesrc)al es utihtearbnhael faonra |Ilyosciasl, but t hi
resol(niarieont han Ad4e nh auwrns d mea | gshyer@ h2sant ed d i t e s,
the Moderate Resolution I magi ng3,Spcfcfterornodd eorne

and tempor al resolutions of 1000 meters and |



Whi lec otnH i gur ati onsusfynt hescamoeddridatee data may be
prediction at the <citVYadatal eetoregbdbdéuromp:
synchroanoguesost ati onary satelld¢aral mays nat beke.
Therefore, combi ni B gfnyLnScTh raoantloaugs® 0 ® ma tbiodrhar y s
har moni zed use or data fusion offers a suita
efficient framework is needed for harmoni zing
retrieval meetl Hao dse fsreonns og & , the time of day o

cover of the aneanafl liynt e hestpr oddeém of missir

the effect of |l and use changes between the p
fusion model algorithms.

Finally, attention needs to be given to the
di fferent city classes. There are often fewer

urban periphery. This cuwvafaimawmobSTndauamcasat h

stations forms the core prediction variable wu

1.3 m HbgecofvB8sUdY.
I n attempt to boutdigienedeabevseartcthi gaptudy ai ms
and | ocalopstcadaezstat matf rom remotely sensed LST

i sl and Taonalchsiesy.e the research aim, the study

. devel opkeadsadcmogel for air temperatvede LB/
and auxiliary dat a.

ii. propose a framewor k f orsusgmgadraonmdp ulsST pr
geostationary satellite sensors,

iii.develop an integrated frawmawer k STodageanaer

weat her conditions,



iv. developed an innovative machine | earning

cont i nuowrsf smeeart e mp edragataur e from LST

1. 4Di ssertation Overview

Thi $ ecsd mp roifessiegsht . Chaptenrs damediuctamnyi ehapter v
backgroundtbaf tlesestuattlhg modadneenustf i u 1sCsh aspttledy t w
progdmeoverview of uUhderatandi hgcusiem@ghewvemen
of remotely sensigrg@st 8T i bmabanhdy § tussagtmect hhr soene ezleldi t e
st at es poaft iaortte mpadb uali obh@@medat so dihsec ulsisoefd aaknide h &
machi ne | ear nifnrgo nmordeentost efWayss usbernasr€iladgidbdpe ® vi de s
a brief introdua@atniho @ veefr wthleevmsetf lhayd odt rmgaa,cdmelvey
aim of .the study

Chapfoaurrss¢eveme dedicated to addr ewistihn ge atchhe crhe

addr exsrsd nrge s e ar@ha pothePre efsceme s t hcei-bsgtsiedly mord et h &

—+

emperature preddertiiwend ulsS Th ga rsCihtaailt xelZ b efairvge ¢ &

(¢}

ompari son sonyln$ h rabnndo ogse o st a@ h aopstaéxryt rdead tac e s a
LST fusion fr amewsocrakl ef ohro usrelaymldeSsls fpia poemeermaa nit o r

novel machine | earning model for estimating

=

emotely .§beseédstCiRagntpgimstr t her eaf ttdhre e ckiseatt ad

onclusecommenarad i tolme , | | emietsaetai rocnhs aosf wehl | as S

(@)

esearch.
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CHAPTER TWO

2 LI TERATURE REVI EW

2. lUnderstanding the Phenomenon of Urban Heat
Therigin of dditle reaelampddoneeri ng studies of L
identified an "artificial excess of( Middts", 120 (
Parallel discoveries by Emilien Renou in Pari
ear | ycexnOtur i es further underscoredqGaheéel ghadopak
Subsequent investigations, includingOthoseni o
solidified the recognition ©®he UHbsmatsi an wofdeld
in the distinctive characteriUstbmmmeasf debaned
dense construction and i mpermeabl e surfaces,

to indreemgpseeacet uses. the predominance of i mper
avail abing ttyhe idnpediipati on of s olaabrs ohrebaitn.g Sweactc
coupl ed wi tlhi ktethec omdnyamati ons created by bui
retention of sol ar energy. Thesen cohoardk t i onyg

exceeding 88AC (190AF), a stark conarrasl ta.ntdo, c2
UHBre not solely a conse@uwarnde opfo gty cihd aale ¢t dha
hu magnener at ed heat sources, raldexadestwhatddlp eeefdf
The inter plhyysiacfal t lnendde anthtrlo@ogent endiafcit @ st

bet ween urban an(dShahmdheaemadir oentmeanlt.s, 2011)

The ramifications of UHI(sHeareda parlaf, oM 1 n dVum

al . ,. 2WHi4l)e some colder <cities at hiimgdhwaed awiin
war ming as beneficial, most urban areas wor |l ¢
probl ematic. These effects mahniofuetscto naess ,h uimacnr e



consumpti on, and heifggteqea e@tol alutj oB01Ey elNRhe

context of global <c¢limate change, UHI S compou
areas | eéRahamanabteal ., 2022)

Researchers have studied UHI at different | ev
(2017), UHI studies can be quantified at hori z

i's determined by t heerelteuraet idanf faetr ewnhciec h st hgeu atn
broad categoriesshpveska¢prdi denfTabhed@r han bo
urban canopy |l ayer (UCL), the building canopy
oher hand, the horizont al scale of UHI range

depending on théKamm&oBrbiwa, reageeajch

Tab2l«Cl assidfi cltag a(oknl m | & nBlr own, 2021)

Type of UHI Horizontal Range  Vertical layers

Boundary layer Heat Island Macro (100 km <)  Urban boundary layer (UBLP(10m)

(UHIBL) Meso (10i 100 km)

Canopy layer Heat Island  Local (0.5 10 km) Urban canopy Layer (UCLLM7T 10m)
(UHIcy)

Surface layer Heat Island  Micro (1007 0.5km) Land surface layer (LSL) (km)
(UHIsy)

Al so, advancement in the study of UHI (Zhsa re¢v
al , .20Alcoc)ozdungtt aJHI (e ®dd&@mn,jc o mp assisngl e object ,
of objects l i nked to topological interactio
conceptualized as a field object t hat evol ve
intensity of UHI wietak et i dtecwbhash, can Tt eamain

surrounding environment allTheagudi t u ¢ @ fa nwla réicantpiec



the UHI describe isusnmaehaweido cmprneasagntad@did yreea s2 .
behawiagumpar toayiymureeua transfor mgtclaemnd d&€Comtoiew u
variation in oochangetsyi othbadmapptleabi of an &leo @y

UHI estimation at a single time frame not tel

expansion

continuation

— area change

contraction

decreasing

L thematic change [«

] increasing
—1 disapperance

— appearance awakened

stationary

[ T 1 [ T ]

— Transformation splitting

— merging

—  seperation

Figure2.1: Categorical classification of behaviours of UHIs (cited from Zhu et al., 2019)

2. 1E4timation of Urban Heat | slands I ntensity
|l quanti fying the size of UHI within c(iH.i eLsi, eU
al ., 2018; .Re(onevte natli.o n al0l2yl,) esti mati ons centr
of the difference between the maxi mnm anud adv al

(Oke,. 1972)

5())Y4 4 4 (21)



Tar et r
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AWS

dat

spa

al g

and
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o the increasing variation in the gl obal
e city scale has become increasingly i mp:
cro scale has r ece.i vikadweav d ro,t WH le fispttundgyi hagt
édirewmecdut omati ¢ weat hesri tsut adtaitaan sal (0AVES )i so rc
e |limited number( Schfi crtouwd th ys t2a012H)Nn st adaie
ds using LST data from remote sensing sat
ri#®t her me a(skBia leimeentt sal ., 2020; Rei hlee suee
from the TIR sensor has helped in measur
UHI as the phenomenon occurs at strategi
l ed i n recent isxntgu diSels d ad sat icra@Btaibreg sWldli vy
rs et Tahle. ,fi2x23)step i nvolves the definit
be either rural or urban areas. The sec
e reference area to refl eacnt utrhbea nUHlela.t A s

e area, while a neddtii wda .vadl.ye 2r0elpines ent

dBngwdrot and ©Ohkhe (2L 2ation in adopting
ique remains in the ambiguityUabaoncaantesd
ed as permanently | arge set t(lIRemdantest wahle.r
d, B2d4i dhss definition, meanwhi |l e, i's abs
es have sought to develop different meth
aread mhiedf exampl elfi0nL03tudy, devel oped

al extent of wurban areas for UHI anal ysi

2) , in their study on UHI analysis acros

r

ithm PERCE) et Wnimbe (n2@18)he CCA and the buf:

ur ban areas of 285 different cities i n ma

10



2. 1Fdactors influencing UHI

Since 1972, when research on UHI began to pig
sever al factors responsible for the varied in
highlUJght achd Wde§i 02020hese factors as the coc
ant hropogenic fact oirdge mtaicfhioendsambehapegediuc €he
solar reflectance and | at endb shterad ontidexdtbuted efos € o n
buil dLnget .all.n, a2 li4d) tononewetr wdhheamdUHKIhle and e
factloras ,and Watnyd i(ed 2t0he r el ati onship bet ween
|l i ke Iland use and | and cover (LULC), ur ban t
combi nedgboghapiiecal |y weighoedi mamgy ebsash §¢
model to carry out their comparison. Findings
LSTs are |l ocated mag ndgneasn wher eurrbeagni obnusi lar e
forestl ands, hwahviel el orwerralL Salrsewa sfall sso ,t htalte tQleR er
relationshiop bet ween LST and environment al i
normali zed difference water index (NDWI) . I r

di fference buildingzeddaeixf f(NrDBrl g e aarde an oir nmdad X

with LST. The GWR, however, reveal ed that t |
concentrated mainly in the northwestern regio
The | i mift atthiosn st udy includes that there 1is
characteristics e.g., Sky view factor (SVF) i

Equere et ah. th2020»study, attempted to defi ne

i mprove UHI prediction. I n their research, to
on UHII , a novel index termed el evategnafadt
predictive model together with other horizont .

to understand the relationship between urban

11



that LST is highest in the industri al area, f
recreational area having the |l owest LST. The |

of the difference in bhdeer@BlTaiaced sy tthereregp !

EF was not included, and this increased to 68
i mportance of EF in the analysis of UHI . Al
homogenossboeli on terms of horizont al and ver
areas with high elevation density. To better

is a need to consider other uohamsehgvatipordp
based on machine | earning techniques | ike the

because these technigues have been revealed t

2. Remote Basleadmdg Sur facef dempElIraéestieemati on

Lillesand detfialed (2Mmb%) sensing (RS) as the :
abopheamanmee gom odn eex a miydnaicrap thuyr ead Metviicre direct
with the subjRSti sofcdamstiedeerseed a viable technic
at any point in time since no phyéBahi ental a,
The technique uses oismfted thé ttviestmth f g eorms adoriogt bitr e fhdoar |
and |l ong wavelength radiat jeonnabd mintgt etdh ef reosnt i tm
Surface Temperature (LST), (aAlcmeuicdiaaletV aarlil&@I2¢0
Nati onal Aeronautics and Spacfe rAsdtonbEaerstthr ag i ® a
to monitor and study tthe lanmnd h@br d amatimalisielsa t ¢
serves as a | andmark of spaceborne RS, and s
terrestrial remmat eange &s Wag\gyat@inetnegs i n sat el
technoliogti eeedfifeiacd entmedamd desnif @qbb@dacqgesr ergensi v

with saspafaalocygvdrmragiacgsmicd et eailTshiets20 lJad)pr oac |

12



classintioed wo sorts: Met hods based on ther mal

based Mm&8Muhedsal ., 2021)

The -BfdRed LST retrieval met hod has attracted a

of satellites with TIR sensors and the relati
from t hede&chaitl @ 1zl .iettRlsslo.,, tZhG®l %@)vail ability of
top of atmosphere (TOA), recorded as digital
at no cost to the public, has contributesd to

(Al mei da etFat .exa2m@mpRlle, processed LST data an
| maging Spectroradi ometer (MODIS) satellite i

Processes DistributedhtAcpsi:vie/l IApdad ov.eu £ dP) AW/CY

For Senti nel dat a, it i S availabl e for d

(https://scihub. co)p.erWhiclues .tehug dAhduvsa/ n#c/endo nEepaceb

Refl ecti on (ASTER) data 1is available for do
Admini strationbés (NASA) Earth data Search bas
RS has lail sioeditmpe process involved in the inve
retrieval algorithms avail(a®hoi f&rSwhar i 208 as;¢

Bonafoni, 2020, Zhao et al ., 2009)

However, despseeé maéehddRs utility, the reliab
retrieved from the TIR sensor of the RS satel
caused by <c¢clouds or cl omds sihrag{ Afvsnemlihemrt clad:
Accor diidnign,t o0 )v er atghei,r cab oauft tthweo dai |l 'y weat he
cover, with higher percentages occur ##ihng di rof
MODI S LST ddtrée@amraecd!It ®@u &. Shlasnk,s ,s dmMmMe 3r)egi ons \

pi xels are frequently misclassified as c¢cloud

13


https://lpdaac.usgs.gov/products/mod11a1v006/
https://scihub.copernicus.eu/dhus/#/home

mi ssingWpigelalln 2dQil)i on, faulty TIR sensor
LST dat a, affectineg atstread rmeeltikteodoi nfiotr$ Tl cofnogt ihteo rTil

the Landsat 76s Enhanced Thematic(BhppeetPhls,

PMW met hod, on the ot her hand, has the merit
of the radiance to penetrate nonprecipitating
absorption on the r(&hwaet  han &i Kukdndawev €©,d 6t) lge bl
the method I|ies in the existence of l onger S
resolution compar gdwWut cetTIlaR Trhea&sWldrniéemeretd Mi cr o
Radi ometer (AMSR) for theEEFaftbh ©Obhamphenghdsys:
of 25km, while the AMSR2 has a resolution of
from several mMil®KRdbkenaodsl owl sati tude regions

PMW o Xi.t hang.effoal examlmpl@) ther&€ iismagge2m®%eg

Chinese (m@&un nétanadl resB0RILhg in a spatial di sc
especially on a global scale.

Anot her constraint in adopting RS fs dted Ilwleietne td
and spati al resolution of LST data from sat el

neither PMW nor TIR sensvart hhad gaa sipradglieal s atnal
concur(Mantelty al TL R2®dtHel | ites, for example, ca
and-ssysmnchroni zed satel(Barersi)odastedadld.R Sk@ISD) sr
synchronized satellite can provide LST data \
resolution, while the spatial resolution of L

but has a fsionleutMaoenmpor al . 1 e2021)
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2.2SlW-synchr®atoaulsl i tes for LST Estimati on

The orbsynolfhr eamemus orbiting (SSO) satelli te i
The altitude of these satellites |ies above a
satellites. This position affords the TIRS ab
hi gher spati al r esstod tuit a noanr yc osngptaer leldi tteos .g efol s o,
|l nstant amd/o lesv Kil &10d/) resulting in a molre ext
making TIRS have |l onger red.i@driegs enngt sc yeexraenp. | e

synchrsoantoeulsl i tes with TIRS which have been er
LANDSAS daf({ €hbhitterjee et al., 2017; Januar et
Bonafonj, M2@@&@ONDate Resolution | maging Spectro
sat e(lGhiotie & Suh, 2018a; Mao ,etl natle.r,n a2 G7;a |l WaS
ECOSystem Spaceborne Ther mal Radi omet(EeSi IEx@strr
et al, ,S2®mMAi0)Nati onal Pol ar Partner shlipn (eNtSP&I)
2020 NOAA Operational Series Satellite, Sent i |
NOOA. ®Otshyerchrsaneud ites with TIRS thati nccalnu doee

Sentinel 3, ASTER and the recently |l aunched L

15



Table2.2: Details ofsunsynchronousatellite for Land Surface Temperature Estimation

Satellite TIR Sensor Temporal  Spatial Temporal

Coverage Resolution Resolution

Landsat 4- 9 Thematic Mapper (TM), 1982 100-120 16d
Enhanced Thematic Mapper (ETM+) Present meters
Thermal Infrared Sensor (TIRS)
MODIS MODerateresolution Imaging 1999 lkilometer 12 h
Spectroradiometer (MODIS) Present
ECO STRESS Prototype HyspIRI Thermal Infrared 2018 60 meters 5d
Radiometer (PHyTIR) Present
NSPP/JPSS Visible Infrared Imaging Radiometer Sui 201171 750 meters 12 h
(VIIRS) Present
NOAA Advance Very HighResolution 1979- 1-4 12h
Operational Radiometer (AVHRR) Present kilometers
Series Satellite
ESA - Sentinel Sea and Land Surface Temperature 20161 500meters 1d
3A & 3B Radiometer (SLSTR) Present 1kilometer
Terra ASTER 19991 90meters 24 h
Present
2.2G8ostationary Satellites for LST Retrieval
Geostationary satellites operate in a geoasync
synchrsatoaulsl i t es. The satellites or bits in t
approxi mate(li 8bg 78 6W&kmdd, t2h02z0)al ti tude, it t a
compl ete one orbit, the same period to compl e
stationary in the sky to ground obser veerTsI.RST h
aboard the capability to make continual obser

16



resolution LST data. However, given that a si
covers only approximately 40% of the earthods s
three of such satel bifitéospgatedaBaiwislabobea Jwaeea i,
' imitation of LST data retrieved from TIRS on
resolution of the data commpmamypdhmngoatideud $Ter et
schol arshi psGelnavati uonsiioyedateelplriotdeusct.i oM hede
Geostationary satellites include the NOOA Ge
(GOES)lgLhang et &i mawadrd(p9dlvadh ce Hi ma@hoi & m
Suh, 2018a; Li et al., QO0R®Or s Ya maHreandgeyde e2a iC h |

et al, ,ardl1l8ét epPatlatazledflfi f eeta moin.g, 02 hhEB)®Tr ( s e

detail s) .

L] i H Ll L) L) L]
Meteosat Elektro GMZS GOES-W GOES-E Meteosat
Fy-2
Fi g2a2 e Gl obal Geostationary Satellite Coverage

Research, 2022)
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Table2.3: Details of Geostationary satellite for Land Surface Temperature Estimation

Satellite TIR Sensor Temporal Spatial Resolution Temporal
Coverage Resolution
GOES 8and 9 Imager & Sounder 1975- Present 4 kilometers 30min- 1h
Advance Baseline
Imager (ABI)
GMS Himawari 7- Advance Himawari 20137 Present 2 kilometers 2.57 10 mns
9 Imager (AHI)
Fengyun (FY) 24 Stretched Visible 2012- Present 5 kilomeers 30 mins
and Infrared Spin
Scan Radiometer
(S VISSR)
Meteosat 2 7 Meteosat Visible 1983i Present 5 kilometers 30 mins
and InfraRed
Imager (MVIRI)
Elektro MSU-GS 201171 Present 4 kilometers 30 mins

radiometefimager

2. 2LSRetriAdcgali tSumsy foohrr onous

Land Surface Temperature
relies on robust al gor it hmsDiffofre raecnctu ralt geo rtietnh
devel oped f of moédton Hseywicnmg olnSTzedr watdebkebt baibmart

i ncltude sRadi at i ve (Wriardanfearz

Mo nWi ndow Al(gxd rni tehtm al

(Ji mBaogaz et al ., 201.4;

MonWi ndow Al (gMWATthhBMWA I s

Surface Temperrdatiwsr @ga(ftISTTul arl y

a

(LST)

200anpn8spMdVingpdew Allgor i

Wan & Dozier, 1996)

angdatGelolsittae i @ atae

retrieval

Eq uSaotbiroinn o ,

foundati onal

usef ul

20009;

approa


https://en.wikipedia.org/w/index.php?title=Stretched_Visible_and_Infrared_Spin_Scan_Radiometer&action=edit&redlink=1
https://en.wikipedia.org/w/index.php?title=Stretched_Visible_and_Infrared_Spin_Scan_Radiometer&action=edit&redlink=1
https://en.wikipedia.org/w/index.php?title=Stretched_Visible_and_Infrared_Spin_Scan_Radiometer&action=edit&redlink=1

single ther mal band, -a@i e x e mnp)lallf.ti,read2 @uhyl tLhaenyd s
adaptifaobl esatel |l ites with nuvidtainpl a&ndbahayv haoso v e

Land8s at

SpMWitndow Al gor iTthrem S(WAWA )mp r oMVeAsa pppomacbhhdédy us

adjacent atmospheric windows, typ@diicna@\efzokoea't
al . ,) 2DHi4ei ndduoaw conf i guration all ows for the ¢
water vapor and aerosol contentli nceheelfzbrg et o a
2014)

Radiative Transf®Bhe ERTUERtIisona (ROIMEpPprehensi ve and
f omodeltlhieng nteraction of electromagnetic radi
Ji meGMiefzoz & Sopr iwho,l e20c009mput at danal |Idye mamTdEe n g
provides precise LST estimations by accountin
surface emissivity, and sensor characteristic

comput ati ordailme@neffzozi &n Sphri no, 2009

2. Retri eitaed mmdr ature from Land Surface Temper
Asdi scusnsddche cl asstifa cmhe momenfonHdan vheyi nges:
el evaM itbdonundary Ulgyyeut ¥lHkke humannpeysethbaoe | a
UH{ UH)anuwWr ban canopyYd)raeynemri inbiigplor t ant UHI acrleas si
diregctllayt ed t o human as it is est i M&ltOeOdndPkiet,hi r

1995)

Whil e temperature dastcaanusheed c ool leesatienth tfer anm el SJ
are continuously avai lfarbdrneeromalr ienxferesairsamaés g
UHd.r equTlad@tsa typically collected within 1.5 t

stations. These stations are strathgidauet ity plh
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high costs of installation and mai nt(eHhoaonkceer, ea

al . ,. 2018)
The discrete spatial di stribution of weather
i n temperature measurements, w ksiccall el isnpiattsi atl h

(~100Dmng et.Agsldme,as2ir2e3nent s are spatially and

provi de adepindatiintueomper ature di stribution acr os

AccuTaame@asurement i s essenti al because it serwv
energy and ther mal bal ance in the | owest at mo
areas, where human activitiesghaet emsibfay ¢ leim
especially during heatwaves, contribute not |
concentrations, directly -mdiffeeii ngi rrees& dAmbd si
Theref or eTaaomayprpatngl y is cruci al for understan
model i ngetffeevdidt er et al ., 2020)

Taddress the | imitatiTafar orh weatt,s &l dde Bitcjpend e n u

model s t hat Tibeynd etvoe reasgtiinmga ttehe r el at i owesahtihperb e
stations with LS3$Hh ftrham heatea lelovidted sd aatree. br oad]| \
groups: empirical model s and machine | earning
2. 3Empirical model s

The earliest Bppomalchh v ahdpveesl dpignignoera rmul ti pl e
regr eguiadn on t o molbetl we dlga ok Thaetl i @eobnesdhrioph me h o A b
(Noi et .Eanp.l ,ogydfntgid@ment i al or |l ogarithmic functi
commoWViancut sem.Hotweavle.r,, 2 CleG)e mod el (sB hhaanvdea rnio teat
202 2; Carri.Froretextahmep | ne@de@sl )rleepr eskatiaamd hL $TDb

on a | i.Hoevaerv esrc ad ®yd redi red, tddh.er(e2 ®@X6)st a compl e:
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the two wharcihalleessi mply representdttewichial heng

paramet éuirzateiron dmpglei anotdeed s, as their-sgail &@me
geographical and at mospheric g tCtarrirb utne setwialr
Consequampifoyralteesnpor al scales change, and di st

play, adapting these .Nedels$hleéesmesi mMobse wiomt h
' i mitations, the advantages of these model s,

demands, generally outweigh their drawbacks.

The empirical mo d e | Ts( dbeapseendd et nbte Ivpar rdi dailbckteivaorh Bahfi p
LSTdanher enwiarronmnahe nethal diriggbdlys el aloéd wpebns

di fferent wvariation of Tapreednodteilormhaawse @Hreeisie mt
includes Linear regression (LR), Mul-Sguar eat
Regressigeo®Lsphical ly (WaEWRght eBda yreesg raens Kirargi ng
Thmost i mportant componienmtdempodeécamplesywidi ol mdba
range from one to tenas ocodprienggr eeaniplo émsiod a&l darf oerx e
predifatoimnL ST publishedoveaer thlee SpéplRDELYIAEHIED a S |
202y3i)el deedswil @ Be number variameglpeypedenby t he di f
randgirrogntebeans pr e Sab2d4eM tihnvla® Tcaobmnmeo n  tsot uadli le tsth te &
indepeademabl e emplhelyeewdati inacrd udetsa t hat was empl
nor madi zfeareggredaeat i on i ndex, (INDtVilt)ude( LNk HsdalLAgdii)
i i ve staddesse | and coverndrLidlICi)z eédh dihfrfeeer esn
( NDWho)r ma Idi zfeelbue-d gred e x (&hDRInyeget mtdiexn hQiEIVIIS)i,d e,
di stanceDOWnuwia nelr d { WBwetdadéoIn empl oyed | K°pwenst L
Geiger cl i mat l€C@)aapses,i fsiucrafBahcpen aanldbhaldrahe@nd es si vi ty
(LSE)vi efwicy or hysve)me t(rHiL9 sineowe $hie)ipgrhetci pi t at i on,
rel ativeéRIIunifddaeyds @SS RINnd SWeedopol ogi cmé pbs
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https://www.sciencedirect.com/topics/earth-and-planetary-sciences/geographically-weighted-regression

t hdeay TORB)nd seasornf SOWerleeayeéaempl oyed i nviaevws i n

peri od.

Table2.4: Summary of Empirical studies dn Prediction from LST data (between January 2019 till
June 2023)

Aut hor Met hod |l ndependent Variabl es
Jai swal et LR LST

Tepanosyan PLSR LST, NDV]a,ndNDNWIB I

Ni kol aou etLR LST, ND&V gandnLULC

Col aninno aGWR LSE, evaHlHliSOHP; ec i p iTet napt @ roant
(2022) RHS SRS  awvbd

Liu et al. LR LST

Zhang et al LR LSHA,nd ewati on

Zhong et al MLR LST, NDVI , HE¥WNat Lo\, +an

Sergei et alLR LST,OD avbd

Mel i ho et alLR LST,OD L SEE eswdtjildns,h &5ld e |

Hereher andLR LST EHredzati on

(2022)

Liu et al . ML R LSBAE evati omanWSNDV I

Carri-n et LR LSE, evaf RSOy, EVI , LULC a
and LON + LAT

L

Orel-$amani e LR SEH, evaandnL ON + LAT

al . (2021)

Serra et al MLR LSE, evabDhOWshppepect, Hil
NDVI , Abeal L ON + LAT

Hadria et alLR LSA,nd KCC

Hereher (20LR LST, NDH le vaartd o n

Zhang and DBKR LST, Tebd
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2.3Machine Learning Model s

Recent year s have witnessed the | aunch of S
capabilities, accompanied by the deployment o
storing vamét amoadlad ggiuodelt al . , 2020; |l oannou
2019)Thi s surge in data availability, acmparmpdcdekd
the possibilitgnadfcompetwgiragi mgdéeli ghinto the f
Machine | earning model s, known for their abil

compl eki n@maam rel ationshipesshawe sptoveg vhaei:

prob( ®&mden et al ., 2008)

Consequently, these machine | earning model s h
to phAdddioot remotel y(FTepaerdsy&T dtt a1l .a,dadqal) o
by the recognition fTdaatd tLISd ceahatbtobehbpcheqwd
model s( Gaylloenre et al ., 2. &16c¢ oWi Ingmoonsd e ti{Jesac eRafriyd 0 2 2
t o JunpuRI0i2s3hed $hedues of machi ne Tdieartrhien d cmc
dat adsas@eresent Bdevealvabl eMaz hafne | eahavegbeeed
empl oyed. Tdreicg s ii-boand etdt eegepspurcdR @ahst e m (FRoF ) eEsxtt r e me |
randomi zed TOreadads enET)aocastr eme ( GBBOAGbo)psdoOoweli
as regr e(sbsTAN0di tl rgeeeegpl | e arlniitkhege meldacyliesp | per cept r ¢
Net wWoMKNN)Cubi st Machine | eDeerepg mmgalmo(®rell WéTyIL ) ,
a n3h eTretrMe ntoy ( LSTSM)per vi sed VvVRedwmMeiowalk| Né SWM) k

have been harnessead dldfer qom eldSTctd actoan.t i nuous

While the tatrlgede vaabRlingse i mpwot variables vary
as depihmTabiddwiith LST wvariable common to alll t h

includeNDWEVISSSR,ULC, LON, + L ATKCCHOLIDOWD \W3H,,
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e evadliomsep,ecHi | pshaadrt ages of the areas cover e
of the areas covered by urban (LCPURB), perce
Total column water (TCW)daybotindhe ymoédkhe foD O W)hgt
(MO)obserxvani b Z@atgrhes pher i ¢ wagdreec ivmiptoat i( AWV )
(CC)radi dtRiROmo gt aphi ¢ podiatniddmvresthEl®etxarf ddel wei gl
temperatunepClgWagphf,kclai midalxI| , Gp o pmad cadmiaiomp e r v i
sur { &mérby ma n -ulpu ialntd s et t |l ement Leaxrnd nSurdfead e eWat
(LSWEYI I Adjusted Vegélbamabnzeamd®xf ( SIA¥hge S
Ni ghtti me | ialhitmadtaa ac |(a\sLsDiyfiincea tainodn c(oGIE@gen dof s

Topographic position index (TPI)

Table2.5: Summary of Machine Learning studiesyPrediction from LST data (between January
2019 till June 2023)

Aut hor Met hod Predilatriivaeb| e s
Zhang et al .RF LST, NDVI, El evation, S
LCPHF, TCW, BLH, SSRndL
MOY
Shandas et &RF LST, LULC, arddCa\v att iLOAT,
Yao et al. (CML LST, lalhElIC e v ati on
Yang et al . MLINN, LST, NDVI, and El evatio
LSTM
Qin et al. (RF LST, LON + LARanEORVat.
Qin et al. (RF LST, NMVI, STODanHIAgvatic
Che et al . (MLINN, SLST, T 10DQ Y
and RF
FI ¢ckiger etRF LST, NDVI , EIl evat iWbDn , L
Preci pivgaart,i oaand TOD
C. Wang et aRF, DT. LST, NDVI , LULLnTWADON +
GL M
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Zhang and

Bhandar.i

Jin

W. Wang

et al

Zhang and

Cho
Car

Yao

Zen

et al

DL

et

(

et a

DL

[ et a l

ri -n e

et al

t c

g et al

Orel-$amani eg

(20

Gao

Chu

Cho

M.

21)

et al

ng et

et al

Zhang

a l

et

RF

ML INN
RFRand-XG
Boost
RF, ET,
XG Boost
and MNP
RF

ML NN an
RF
DNN

XG boost

CML

RF

RF

RF, DNN

.LSTM

RF

CML , RF
XG boost

LST, el evati &nap dNrDavtli, o A
Preci pCCBFi 6 ON +MOYADIHUL ¢
LST, El evati on, LULC

LST, LUL C, NDVI and EI e

LST and HOD

LST, NDVI, LCPURB, LCPW
El evalSioghdpect, LONHGD.L A
LST, NRAVIE|l eWga n@w

LST, MNDMDWI
El evat iScCi5, HOPIL , EMAndL DL
| WTale mper anhldoON,+ LAT

LST, HOBI, e \EaVIl]i, 0S¥/, et b p e
PI' S, LUOILC LON + YeAT, and

LSBASSR NDVI, KCEJat i on

LST BHredzat i on

LST, EVI , Al bedo, El ev a
Rai nfav®pul ati on, LULC,
anear .

LST, LULC, ,4ON HI ATt i o

LST, NDVI , El evati on, S
HBAS&nlWMON + LAT

LST, SSR, LON + LAT,L EWI
SAVanNIDSI
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Hough et al

"RF LST, LSE. NDVI, Elevatc

Hrisko et alpyy LST., LULC, Elevation, L

Otgonbayar e€p. LST, TOD, LSE, SI capnédONE
LAT

X. Zhu et alqy v BPILST, NDVI.SARN&L®L i on.

RF
Whil e machine | earning models have Tehhamcleadn d
Surface Temperature (LST) and additional auxi |

' imitation revoldesiaedunh&Ti heehsabhebkrves as
model s. It arises from the fact that a single
and temporal resolutions Tihetshees smacyh if oeg laecearumriar

beenlenab predi cThatf ifniene osnpgatniuvaolusand tempor al

2.4 patiotempor al Land Surface Temperature dat
l n an amatkeempltantdo surf ace temperature (LST) dat
resobutsitoundi es have come up with different met
can be stratified into two broad strata. The
TI' RS of a single satelliteTtBBpesiyakthmnonherzedl &
and the spatial downscaling of( @Quam dtrWwhn ITd RS
the secomecquatregdt®at aséroim mwoyti ptegsanisowgm b
sunnynchroni zed and bgpeocsdt aotni osnpaarrys es arteeplrieisteent at
and wei gktasfedn ofiQudamd €t. al ., 2018)

2. 4The spati al downscaling method

Given that spatial resolutnbnaonéddaNBRJ rbandh

have a finer spatial resolution when compar ec
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downscaling method capitalizes on the resolut
the resolution of data from the TIR band by

corresponding pixels(Bnsmaei disi &l ealand RO R5D

Di fferent studies have employed the spatial d
TI'R data from a geost &tiisomaanriydissatedt hmdt. e . (2Pdoby)
the spati al resoluti onSEWIRILSTateat at ér by dWloevr
resolution from 4km to the spatial resolution
the Support Vect ofrSVRWQgraensds igorna dMaecnhti nbeoost i ng
the downscaled LST data by comparing the resu
compari son demonstrated that the downscaling

t hei gam al dat aZ agkejtesk raentda aGhgetdi,r i (n2 0tlh2e)i r st udy,

regression using a moving window approach to

SEVIRI satellite. The process improved the sp:
resol undromaloifzed difference vegetation index
visi ble band of the same satellite (1000meter

MODI S generated LST showed a comparebd ®otr emald

square error of 2.5K.

Al t houghe bias in the downscaled LST data 1in

resolution achievableteshnpqtabe espadtwuitalondawms

bands from the same satellite, which may not
Al so, the scale factor required for downscal.|
retrievedhi sHocwenvdeirt,i otn ilse ®du e mfott lae hii refvradd e
of thacsoal seinsor, influencing t((hQuarccatr axly. ,0
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2.4Tempor al I nterpol ation met hod

The tempor al i nterpol ation method is designed
mainly -§yobpmhsani zed orbiting satellites, by i
observation and associatirnmgpgl ahem wbtdbl tbe a

temperatur e c(ybculaen (eATCAIDT,C)2012)

A stubwanmyet ,alfor(2&h4mpl e, used the tempor al i
consistent LST product from the MODIS LST dat
RMSE of O0.5K when compared with hourly ©bh®T da
' i mitation of this technique, however, i's th
mi ni mum of four LST observations on the predi

a |limited coflrleeec t M@ S fa lcsheorawdastpiadnsalwr esol ut i

2014a). Shan | at |l yvdevell@Pdd) a technique capabl
interpolation and spatial downscaling technigqg

DTC parameters using the albedo and vegetatio
t hgbout a year at a spati al resolution of 2 5

observations on prediction day remains a prob

2. 4EBdmember unmiextihnogd .based

The endmember unmi xing based method invol ves
having a fine tempor al resolution but coar se
tempor al resolution bsbol aThree hmdti ved yt rcoaatr s et e
at the coarse spati al resolution as a mixtur

spati al (Zédsuoledut.iadilhe M@16Gpd is related to the
(LTMM) . The tempor a@lcaVv &riiast iesnt iantattelde bfyi mes s ut
combi nati on anaédcocampnoengelnitg iQodarei agnitorami he &dclBr)acy

met hod is strongly dependent (oAhhanhge eqtaaali.t,fe2o
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spati al pattern reconstruction may not be sa
di ff e(rQunacne et . aHowew®rl,3)t he accuracy of t his
classification map that is always not avail ab
bet ween the data analyzed may resul {tQuan uets ad

2018)

2.4Sparse Representation

The spar se -braesperde sneentthaotd oanl so uses data from mu
both high spatial and tempor al resolution,

tempor al resolution. Thri sr empetelsedct ampoboyd et h
relationship between structures within the tw
value at another time, the correspondence of

coar vd ut een at t heChpernedettct adComprRmdd) wi th th
downscaling met hod, where the target vari ab
represbasatdi mat hod can be considered an I mpro

al so accounts Gioesf hlasdroacver atché&dddeé sand dhrar

in this method, the relationship is | earned |
applied to the coarse resolution atnedi fbfyersma
factors is replaced by the target wvariabl e. I
through patches instead of pixels and applies
met hod has | i mi tneteidord ©,r icroanlpu ckixn gnotdled comput &
explaining the correspondence, exceedli ®ndil f fcer

and a strong depend&maue ean att he 2@ddeg extent
2. 4W8i ght Fbuanscetd ommet hod
Sinictes initidlhepweplmahaaé d utnecahmingue has grown |

to the sparse representation and the end memb.
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pairs of LST data from multiple sensors. Thi s
pair of fine and coarse resolution LSTs acqui
acquired at different btheméacusrnfgrbmet wei gkt a
predict LST data at a fine scale on the prec
refl ectance fusion mé&ealg €8 TaRFEM)(e2hods)to sreedp rbeys
wei ght function based fusion method. Using ¢
STARFM uses a weighted sum of reflectance char

Landsiakte refl ecg amlt®t taes mmponi-iad v ac(hiZabnagheg iest. sacla.l

However, studies have sought to i mprove the m
heterogenous | andscapes and .Fegi eramwl eh thahtb
Zhu et al . (2010) proposed an enhanced STARFM
heterogeneous surfaces by introducing a |inea

resulting from .Simfidae | et ¢di d keme ietty-tad mp o r2a0l0
adaptive ml ggappihg feflectance change (STAAR
met hod identifies changes and selects optin

Transformati onTHea Cal)gdreicthmmgqwas tested over a

central Al berta, Canada, and recorded spati al
set .
2. 4TBe theoretical basis of the existing fusi

Al t hough STARFM was designed to optimize dat a
have built on the merit of this | andmar k mode
TIR spectrum of RS data. &Bhed moédelser egsiol e1g i to
around the same time/ date and a coarse resol

Theseweds@etlasequently used to predict the fine |
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First, the observations from the fine and coc:

at mospherically corrected for surface reflec
However, smal | bi ases are expprcboedsdiumrg,t oacac
bandwi dt h, and geolocation errors. Negl ect i ng¢
correction, a hWhetoldaudeémaops xedaraf e darn ebd aqglr

from finer reensecoluust impeerix lelt&atrami cpee r ¢ e n tt aagcec oo v enrga

equazzi on
0 BO o (22

where irefers to the fine resolution pixel's spatial index (location). Even undeotidtionwhere
percentage arela stays constanand is retrievablefrom the next orpreviousacquisitions, the
problem is still illposed mathematically, ardiditional information will beequired to determina
uniquesolution If & can beestimatedrom neighbouring homogeneous coassalepixels, results
could be improved dramatically. Therefofending spectrallysimilar homogenous neighbouring

pixel is thekey to finding an approximate solution

Theurface oRfhemogeceus pi xelmeats ua eado arys e.ra nrdes:

be exprpersesseedntaesd 3 n Equation 2.
Orr O 7r - (23

whewhd is a given pixel |l ocationsfohebatlhuisne
both darepresdnts the difference betrevddmrcdlana

However, it is assumed here Otshpahashbeeenapsev
georeferenced and resampled to the re®@hkhution

and thus s tpdrmxedi ndigreessinee and cedudenahe spm

this assumption applies to al Equeaqgd#dpotni besr ehl &
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daba at a coarse resolutiomaontaepr beéi wtsiean

resolution surface reflectance on the same da
Ok 6 - (24)

Suppose the ground coveragle tgyproaandhaggeemve

daband t DB hdeast-eand (tkhquwsab), on 2.

& L+ 4 H orr & ar # oRn (29)
However, this ideal situation cannot often Db
relationship between the two data is complica

Coarseresolution data is really a homogeneous pixel and may include mixed land cover types
with different surface reflectance when considered at the same resolution as fine resolution data.
Changes in surface reflectance may occur betweemd p because of landover status

(phenology) and solar geometry bidirectional reflectance distribution function (BRDF) changes.

To account for the heterogeneity of coarse re
window function. That allows the model to sou
to compute the reflectawece hf ar wehg@hecemgr dlunpt

eqguaz6bi on

O i B B B 0 r i Or & 0 r i (26)

where widshsbarthengywilpnd sw t(hx cewitmmdadw.piTxoeler
that the right i nf oringasteido,n ofnrloym snpee cgthrbaolulry psiix
spectr al cfaee) panel sl 6budm Landsat surface re

used to compute the reflectance.
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To account for the possible gahmchgtESTAREMEe davd
by Zhu( 20133al,. made two i mprovements over the
introduction of thwhicomviendioat esoefféeéciatito vol
kth endmember to the changerecsfoluebbaptipa xeat &

Equatdaon 2.

O i B B B @ 0§ "Of & 0 r & ( 2).

The second i mprovement in the ESTARFM is the
i by a weighted combination obdn#h& hpr edimbti inen
i's estimated from the relationship betweredh th

trand t he predkgeutaitkBnrondat e usi ng

R i " hQ e ( 2)8

The fine resolution r edfclaemcthaen ®e tao matkea prsea chigc

O iy & P0 Qa e O Qa o (9.

2. 41 mprovements on fusion model for ther mal p
STARFM and ESTARFM were designed to optimise

the visible band (suFdracef friedil erctt amdc®pt iod n R&f

data in the TIR band, further studies have so
example, Weng et al. (2014) considered the wus
approxi mateidd dly faumdatniuen i n the estiimattihcen rof

proposed fusitempmadad| AS@aapttiive Data Fusion Alg

( SADFAg )present ed0in Equation 2.
0°Y'YO O Y'YHO YYED Q — (2.10
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wis the angudiartheedagnoy, the year (DOY) rel a
shift MABAser ehe mean annuaviASslsirf hAeeyteampgr ampi

temper atliug et, heanplhase shi ft.

Al so, considering that remotely sensed data i |
with data in the visible spectrum. I-tne ntphoeriarl
integrated temperature fughonempoelal (AT dTEMaTt

from-smudlteyesahroni zed and geost,atproemsagryt esdatien

"Op "Op 0 g 0 g 0 f 0 E & A (21 1

¢

whergies tt hoef tpirngedoirc ttihoen hi gh spati al resol ution
LST values from the different sensors. The ot
Fi s the stehnesohri gwietst spati al , Iwhaslte sXpaitsi atl h er e

hi ghest t emplohr@alquriessdliwtni dn.mes ofstdengbhddeby

=

t31E1m.|.I-
Il n concl usi on, it has been established that
devel oped in past studies to improve the spat

and its products, with GaAaREM hBeing2806ptabHe
fi eAld.chough these STARFM related model s were |
visible band, studies kade od iheweectidlioydisd tho p thed u
ESTARFMspati aolradnddaemp ve emi ssi vamon gl ufse foenr si
generating dacadiédithenalal fi dméa and ot her der
evapotranhksgpnuar ieotn al .20 1280;2 OWe;n gQuean adt. ,al2.0,14;
al ., . 2W28iLyhtbafsiedctapmr oaches appear to be th

optimizing the resolution of remotely sensini
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However, these fusion modefl searcdatsai amadl eolwhe
day from multiple sensors. However, Quan et al
fusion model s, the peri md Hédtewdears et men dc dlhlee otr
be within one anrmbueal tboempepbhenr atmmpspéaeric co
is difficult tdrget wtiwdhimaitrhd sofpealioodd maki ng
modedl Iceangi ng to i mplement in these areas. I n
an i mproved fusion model for optimizing-LST

weat her conditions.
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CHAPTER THREE

3 Study Area &ed hReoée¢admgyh

3.

Un

st

t h

an

af

Kh

Th

20

St

Th

be

20

IStudy area

derstanding and monitoring the thermal envi
a(l leisu et. aGl gb &I012¥Y,) studying the ther mal env
i mate change. As our planet experiences ris
itical for assessing the eWeiesnhopmpihdettoalsegt
nitoring of ther mal condi tmoared | pgrndyvoirdress nv atli
rategies, and facilitates international <coo
ermal environment disdecnlgy impacoaesctcogmbhuima
d over al I( Romalhiit ye toAald.iitfieo®a0d) vy, it shapes |
fecting energy consumption, urba6Aphasné&ng,

alid, 2023)

e geographic scope of this study is divided
obal scope i nvoldasiksd rdeedvieclto poinn gmoad edi twi t hi n

mpling frame consists of world cities I|iste
1Bgtails of the sampled cities are dislgusse
udi es.

e | ocal sceoedpeeptimomilltaeyeBa aaandlnysi s conducted \
ng Kong. The selection of Hong Kong is base

ith the highest popul &t iuomadenzaitt yngli mbalhley.r

vel opment of the Urban Heat I sl and (UHI) ef
t ween urban and rur al areas, making Hong Ko
11) . Hong KKedgone afontshaewor!|l dés most densel
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2021), and its climate has received significa

hot weather evef&biiat.ralcheinst 2dtéBdayd efsocuses on

and machine | earning to analyze Hong Kongbs t
By combining global and | ocal analyses, this
of the ther mal environment and its implicatio
| ocal urban planning strategies

3.1GéographdcdMbrphol ogi coafl Hohnagr aKcotnegr i st i c

Hong Kong is | ocatleldl AbOtdOWe®e nE~I1dd A2 CHBERO 1R O &
N~22A33i06Ad480MNt heast Asia on Stelee F3 guiAd®ea nf oo me
British colony and now a Special Administrat:.i
considerable attention from scholars and rese
ur ban dewWelngp nkeanstg undergone a tremendous ur be
(Wang et walile 2@20)s characterized by the abu
remar kably high density in t h(eListh ad | 2ohyaFligymuad2el:
31l) ). With a population of 7.6 million over a
densely popul atédaopgt iee.Theninkea®e¢r udbani zat
consequently resulted in the development of U

di fferences between urban and rur al areas
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Figure3.1: The study area in Hong Kong SAR) Hong Kong is in southeast Chin&) (The map of
Hong Kong with 18 districts.

3. 1Hang Cl i
Accor di rKg ptp@enit gheer

Kong mate Structure

climate classificati on, Hon

subtropicalof fceartienggoray di ver se mef edr slseeqmistoanls

experienced iwnntle, r sgimone r(,Chamr ieng,aland 2aUWt2y m
These seasons play a pivotal role in understar
(UHI ) eé&Regiton n th

Wi nter i n Hong Kong typically occurs from D
temperatures and drier conditions. Average te
season, making it a rell &ichwealgyy&pdSe,@asa®m20)and m
Summer, extending from June to August, showcas:s
Average temperatures soar to around 28AC to 3

relative humidi These ctohnediUHIo nesf fceoontt,r | doup

ty.
ar g&dascmung -y&u esnz,e 2020)
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Spring (March to May) and Autumn (Septiember
Summemwiaanegpect$pwreilryg brings a gradual 1 ncreas:s
temperatures déaor ¢asigmdfsoen gaaddiearl dtye seasons pr c

temperature extremeKichmiunguylunmeSrz,ean2 0ni nt er

Hong &xpgriences a bimodal rai nf glplr ipnagt tagnrdn swi
These periods are char amtneurail z enderadng grinee gmf ya 8 r0 & imm
along the coast t o oared a3n0 0admmu aolv earv enroaugnet aa fn s:
Hong K&€hgu et al ., 20014; JBlyissvgnidenaa &kt Reprzau
cruci al factor in assessing the the(ival ebhvaial

202Wi)nd patterns, affected by atlipdpageagraplei cal

or exacerbating the UHI effect. The seasonal
monsoon, affects air circulation withinWehe <c
et al., 2022)

3.1CBi mate change effect in Hong Kong

The impact of climategohaedecbibscarqgl,olbaldl Hong
and densely populated region, i's not i mmune
witnessed discernible changes in its climate
cHd enges and opportunities. This section prov
Kong, highlighting key areas of concern:
Temperature Trends: One of the most evident e

trend in Fempewanhgr ebeChaandt rtahpaotr {(n€adxl, B ymi n ar
temperature in Hong Kong wi t-2& O9¥eendp ecroantt-iormeg ofursa
Kong observatt®@02l of |l @2@OO® si mil ar trend with

temperaturtehneas aved| mias aveFagerTéhe Bp Byaatnirneg t r
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i mplications for the urban heattempdraatdur(d Hd gn

densely built areas. Managing and mitigating
energy consumption, and iuwrabdanp(rfiioaanneitegsahaye?2bb
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Figure3.2: Mean annual temperature in Hong Kong from 2000 to 2021

Changing Preci pHotnagt i koonn gPahtaase renxsper i enced shi f 1

to cli mgtAd balsarde Whi |, e 20Ré&)r egi ondecfonmteidn uneest ts

during the summer mont hs, there i s evi@asnce
presented in the trend of total rai nf.alllntiem st
rainfal]l events, often associated with typhoo

ri sks of flooddaolgnaond .¢&tahtadsd yjideB 1t6hese patt er

preparedness and infrastructure resilience.
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Figure3.3: Linear tend of Total Rainfall in Hong Kong from 2011 to 2021

3. Research Methodol ogy

In order toachieve the objectives of this study, the schematic diagram of the research method
employed is presented in two parts: Figure 3.4a for the global scaleasitgl model and Figure 3.4b

for the local scale. The global scale schematic focuses on achibeirfgst research objective:
developing a global and local model for estyaleT, prediction. The local scale schematic is further
subdivided into three steps, each corresponding to sections of research objectives 2 to 4: (2) the cross
comparison of Lan&urface Temperature (LST) from satellite data, (3) a fusion technique for high
spatiotemporal LST data under all weather conditions, and (4) a machine learning model for
predictingTa from LST. The overview of these steps, as presented in Figure 3.4, will be discussed

explicitly in the chapters addressing each objective.
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CHAPTERUR

4 Gl obal and Local City Air Tenbpeerriavteudr eS uPrrfeadci e

Temperature and Auxiliary Data for canopy La

4. IChapawver vi ew

This chapter presebtsed far amppropdkirdadtbiucom fCont yC;
Ur ban Heatcyl salnaan dy s(ibHIwi tAhisma map I gel oobfa I3 Oc ognl toebxatl .
di verse climates, geographi es, and socioecono
analydingtially, tThaen dv asruirafta coen theemipweereant ur e acr
assessed. Subseqlupernegdiyct icomtmanpeolrarwer e eval ue
cl asses. Final l y-paskdrmreadieotoirkn fwa sn gd dtweel o@petdi,
performing model for each city's <c¢li maTaeor geo

the sampled cities wasovtelreatiusssl. t o assess th

Comparison of Ta
) L e | — prediction model and
UHI analysis

Assess Contemporary Ta prediction Develop Ensemble city based Ta
model Prediction model

Figure4.1: Chapter Four Overview
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4. 2 ntroduction

Cities, characterized by dense popul ations, €
serve as epicenters of-r enleaatt e di( Albcaziardddsa h @ h € @ 2
concentration of human activities in cities, (
has | ed to significant thermal ¢thehdbdefB806%, fex
first time in history, the gl obal urban popu

increason@ddeedsteémpedatcihrad | efidreist e b Na thiaon ¢

Despite initiatives aimed at mitigating high
temperTgt Wlraed a( a crucial variabl e( Fairswaleranal a
Yang et al ., 2023ThizZshoxngarecti tyl .i,s 2ma22n)l y due

metrol ogi cal stations, whidabi¥anmng éeéhAatondngs
the Worl d Met eartdlong i(cWMO)Orggua diel i nes, obser vi
from buildings, trees, or any other obstruct
suitable |l ocati oWBMOwi C@hbslegulkan!| gr ewsat her st
sparse and inadequate i n Tadpnt udiiwmgr steh eu rsbpaant |

(Naseri kia et al., 2023)

Mor eover ,-basheed pnoeanstur e ment of met eorol ogi cal
regarding the spatial resolution of temperatu
whil e weather stati ophdsowmret . daBacraea@®@blgydd oches
researchers hawvwdeerti wrende ds utrd ag) ®tadslelrmptegad tt lerrensat (i

estiTnadoef fers continuous coverage dndmekhnoi i

val umadr ermetreban t he(®Babndavudi es al ., 202 2; Ji
2023 )Further mopreeditot iianpraw»xi | i ary vari adbdes w
used in addogprdendiwittihonT. These auxiliary vari :
radi ati on, evapotranspiration, wind speed, tr
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el evation, precipitation, (CCiastranmne etto adsea, 2812
Shandas et al ., 2023esZ2hangi ¢t aaly. va202ad) es d
and socioeconomic characteristics of the stud:
auxiliary Tyareéedibdé¢teison nmodel s, maki ng It c hal

contributions of each variable cl ass.

Addi tionally, mols@d r egdl iocbtailo ns thuadviee sc ooombi ned wurb
modé Hpoker et al ., 2018;. LHoweéevalt, da2e2B¢ trhe
suitable sites for meteorological stations in

f olepredifatiddaqucaapetlyr e t he spaamni aalr baar iaaleialsi. t \C
Tai nvestigations by these studies may not pr oy
island (UHI) i n mo.r eFocro mpd emeltuer, &deerv e D@ 23) a ¢
seaml es sr eandlTudtiaigdans e §a nfdr oanu xTi | i ary dat a. Howev

6,554 to 11,215 weather stations employed for

underrepresentation of weather stations in hi
ofr epdiTedaetda i n UMNdsaer iakieamaset al ., .2023; Schl ¢n
Furthermore, on the city scal e, di f f eTeleanged oc
on different statistical models ranging from

a varying degree of accuracy for di f #ertenmo dceil
for each ci tWangFen a@mmpmgRed @ 2) andom forest (R
neur al net wor k (NN), and generalized | inear m
the oprtédniuent r model , achievimMg af copftfo cld.enq.
dos Santmode(la2@2 0} he city of London, attemptin
DT, RF, extreme gradient boost (XG Boost), S L

emerged as the optimum perf dofmi gl yno@.ed5 iwn tiht
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Si mi M&id i wo etmoaleT.e@20M®d)Yy occo using |inear reg
(PLS), and four machi nenelaaarsni mg ialhgoorrist, h nksF,,
model s. The Cubi st model out pefdforOnedl .alThede
suggest that no single model Tapreo@gitéc¢madn fmoda

depending on the unique climatic, geographic,

Ther efhorse,chaptaddristghsesmetd i a®r ature gaps by ir
met hods and groups of predictors to retrieve
|l evel . This research makes three novel ohaltrri

city mdgdperledfiacrti on using a combination of di f

vari abl es, (i) identifying the cofaprriebdutcita no
i ndiuvail 'y and collectively wunder different sc
specligfiecdi cti on models based on the climati c,
of each city. These advancements wild/ hel p i

vari abl e Tplredsed i fomr and further pinpoinTa the
prediction. The availability of a gl obal ci t
chall enges on a gl obal scal e. Further mor e, t
guantifying thermal condatibnsawi hfgi ocompdr wvsd
cities of similar or different | evels of deve
i nsights, empowering cities t o ma k e i nf or me

sustainablreg.urban planni

4. PDat a
The data wutilized for tdh L s shodmpawasgtouded n

met eorol ogi cal dat a, wsiatthe Idleittaeidl deadt bes\gat mad o sr v
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4. 3Métrological dat a
Aver age dmriegi pitation, @&hyas ed o wdreonNaamed in & ¥
Climatic Data Centerds (NCDC) Gl obal 29ux0 ace

2020he chNCD€ a6 our source because it provi

ensuring comprehensive historical coverage. /
measures for weather station installllatdgtoant iaonmd
mount ed at a heilghmetoefr )1 .abb onveet egrrsountd | ev el

stations capture air temperature within the |

occur s. Mor eover, tnlreea t hu rt rhoeu nschien gt egr aovenfd elcd s
station's environment, enhancing the adourac
suppl ement this dat a, due to the | imited numl

were obtained from vari ouCSCWNepaeamedcactiaesn wi
st uMeyt.r ol ogi cNeelt atam®ar & rwindel y recogni zed for t

urban neighborhoods and the atyudatctg, oWwi tihhear

Not3and 3%, (rFeesnpneecrt ievte layl . , 2 O0art;a Nfarscem i Nd taa tem
underwent a quality control process, foll owin
procedure involved five main steps: (i) remov
(i) filteruisngdadwt paonomeasd wbassed rehatiheerta o

di scarding entire mo-ht hshobtfdaha réadcbngst tvan
(iv) excluding readings suspectredat o olme we a it
temperature of al | readi ngs; and (v) el I mi n:

compared to adjacent stations

Il n addTat i pnediopi t at, i ome, saunpd | Rmeaddatead our anal
evapotranspiration, wi ndprsepseseudr,e ,t raamds psiorlaatri orna
NASAO6s Gl obal Land Data 2AsGGLMDXNSY0i oo nby snti enng
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datasets provides a comprehensive understandi

facilitates robust analysis for our study.
4. 3Satellite I magery
The study wutilized satellite data acquired fr

( MODIT8Y)yprlaat Thbemchoi ce of MODI S data was due t

provides imagery with moderate spati al resol u
bet ween det ail and cscwércag@anagd yist abl Adédolt-o oq
term archive of data dating back to 1999, en
patterns. Moreaver ardOWi SlepyodeT.pgreridzedi and s

providing a robust foundation for compari son
2016; Xu et al ., 2021)dayhleamdDs &r datc a@astee mp ercd
emi ssivity (LSEncenveget aziedn dihdexe( NDVI ), a
data were acquired using the Google Earth En
retrieved from MOD11A2, b&NbD¥$ @ndndulfaeepatt
obtained from MOD13A1 and MCD43A3 r e stpheec tdiiwe It
terrain model and digital surface model wer e
Mi ssion (SRTM) and the Advanced L amdn OMesgeri win

( AW3D30 _V3), accessible on.the Google Earth E

4.3S8rvey Datasets

To compl ement satellite and meteorological da
i ncorporated into the analysis. These include
vd), and the Gl obal Gr i ddeda GeGaomr)a.p hTihceas d yp rBoa
popul ation density and gross domestic product
raster surface at a spati al resol(Ntoiradm aafs XKk G
2016; Xu etelldlat,a 2ve21k) created by the Centre f

4 8



I nformati on Network, part of the Earth Instit
Popul ation estimates are generated by project
with a series of adjustments made at the nat.i
Worl d Popul ation Prospectosn 20nestGRBP i cixtoanew an
of key countries, with aggregation methods va
di saggroemgaand the source data utilizAddittoi édwa Im
energy consumption dat a, i ncluding oil, gas,
Mt o e (Million Tons sbur ©e d Eqomvat bat ) Ene
(https://year benk.rgnd oviba tl ebpthaetoi hsttoitcasl. ht ml ) , w
into t.he study

Tabdllddat a empl oyed for this study.

Dat a Spatial TemporVariabl es Source
resolutresol.
Met eor o NCDC Point 1 day Air temper at u https://www.ncei.noaa.gov/cd
dat a relative humi oweb/
Netati1Point lday Air temperatuhttps://api.n
CWS relative humi tpublicdata

GLDAS 0.25A 11 day Evapotranspir https://giova
speed, transp giovanni/
atmospheric p

sol ar radi atii

Satelli MOD11,1km | 18 day:8 daylsand s https://ladsweb.modaps.eosd
temperatur e, .nasa.gov/missiorand

surface emiss measurements/products/MOL

11A2
MYD13¢1km T 116 da'Normalized https://ladsweb.modaps.eosd
vegetati on i n .nasa.gov/search/order/1/MY
D13A2--61
MCD43,1km I 18 day:Surface Al bed https://cds.climate.copernicus

eu/cdsapp#!/dataset/satelite

albedo?tab=form
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3(30m I 3NA Digital surface model
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Enerdata NA 1 y e a I Energy consumption

https://dat a.
g/ dat asetgiskr
demhegt 0-D@imn

https:// www. e
S/ en/ dataset/

e. htm

https://sedac.ciesin.columbia.

du/data/collection/gpw4

https://sedac.ciesin.columbia.
du/data/set/spatialecarecon
v4

https://yearbook.enerdata.net
otalenergy/world

consumptiorstatistics.html

4. Met hods

4. 4FLamewor k Overview

The

contri

i nv

expl orati olga md

of

stud

ol ves

bot h

yos fr afmegvwrr&kcdHuaZips ts edftihhaotu rc usnuubl part«

the sampling process

gl upaédiaodi bocmbdbdel s.

f

bute to the devel opme&rmtredi ctai ghob@ahe

-

C

or the sel ect

gunrtfeaaca ttyemperature (Ts) var.
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Figure4.2. Framework for this studylhe process is divided into five sequential stages, each denoted
by superscript numbers (1 to 5). Detailed explanations for each stage are provided in the subsequent
sections.

4. 4s5ampling for city selection

To ensure a comprehensive analysireprtehiestatu
gl obal cities in terms of geogclphact ¢ roicattii O
defined by Derudder (2020), are centers of e
characterized by Aighrpopuiadi sampdleinsgt ymet hod
cities that represent the diversity of ci ti
soci oeconomi cWoc hadr accittereiss P RAcss |1 d sG@ietdi d sn D atea 2E
Nati oak, WwWOre first categorized into starteet a.
characteristics as defined by the Koppen clin
and poheaern) & Chetmhhei2r0l1@9gographic characteri sti
|l atitude (cities | ocated between the North Po

cities | ocated between Tropic of Camnddeart iamnd eT,
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cities |l ocated between Tropic of Capricorn an:¢t
and their socioeconomic characteristics as de
(ECA et (ae.v,el 2®@2d) economy, Economy in transit
30 representative cities weTlki s anolmldesed ece:
five cities each in Africa, North America, ar
Oceaans apnt esle i n3. Fhgudet ai.|l s of the weather sta
sout hwest |l ongitude and | atitude Roppredaai x ¢ fT:
C.11 an)d. C1. 2
.thl}ocu‘l\xmrz JZYRIANKA, RS
TORBIO v(E)R HAMPSTEAD, Uk'ﬁ'}\ut‘fx‘ O R.SASTANA, KZ
Los ONCA, Ny us .MADRID: s Asla GBEDIING, CH
GANGELES, US TRIPOLL, LY SEOUL, KS® o OKYO, JA
o pUBAL AE  oVEW DELHL, IN G
.MEXICO,MX 1
BANGKOK, TH
SLAGOS] NI' .COLOM;O, CE
jﬁ,”,{{@; 43 +SAO PAULO, BR e o AKARERIEY
] o JOHANNESBURG, SF MR
.AlRES, AR .CAPE TOWN, SF SVDN.EV, AS AUCKLAND, NZ
Figure4.3. Spatial location of sampled cities
4. 4D38ta Preprocessing
Foll owing the selection of the target city,
study period. Thadabbeadn@Zd upedsasrived al nTyari a
prediction. These variables were categorized
vari abl es. Core variabl &andnesuuuvdadet tmph@eathi a
variables included selvamal efffaedtoirwse cfoomr el as ey
|l iterature. These factors included relative h
transpiration, atmospheric pressure, |l ongitud
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2023) , precipitation (Fl ¢ckiger et al ., 2022)

density (Gao et al ., 2021).

I n addition to these variabl @,sitnlgi sadglti udy ne

such as energy consumption (EC), gross domest
While building height 1 s ofTi{perne da cstiiggara Ifidncacnid td
its gl obal assessfmBuneéenpresent s, chAllhenfFes ouza
200Q9)Thus, BC was introduced as an estimate of

subt rtalce i ahiggi t al el evation moddél MNoomat heedi @
Butulpt | INDO&kmask, which reampr @agemnt  NtDIBé kkXuiOl)t, wa:
to mask out the average heSgwdar aolf dthwedibais | lda wne
influence of Ts on energy consumption T{(aEC),
prediction(limartahiet saludy 200 8; JovanoAvidi tdto na
income | evel ohasrbeempkrakadddtgiun | prreavieausalres
& Hsiang, 2014,; hHonrcoewiGDzP, d2ad 9 )was i ncorporate

in this study.

The auxiliary variables were further catego
cl ass€abl()s.e4TRi s classification facilitated g
toget her, providing insightsTapnéodi ©itoiwo re aicid iv\
collectively.

Table4.2. Classification of variable for this study

Core variab Auxiliary variabl es
Climate Geograph Soci oeconomi
Air Tempera Rel ative hiLatitude Popul ation ¢

Surface TemSolar radiiébLongitudEnergy const
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PrecipitatiDi stance Gross domest
Evapotrans|City radBuilding che
Wind speed El evatio
TranspiratiAl bedo

At mospheri

4. 4EApl orati-ontpfvantahi l ity in Surface and A

Foll owi ng Mahoe estt uadlymooff2 PIRgatma ahr om weat her
sampled cities' boundaries were obtained by &
weat her stations, their temperature readings
Days with mieseixnmdg udatda t wledeantsau,r ec carcrceusrpaccrnyd i n g
|l ocati ons, were extr aatyedc ofmpomi MOBD 11 Ad de iaglgtr
averages to credéaed:tnontwkel yas ielsippe @b dthvweederné | at
across sampled cities by estimating the aver
summer , and autumn seasons. Statistical anal
Tukey's Honestly Significant Did f evanuat € HSI
significance of temperature differences amon
soci oeconoANCVAc li ss vere. of the most common st at
t he st aniifsitdamde safg vari ance for multiple c¢omj

(Cilek & Cil ek, 20.2h; tRabBman uelty dalhese2@h&) y s

variation in temperature difference across th

4. 4DBvel opment and Testing of Gl obal Model s f
Two main categories of regressilganc rmaeade lcsi twes
gl obal scale: the simplistic model and the we
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4. 4 . Si.Mplistic Model

The simplistic model involved developing reg
variable cl asses: cor e, climate, geography, a
were built for each basessvatrheaibrl eprcd daiscst iivnedip

stepwise combinations of theslg beaesaldlagsaan v

vari abl eegfmfah)pe Ris machine | earning regress.]|
combi nati am, 9r0e srwelgtriessgsi on model s. These model
Cubi st model, and NN, havgpredhicaved dmncdapttaebla

Table4.3. Variable combination groups foegression models

Group Vari abl es

1 Core

2 Cli mate

3 Geography

4 Soci oeconomic

5 Core + climate

6 Core + Geography

7 Core + Socioeconomic

8 Climate + Geography

9 Climate + Socioeconomic

10 Geography + Socioeconomic

11 Cli m&Gteowg+tr aphy + Socioeconomic
12 Core + Climate + Socioeconomic
13 Core + Climate + Geography

14 Core + Geography + Socioeconomic
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15 Core + Climate + Geography + Soc

4. 4 \Be.izght ed Model
The weighted model was deveslioangpdd shasednoamr]| i

weights to combinations of individual base cl
variable class model s, relative variable 1 mpo
and weights aweroeg dalnlgd yat ¢adr groups of wvariabl
class(es), the accuracy of individual cl asses
Given that core variable class conrteadinct iaors i di
include prediction from core variable class a
wei ghted ModMAE, Thed RRMSE of the weighted mod

those of the simplistic model to determine th

4. 4D6vel op and test ciTapr ébdhiscetdi d m.c al model fo

To devel op afsecpt madli oho maldel at city sce
simplistic models for each base characterist:i
was c onkiirdsetrled,. t he study examined the opti mal
three major cl asses. Subsequentl vy, a weight ec

formul at e diaparse dtihcet ifoiRnagio il €d 4 d®te t he per f or man

a | ocal gcaleempelradalr eaimeasur ement was iintrodu
cities wiTs.dabnaséssesmbl ecal met eorol ogi cal stat
model was ctomeg apedf ovi mdnce of the simplistic .
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...........................................................................................................................................................

N 1
subclass optimal 1 !

» (a) model pre-processing subclasses T UM el (b}multi—modelensemblei

i clty classes model ; ! Ensamble Merbers !
i High Latitude (HL) Model HL v !
: — ' /geography class !
! Geograpgy Mid Latitude (ML) * Model ML . . gopgm; :wde| !
: Low Latitude (LL) Model LL ' .
| N :
E ’ E :
L} E 1
e . Tropical (T) Model T x: |
WIS AEE .5 Dry (D) Model D RS 5
i~ Citiesaround the world % Climate Mild Temperate (M) Model M —' é cllmateclass weighted Average Final Prediction
: ” . / i &\ optimal mocel Ensemble |
e | f Snow (S) Model S I |
: | ; p 2 i
' R Polar (P) Model P o :
: 0 !
: f & !
! : B :
E Developed Economy (DE) Model DE E Socioaconome ‘
' Somo. Economy in Transision (ET) * Model ET : class optimal :
: economic : o model i
Develping Economy (ED) Model ED P :

Figure4.4. Framework for local s prediction model(a)Model preprocessing section for identifying
the optimum model based on the city's geography, climate, and socioeconomic a¥segyhted
ensemble of optimum model.

4. 4VEIl i daTapordotti on model

Toval i date t heTaprediratciyornfmddel ciweyt-dmPdeyxeds
validation strategy. I n this method the sampl
represehnidg ®omeing each iteration, thet weatt
were used for training, while the stations w
validati on. This process was repeated ten tir
each validdatMIAEn 2fReMSeE ,caR cul at ed, and the fina
folds. These metrics were then utilized to de:
et al ., 2018)cciWytfld®dd eeatl b asalt @ adwne me tshapdoantv e r
1 ol dvalnogdsati on method due to Tai 8B grewntprxehu
met eorol ogi cal st-aampiug. mén lhiolde-otyhe alpeaweach

t hat the validation stations are neorilmclswcead
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of estThinmatciintgy pi xel s without me-¢iedy tefldollgdi-ccarlo ss

validation method was consy.dered more appropr

4. Resul t

4. 5Sphpatial v &aainadai€lriotsys ofaenp | ed ci t

The spatialandadrabss i sygmplfed cities reveals si
patterns, both geogr apihguwrad | Puandg seasmpal | ¥
di ffersefTgcef [ (uUctuates wbdel yp €ad3nfi Kg fndmcatir
across geographical |l ocati ons. Il n9cOntoas8tpPp K
smal |l er differences obser ved.anAguetbu nbondb a36 dki sapnbdi
K, preecst i vely. Studies on urbantbedt iBttandpahb:
hot dhHwyset al ., 2019; .Shlrheiesv atsrteanvda iest paar.t,i c2uC
hi gher |l ati tudes, experiencing war mer temper

temperature difference of 9.85 K. As we move t

of CarmeceNailriok i and Jakart a, the temperature

Conversel y,t ocitthieesTrolposerof Capricorn, whi ch
summer months (June to August), such as Johan
di fferences9 r8m i ngnfcomtrast, mo r e duecvkel | aonpde, d

despite experiencing winter during this peri
ranging foom K. This difference could be attr

devel opment and s mal [Jeorh acninteys bsuirzge,. wJdatphe nToorwen n

al bedo, tend to regulate temperature through
in narrower temperature differences. | n Twi nt e
andl @ssens. Cities closer to the Tropic of C
conventional winter months (December to Febru
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For exampl e, Cape Town, Sydney, and 3AWKc k Iwahni d
Johannesburg exh3 btiot sO aK.di fference of

b
@ (®)

(C) .V\\I..‘lv"i‘:'.l.ﬂ See SR (d) o 1TC

@ -9.00 - -6.00 -6.00 - -3.00 -3.00 - 0.00 0.00 - 3.00 3.00 - 6.00 6.00 - 9.00 @ 9.00- 12.00

Figure4.5. The temperature difference betweeraind Tsin (a)autumn (b)winter (c) Spring, and (d)
Summer across the sampled cities

The analyses of variance (ANOVA) test furthe
di fferentheanfdedrwesesn various city cl assesvalwie h
for alll tests across various <c¢limate, geogr afg
Appendi x C. 2), indicating statisticmédsilhgai fi
pairwise relationship bet maemathesavehageudbdrcf
pai ewcemparison acr owasl ueh e< Tl k. elsld @neaevvee ra, pt h e
temperature difference between pol ar and sno
relationshivpluet or e d 5Sge g qr apmita asnd dmoaTi oeco
the subclasses under these categories exhibit
average diffleaerd.cdTlhiedt wiemml|l i es t hat t he obse
di fferencestacrogsctiatsteseare not due to chan

in climate, geography, and socioeconomic fact
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Table4.4. Tukey Honestly Significant Difference (HSD) pairwise comparison within classes. Where
the green and orange highlighted values representing statistically significant and statistically not
significant, respectively. While-pdj represents statistical signdnce differences between average

Taand Ts across different classes.

Cl

grougroupzpadjgrougroupad group:gr

i mat e

Geograph

Soci oeconom

oup

padj]

Econo
Snow Pol ar Hi ghMi d Devel ¢in
latil ati Econortrans
Econoi
SnowTropi Mi d Low i n Devel
latil ati transiEcono
Low Hig Devel (Devel
SnowDry latil ati EconorEcono
Mi | d
Snow
temper
Pol aTropi
Pol a Dry
PoIaNIIId
temper
Trop Dry
Mi | d
TrOptemper
Mi | d
Dry temper
4. 5GRobal maRred d if otri s@mdf Aami Ti ary dat a
4. 5.2.Mpl i stic Model
The performance analysis of the simpli3abkemo
4,5 demonstrates a diverse range of accuraci e:

NotabMiR ubelizing
RF,
demonstrat ed atlhuee hiOg Oess)t.

and

XG Boost

RMSE O.ald3uek,amd 1.

and

Group 3
cubi st model s
R mong

05 K,

devel oped

t hese, t

vari abl es?2 ewhibete

wi t

he RF

respectively.
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Assessment of the model results based on i nd
auxiliary variable cl aps edércauimn2)acaahliag®ye d nte
of 0.88, followed by the geographic auxiliary
core variable c¢class (Group 1) closely follow
auxiliary variabl e cl| assur(a&ryo ufpo ri,)p veexdhih cbta irt negd c
of 0.55. In terms of i ndbiavsieddu anho dmeoldse | d epneor nf sotrrna
due to their capability to habnidtleed at hlea rhgieg hneus
accuracy, while the Il inear model 2sohfow®.d26t.heT

observation aligncEWangd hetpralv.i ,ouzs02Z2 nddongsSant

highlighting the i nh®femtandch ad d>xinlgiea royf ware
l inear model. Cubist model also perfor med
0.95

Tabdlsder f orrmasruded s of 15 groups of p‘r*eldhiec tooprtsi
performance is highlighted in grey shading,

Mode Metr Gr g Gr Gr fGr pGr pGr pGr pGr | Gr GryGry Grp Gry GrpGrjy
1 2 3 4 5 6 7 8 9 10 11 12 13 14 15

LR R? 0.¢0.70.¢0.20.¢0.€¢0.¢0.70.30.¢0.30.7 0.730.7 0.1
MAE 2.¢3.:7.17.%81.¢2.€2.¢2.:3.:6.¢2.¢2.9 2.72.9 1. ¢
RMSE3.¢4.¢9.110.2.¢3.:3.¢€¢3.¢4.¢8.¢3.¢3.9 3.¢3.8 2.:

DT R? 0.¢0.370.%t0.¢0.¢0.€¢€0.¢0.¢0.370.€¢0.30.7 0.¢0.6 0. ¢
MAE 2. ¢2. ¢4, ¢7.12.¢2.¢2.%54.:3.:5.03.¢3.83.¢4.0 4.¢
RMSE3.t4.16.39.¢€¢3.13.t3.16.¢4.¢6.¢5.¢€¢6.15.°t5.6 6.:¢

RF R? 0.7:0.¢0.¢0.¢t0.¢0.€¢0.¢0.¢0.¢0.¢0.€¢0.90.¢c0.80.¢
MAE 3.21.11.35.¢1.(¢1.11.¢€¢1.(C1.(C1.¢0.¢1.2 1.C1.0 0.
RMSE4.1711.%¢3.:28.11.¢1.¢2.21.%:1.:3.21.¢1.01.¢81.9 1.(

XG R? 0.¢0.¢0.¢0.¢0.¢0.€¢0.¢0.¢€0.¢0.¢0.¢0.90.¢c0.80.¢

BoOoS MAE 2.¢1.:21.¢5.¢€1.(1.C1.71.C1.(C1.¢0.¢0.9 0.731.4 0.7
RMSE3.¢1. 33.¢8.(1.¢1.¢2.21.¢1.%t3.¢1.¢1.2 1.:1.3 1.1

Cubi R? 0.¢0.¢0.¢0.t0.¢0.¢0.¢0.¢0.¢0.€¢€0.¢0.9 0.¢0.80.°¢
MAE 2.3:1.:1.¢5.¢1.211.21.¢0.¢12.1712.¢1.C1.5 1.21.3 0.7
RMSE3.¢2.13.%¢7.¢€1.¢2.12.171.%581.¢€¢3.¢1.¢2.01.¢1.9 1.1

NN R? 0.:0.¢0.70.¢0.¢0.€¢0.¢0.¢0.¢0.370.¢0.80.¢0.80.¢
MAE 3.371.%ft1.¢5.¢1.¢21.:2.(C1.%¢1.:2.012.:1.3 1.¢%1.3 1.:
RMSE 4. i2.:3.¢8.12.(C1.¢2.¢1.¢2.13.731.¢2.2 2.01.9 1.:

(o))
=

ida bc

eXxec

noan
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4. 5. Rel2ati ve | mpoetancieemndof Model Par amet er s
There@sed model s, known for their hofgag pdada

approach to determine the rFkilgu@ie ed m mploest RRc e
emerges as the most influenti al predictor, f
Conversely, precipitation (pr), transpiration
i mpactful wvariabl es. Siiminl armrley, MDEME GhoBecd s @
predi cCliporre dfiocrt i ons, WFlol &oavi egpevati on (ele) are
while for DT, rh and | ongitude (|l ong) pl ay

transpiration (tr)) erx,hi laind mi midmaslp eiechp o(rwsa |

evapotranspiration (ev), and gross domestic p
reveals Ts, rh, and ele as the highly signifi
and ev rank l ow i n i mportance. Further mor e,

coef fi cTaemlt)s, 4hsieegeh|l i ghting the i mplications of
ofMMapredi cti on. The LR mode,| rmegrue digmnadinneg mtheenc
i ndependent wvari abl MNmoadreel zoepreor.atHoweavsera klhac

insights into individual variable contributio
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Ts_

rhy N R

.

O —

IoN Y

bc'_

Iat_-

ol J—

0 ds g
4gnd\.ri!'
E|:>d._

ap =

gdp =

sr{=——

ecl'

ev B Xg boost

tr = DT

I Cubist

prc mm RF

ws = | | | | | | | | |

0.0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1.0

Relative Importance

Fi gaaRel ati ve i mportance of model prediction \
**aior temperature (Ts), relative humidity (r
buil ding charact eralshbteidcos ((ablc)),, diasttianucdee t(o age
vegetation index (ndvi), popul ation density (
(gdp) , sol ar radiation (sr), energy consumpt
precipitation(prc), and wind speed (wc)

Table4.6. Model coefficient of linear regression model

Variables Coefficie
Surface temperature (Ts) 8.95800968
Rel ative humidity (r 2.52936018
Elevation (ele) -1.41560466
City radius (cr) 1.49889168
Longitude (long) 0.45419677
Building characteristics (bc) -0.26655247
Latitude (lat) 0.80571004
Altitude (al) -0.27586249
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Distance to sea (ds) 0.35492109

Normalize difference vegetation index (NDV 0.47793958
Population density (pd) -0.15972346
Atmospheric pressure (ap) -1.16460349
Gross domestic product (gdp) -0.29692788
Solar radiation (sr) -1.41094008
Energy consumption (ec) -0.82573184
Evapotranspiration (ev) 0.04455334
Transpiration (tr) 0.05192659
Precipitation (prc) 0.08863858
Wind speed (ws) 0.08638382

4. 5 . We.i3ghted model prediction

The performance ofTabhe weweght ed amald elerracey raacn
di fferent modeal gevuppan Theom 0.33 (LR using
0.98 (XG Boost model wusing Group 15 variabl es)
7.15 K (DT model using Group 5) to 0.51 K (X
RMSE ranges between 9.66 K (DT wusing socioecaon
mod el using all wvariable data in Group 15). L
compared del 8t hwdltureosR mostly Dbelow 0.90.- Thi s
l'inearity of theame¢ltahe onsrhe parbetavexinl i ary var
of a single deci si onTat rGoen vienr saeclcyy r aRtFe | yX Gp rBeodis
which are ensembles of deci si cRAV alrweess , e xpeead dir
XG Boost stands %ouft Owi9t8h whheen huisghnegstalR vari ab

| owest MAE and RMSE values of 0.51 K and 1. 18

6 4



Table 4.7: Performance results of weighted combination of predictor groups on each regression
method The optimal performance is highlighted in grey shading, *Grp = Group

Models Metrics Gr [ Gr | Gr | Gr  Gr } Gr } Gr  Gr | Grp Grp GrpGry} Grp Grp
2 3 4 5 6 7 8 9 10 11 12 13 14 15

LR R? 0.74 0.71 033 089 086 0.85 0.83 0.79 044 080 085 085 083 0.87
MAE 3.35 6.13 512 188 253 273 280 331 670 246 321 561 356 1.63

RMSE 3,51 6.61 6.04 251 3.16 3.38 382 485 864 306 333 329 311 201

DT R? 0.76 0.57 041 084 0.78 0.82 0.75 0.75 0.70 080 0.81 0.71 0.66 0.69
MAE 294 493 7.15 231 281 171 351 3.01 412 305 295 222 232 4.05
RMSE 4.12 6.33 9.66 295 3.57 2.28 410 355 431 514 201 3.02 410 5.01
RF R? 0.88 0.83 0.62 0.87 0.88 0.87 0.87 090 085 095 094 095 092 0.97
MAE 1.17 177 3.80 095 1.01 129 111 0.75 147 053 056 1.09 0.77 0.85
RMSE 159 355 5.07 133 141 200 1.07 121 205 083 091 100 0.84 0.98
XG R? 0.87 0.80 0.52 0.87 0.90 0.88 0.90 0.89 084 095 091 095 095 0.98
Boost MAE 124 159 502 101 108 1.71 104 109 175 061 066 0.75 052 0.51
RMSE 166 2.70 5.07 132 141 200 104 113 292 115 193 192 099 1.18

Cubist R? 0.87 0.80 0.51 0.89 0.87 0.87 0.90 0.89 080 094 095 095 092 0.97
MAE 137 190 535 062 111 192 081 1.00 181 1.02 105 1.04 096 0.82
RMSE 2.10 3.38 7.63 1.02 210 196 138 135 3.00 130 105 121 201 151

NN R? 086 0.79 0.55 0.88 0.87 0.83 0.89 086 0.79 089 0.88 091 088 0.95
MAE 140 1.88 501 125 122 166 139 114 208 105 121 1.09 151 1.22

RMSE 2.00 3.18 6.00 196 181 233 168 200 3.70 171 144 201 188 1.66

4. 5L8Bcal mopeledi@enti on at city scale.

4. 5.3i.mMplistic Model Based on City Classificat

Thperformance of the T9pOr esdiineptliiosnt,i cc amoedgeolrsi zfealt

geography, and socioeconomic classification,
opti mal model s and variable group cOanbliea adn & n
the climate <c¢cl ass, the opti mal model s were f«
group for al | subcl asses was identified as
socioeconomic variable cl asses, Nolr wals efo@re olgi

|l atitudleataindude wci ti es, whil e t-lhat iCulbbd st c imtoid e {

effective variable group was Group 12, compr

65



Regarding

t

transition,

Group 13

he socioeconomic

and developing

vari abl e

combi nat i oongr aywhhyc hv a

cl as s,

the opti mu

economi es,

Table4.8. Performance of optimal simplistic model based on City classification.

respect

rnicd huldeess.

ClassifiSub class OptimVarieRsqua MAE RMSE
model gr oug ( K) ( K)
Climate Tropical RF Grp 10.90 1.691.092
Dry Cubis Grp 10.94 1.951.188
Mil d tempeNN Grp 10.95 1.061.19
Snow RF Grp 10.93 1.141. 36
Pol ar N N Grp 10.90 1.151. 29
GeograplHi gh Latit NN Grp 10.914 1.291.57
Mid LatituCubis Grp 10.92 1.942.07
Low LatituNN Grp 10. 93 1.381.56
Socioec(Devel oped Cubis Grp 10.92 2.102.29
Economy i nNN Grp 10.91 2.002.06
Devel opingRF Grp 10.93 1.331.46

4. 5Cdmpari son between Local Ensembl e, Simplis

Tasstelses perf ormance of the

we selected

station

t

o

ni ne

assess

sampled cities

performandel)pf

| ocal

and

ensembl e mode

down!l oad e

The

$ amelee dr
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Auckl and, Lagos,
corresponding
prediction accuracy
prediction. The

prediction accuracy

Overall, al |
However, upon examining interannual
excelled in winter months compared

characterized by
season. This

attributing the

Toront o,

observati on

superior

Ber |l i

for t he

based on the

aligns

ensembl
modelFsi'gumer $4v.0immaas ed

empl oyed

t

wi t h

perfor mance

Cape

Town

ensemblTea brheemeb4e. r9%s mp laks p eddedt ifaa tl ieodn |,

mo del a

diegnictt iec

mo d

model s i d/emocnasptarbaitl e dt i recs bR sctoOnE9ids.d i

accuracy,

summer

di stilhstperafoymandnatrygblsye alse
existing

during c

warmemont hs. Similarly, cities |l ocated in col
hi gher prediction accuracy than <cities i n r
Remar kably, the ensembl e | ocal smoidce |la ncdo nwseiisgthet
model s across the sampled cities throughout
recorded for prediction in winter months for

Table4.9. Ensemble members for sampled cites for testing Lhgatedicting models.

City Cl i mat Geography

Socioeconomic

Ensemble member

Auckland Mi | d t e m Low latitude
Lagos
Toronto Mi |l d temHi gh L
Berlin Mil d temHi gh L
Cape Town Mi | d t e m Low latitude

Dubai

Tropical Mid La-

Dry Mi d La-

Developed economy N N

NN

Developing economy Cu b i RF

Developed economy N N
Developed economy N N

Developing economy N N

NN

N N

NN

Cub

RF

Cub

Cub
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Seoul Snow Hi gh L Developing economy N N RF RF

Moscow Snow Hi g h L Transition economy NN RF N N
Nairobi Dry Mi d L a Developingeconomy Cubi Cubi RF
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Figure4.7: The accuracy (R of predicted monthlyla for sampled cities.

Tapredictions from the ensemblTgaaroadsd twkee esdmp
during their hottestTapmoadihsti oan2i0R22Jasparcy fifi c
Lagos and Cape Town, April for Nairobi and Jul
compared 48 ee Thiegteemper ature ranges across th
with Dubai recording the highest temperature
be attributed to its | ocation in datkeriAr adluiean
hi gher |l atitude in the Southern Hemi sphere col

and Nairobi

Theanopy |Wdlddef Ueltt ( represent ed blyand ea We rfa gea

in each city (as Fsihgowmine i4nr @ vhied ebso xi mpdioghti ni nt o
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across the cities. Most sampled cities have
deviation between minimum and average temper &
Toronto exhibit a median UHIt eenipfeercat u>r e0s, tseungdg
than average due to their higher | atitudes, wl

|l atitude cities.

Addi tionally, the box plot reveals that ci ti
Moscow, Seoul , and Toront o, have a small er
variability within the cialy.extoenrnwvtes sexXlyi bicti ta
range, refl ecting greater temperature differe

aligns wi tSht otnhee estt uadlyi o2 0 n@) cates that city t
frome tcity centre increases. Thus, | arger citi

effect.
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Figure4.8. Air temperature prediction for sampled cities for hottest months in 2022
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4. @Di scussion
4. 6 VAriable i mportance significance

According to ZalHpanscaed dTeicH 20®®) e c abgllsy iTrhfel

mo d e | i mportance f oFi gbrag réeteted ywi d hT.e eneir g 8 enddti ir
most i mportant predictor in this study for XG
rankKad the second most i mportant predictor af:
regression model . I n addition t o IIgp rveadriicatbil oens
gl obal model, this study introduced three new
average building height in the city, derived
GDMWhi ch was egectnvddat adafcbimve and (iii) EC dat
Enerdata archive. The three vari ablTepmr erdainckteido
with BC ranking highest among the newly intr
empl oyed for t his study. We categori zed t he

socioeconomic cl asses b asieads .onl nttregierst i ngkyegl
prediction accugeoys alpdtyh valrii mdbti @esamcdependen
R°values of 0.88 and O0.T81s, hriegshpeesctt iavcecluyr,a ccyo nopfa
model . However, the socioeconomic vari almlfe cl
0.55. Comparing the result of the stepwise co
variable classes emerged as the “vpatliuneasl odfatOa
0.98 in the gl obal sianpp e sttii wce layn.d Hwewegvhetre,d nnoc
was observed with the combination of &ofi ndat8e9 .z
The combination of climate, socioeconomi c, e
accur?@acyf(R. 95 for the weighted gl obal model ,

variable classes on prediction accuracy.
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ef

pe
Th

4 .

To

an

. 6P8rformance of the global simplistic and w

e weighted regression model , utilizing XG B
the simplistic model, 4demphagi meshPkk,ctd s eil ryd
del achieved &n98pt wmah Rhe | east accurate
nged 28Bro®dM@ MW .accuracy. This i mprovement i n p

ighted model's emphasis on cruci al and high

i gher wteh ggrh.t sThios focused attention on key

pability. Comparing the various regression
gression method applied, exhibitedeltdhe i oavle
ee based model and NNaspprmadcdles, AMONQGT theo
wer perfor mance choanspeadr ead gtoor itthhemso tehneprl o yreede i

d Cubist model) . Ti hnisst aabmel eactgyeamd mlIr mane poramnad

en DT is compbaurieldd itnog oatl georr ittrhemes ( Dwyer and
stability is defined as the | arge differenc
theast gri fif erence in accuracy between the

ny predictors with a wide range of values &

d deep, making it challkéhgchgand wea&epriaeg

fectiveness. Il n contrast, random forest ( RI
rformance due to their ability to | everage &
i s apgdroovaschh hese models to determine the str
ind the best model fit, | eading to higher st
6P8rformance of the city based | ocal mo d e |
address the challenge of Taael ¢ htei g ty sicragle

ensemble approach comprising three differe
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and soci oeconomic characteristics of4 8each
NN, Cubi st Model , and RF emerge as the most

finding aligns with existing |literature wher
contseinst | y outperformpdedithteiromoae({ &g oeariadus
Mel i ho et al-Samaofikego Qe eHohrh ntah e2 0c2lli)mat e cl ass
14, a combination of <cor e, spciyoetdedmit e dnmc

withvaR ues of 0. 90, 0. 94, 0. 95, 0.93 and O0.90

respectivel y. This outcome is attributed to
climate <c¢cl ass, t hereby | ilnest irngp rtehsee nptriendgi cctliiv
model accuracy. Similarly, the optimal variahb

were found t o be variabl e groups 13hyanalndl 4

socioeconomic variabl es, respectively. The &en
were then conmhfi mrededoh pyaemdplce city. Assessing
mod el by comparing prediction result of this

simplistic model and weighted f 046 yrecavre ald 22 .a
range of accuracy. Notably, the ensembled mod

and weighted mé@eBso The superiority of the e

|l everage the strengths of individual model s t
the simplistic and weighted modet kbedemoamblratr
incorporation of diverse perspectives all ows
compl ementary strengths. By selecting the mos
cli mat e, geographky,commndexgsqcitdec oennosne mbl e apepr
ri sk of model bias or | imitations. Ulti mately
predictive accuracy, o fT{ perra chigc ta omo bauts tt hfer almae«
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comprehensive approach ensures more reliabl e

making for urban planning and climate adaptat

4. Ch@mat er Summary

Thichaptnevrest i gecatteyd ainndt rsaeas on al v a rTh) a bainldi tsi versf
tempergtume (dcused on 30 cities, sampled usi
of climatic, geographi c, and socioeconomic di

performance of 90 regression madel $5adisembdbil en:

dependent variable combinations. The wvariabl
vari abl es | imatwi cccorgeographi c, and socioecono
combined in a st ef@gaissengmethheo dd troe gpreesdsii otn mo d-
XG Boost, Cubist and NN model at a gl obal sc
i mproved by introducing weights to the differ
opti muimt evé i mmodel , the XGTaBeosntg mdedelc,o mpid ed iec t
variables (Group 15), &c hhigt irred adn vac dwma ady t

standing out as the toyprtehlie¢ i ompoMbaptr edact a
ensembl e modavias f rdemeworple d. | Thda hicés i mahtagp,t e g e ¢

socioeconomic characteristics of each city wi

model for each cl| asTaf avra st leer seintby .e dT teo ppe refda rcmha
was assessed over nine sample cities, and the
simplistic and weighted models for all 12 mon

i ni ¢haptoenrt ri bute to understanding the Tael ati
prediction. The availability of a gl obal ci t
chall enges on a gl obal scal el | Fibret hseuri moarbd ,e tf
t her mal conditions bwithhifnori ndiilvaindda adlndt aco st
comparisons with other cities of similar or di
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can provide valuable insights, empowering ci

devel opments and sustainable urban planning.
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CHAPTERVE

5 Crosempari son ghwdhemnbBbosd aandn&ey satell it

sur fteeanper ature: A case study in Hong Kong

A sectiomaptfert hhass been published in ARemote !

Adeniran, Zhu, AR., Yang, J., ZhGQgmpXar i o Welm@t wé
Synchroni zed &mnd eBdodtwadi bamd ySurface Temper at
KonRemote ,5b8) ng4444.

5. 1Chapter Overview

Thceapter presents a framework to efficiently
bot hsysmamhronous and geostationary satgprndvitee d
frametwor gluSdef.usTlhoen fr amewor k cklinsststsdafatdbo

conduct ed yfnrcoom omwonus and geostationary satell.:

using available retrieval algorithms to deri
framework involvesataompami ngffleeebhS8Tsdtellite
effects of variations in retrieval al gorithms

compositions on the harsmemsiszedd use of LST dat

i
Landsat-8 Sentinel-3 SLSTR Himawari-8 1 Step One Sun syncronous and
1 1
. Aand10,/Band § /Band 4/ﬁand11 Bands //Band 2 /Band 3 //Band9 and13//Band 3/ Band 4,//Band15, . — geostationary data download
L A |/ || | H
h
: :
1
I 1
: ' Frocessing | g - :
! I I I '
' , Step Two Inversion of LST using different
— retrieval algorithms
1
1
P v ! 1 Step Three Comparison to determine
. H 1 . . .
H E[MWA "ST’-“] [sm "STL“] : —_— combination for optimum result

Figure5.1: Chapter Five Overview
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5.2 ntroduction

Land surface temperature (LST) is extensively
ecol ogi cal applications (Duan & Lev al2ualtbe vQaurai
in the Earth's cli myecswntsd mperudisst r @rait @dntaga il sypead
when relying on traditionawvargiraobsmd ttnyamhii naordi ntq
changes (Liu et al., 2006; Neteler, 2010). Cor
increasingly adopted for effective LST measur

data from talme dt H elrl g | bsaynidde horfo nbioztehd saunnd geost at

been widely used for gl obal LST estimation (|
Howe v ecron ftihgaufr astpaotni al and temporal resolution
to tecbonstinmhitnhes desi gn of these satellites'’

201WhHi.l esysncrhr oni zed sensors offer superior sp
geostationary satellites provide coar.seThisspa
di screparescsy chall engesdeéroirveudt i U3 Tzsi,n gp asrattieclulliatre
whcih necessitates high spatial r(edsaytuitme narLdSTn
(Quan et al., 2018; Sobrino et al., 2012).

To att-aesohughon data suitable forstdudiresal hawne
on he har moniazed fuven afi fferent satellites and
Howevedat & hfeudhsairomonamedd use of satellite dat a
the visible spectrum of remote sensing sateld]l
optimize data in the TIR region (FungoOésB)al Spce
studies by Fung et al. (2019) and Januar et
(BT) from banid 1T3 RS whH it ma wwaadn du sl On go ft hlea nsdpsaa ti a

adaptive emissivity fusion model (STAEFM) . Th
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Landds a(til100 m) and the tempo(dld mesaoak es)on Somi
fused LST productsS8 dvenihvddTf reemilmandecsattkrnrom t

spati al resqioluat itempandl 12 dotleuhtlikontne)s gabi d atl h & ek

andholur tempor al resolution) using the BLENM
(Quan et al ., 2018) . Bali et al . (2015) fused
Ther mal Mapper Plua {EdM+) hewi MODLSTsdael |l ite
fusion and spatiotemporal fusion model (I'l FSM
m) and MODI S6s tempor al resolution (1 day).

Understanding the connection between satellit
di fferent retrieval algorithms is critical, g

variations, and i ncongitshtmsn qiKeaan ient ST ,i R2VWEr0s)
8 can retrieve daytime LST ataya tkenpomaspatisa
algorithms | i ke the mono window algorithm (M
channel al glowa nt ch me t( S&IA)) , 2015)3 E€oavendelwndt
Temperature Ra@8i ®Grhe&StTR) O3 dretrisndlot h dayti me an
spati al resol utview doenniong ttsendpuearlat ur e-8 r adi

satellite provides LST datmiaute.2nkervypati al

Achieving high spatial resolution LSTs for bo
of LST i mage-8, f 8§e3dmt Laanadd sBHitsnapvao m¥esti ngt he accur
outcomes significantly h#8hgedSdnreheialvagnmeéng
utilized by t(Wangt reer Padaw ied200DlbRE 0 $ S O0N i nvest.i
predominantly cent eriendf roar etdh eb amidssi bolfe saantde |l & ¢
2020; MBaerl 8t nez al . , 2009), with compmpatisehny

TI'R bands
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Al t hough research on comparing remotely sense
out . I n one study conducted on the -8'ssl alnldRS fw
compar egdr ovbimtdghe d LST measurements wusing a broa
Three algorithms were examined for LST retrie
performance, with SWA exhibiting the flroomesl. 6R

to 2 K.

Il n another study, LST -dastal tiigonc MODN iSz e da sneetc
compared with LST data from GOES, a geostatio
MODI S, whil e the dvualwavd nadmml cay egdrfidrh mGQBDWAJY u
split window chhhnedtselilni tteh.e TCHOESst udy reveal

be higher than that from MODIS, with a greate

attri bultleidt & oviseawieng geometry and | and surf acc¢
Furthermore, Jee et al. compared LST dat-a in
synchronized satellites. They found a positiwv

RMSE of 4.61 K. When compared WwWethSochseownat ( &

satellites exhibited a stronger correlation

MODI S: 96% and 2.25 K). Differences between t
spati al resolution variations.

These investigations primarily aimed at (i) d
in specific regions, (i1i) reconciling dispar:i

pinpointing the mostiphecise LBTdivedunévaht al
achi eweeshoilgut i on LST data suitable for diurnal
of LST produc8&,s Selot neaiiRd s atrBd THiRMg warhii s chap

underke a comparative analysis af LST products
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The goals for this chapter are to: (i) establ
TI RS systems; (i) assess how various retrie
obtained from differexpgl csrae ettHe t®o rsreerstoiren kA

LSTs both duri mg ghmgr advaiyn ganadn apr evi ous studi

comparison analysis of LST images between sen:
synchronteedessabes| ithis study will-sgompaoeaei d:
satellit&sanfda8@gsmwindl LST from a geo8)auisomag

di fferent retrieval al gorithms ftiocanmtenhiidy, tw

study in Hong Kong.

Al t hough there are several-8LSTnceudiaegalt hael fa

EquaBased Met hod, split window algorithm, mo
met hod (Yu et al ., 2014), t hoirsi tshtnusd,y SeWaAp lacmyds M
t heir high retrieval accuracy and e aMhde | ef foo

Sentd nUSTR an-o i ynw®WAuised to retrieve LST 1 me

unavail able fori ohmalsley sadayti me sl S3A duchedt rH i envaewda

8 wi l | be compared with nighttime LST es+4i mat
8 wi I | not be included in the daytime and nig
8i s generally wunavailabl e.

5. Pat a

5.3Land8 a%atellite Data

For this stuwdyfurdevee diatid i gedr c-8dsar eiml itthee, Lam

wi despread use in thermal environmenttelr nstdladis
availability, and inclusion(bbumsavi peaendd &t b
8 provides a detailed spati-ahfrasetdubaondsoéand
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bands, with a revisit( Yaewmaimod oo feTih & |ldaty I0flBtbe a |
with the Operational Land | mager (OLI), capt |
spectrum, and the Thermal I nfrared Sensors (TI
at E@. @8ndcEm 12t mosvd madroiwes (refefGarBazird gqaur et 5ak)
Yamamot o & | s@li «fardweae, 12a0mdBd)aat encompassi ng Hong
from the United States Geotogpaal s@oraewnl webs

t hdtsudryi t ed States Geological Survey, 2021) (T

Table5.1: Details of satellite data used for this study.

Satellite Data Date Overpass Time Period
Landsat 8 19 January 2021  10:52 am daytime
. 18 January 2021  10:48 pm nighttime
Sentinel3 SLSTR _
! 19 January 2021  10:48 am daytime
. . 18 January 2021  10:50 pm nighttime
H 8 :
imawark 19 January 2021  10:50 am daytime

1.0

Band 10 Landsat 8

0.9 —— Band 11 Landsat 8
-------- Band 13 Himawari 8§
0.8 Band 14 Himawari §
{ 5 awan$

0.7 Band 15 Himawan

Band 8 Sentinel 3
= = Band 9 Sentinel 3

0.6

relative response
’

gt
¥

9.0 9.5 10.0 10.5 11.0 11.5 12.0 12.5 13.0 13.5 14.0
wavelength (um)

Figure5.2. Spectral response of Landsat 8, SentB)yednd HimawarB TIRS thermal channels.

81



5.3S8nt-3 nelLSTR Dat a

Teuppl ement the daytime LST data obday nierdt & rrwo.
t hgtsuadyso i ncorporat-8dSH8TR. f Ua8ni B el teSndSsTaRt c a |
provide daily LST data for both eaytcihmenarmrdedr
characteri s#8i,c SentnE&BRdesfat er sl ar emodleu tait ®n sgfa
its two TIR bandgn saintderdt2atdmad p hterrei ¢l OF iS58 d &W R,
enabl es the ddearoidwattisonnsdafngL SWA. The -Jda§ltsmMR
data for Hong Kong were retrieved from the "E

archive f@opeheaseudatOpen. Access Hub, 2022)

5. 3HBmawtarSatellite Dat a

Fr amaer rody geost at iaovmaatlyacdbseebe F F omes he Advanced
on the -Bi hawanese met evarso leoapibmal mueddrsdlrdgidttosn arr
soutLtaenched from the Tankigmswdrmiat EphceeCshaad
generation geostationary satellite renowned f
and tempor al resolution (10 minutes for full
geostati oealGhyois a& eduhi,t 2f0elaBtauyr es t hreemT|l R1b2an
em, angmeln2abd i ng the derivatiOYamdmadtSd & rlogdhick a
Hi ma wBa rpir cewitdeense veeage of the entire Edq<LthoAs i&a
Suh, 20IBa) AHI data Dot afHhen tKlhhe gl wkhkewel fiiety e

archived in Net CDFefoermgsteming the P

5.3L4nd Use Dat a
Lanudse involves altering and overseeing the 7
(Kobayashi.Thesal alt20av?v) ons profoundly i mpact

parameter in estimating LST, underscoring the
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Utilization in Hong Kong (LUHK) dat a, acquir e
information foOoHondheKsesnagdPRl ammreianigh eDelp@HK mmap ,

produsedg updated $Hoauslk!l istue viemagartyw, firmm t he

pertinenvadatasfgowmer nment departments. With
administrative boundary of Hong Kong. For thi
interpolating values to align wKtimaphencespas
di stinct |l and use cl asses, whi ch were conden:

similar (dut et budthees s2@Hd§) area comprises a miXx

and water bodi es3amd Tsahbolwen 5.n2 .Fi gur e 5.
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Figure5.3: Hong Kong land cover map (LUHK 2020).
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Table5.2: The percentage of each land use class in Hong Kong.

LUHK Class o
S/N (Abbreviation) Percentage (%)
1 Residential (RES) 7.082
2 Commercial (COM) 0.42
3 Industrial (IND) 2.40
4 Institutional (INS) 12.56
5 Agricultural (AGR) 441
6 Green Space (GS) 65.73
7 Undeveloped (UND) 1.78
8 Waterbody (WB) 4.21
9 Others (OT) 1.41
Total Land Surface coverage 100.00
5. Met hodol ogy
Ther ecsosmpari son analysis entails two primary
Figure 5. 4: (i) extracting LST from satellite
vari ousdastaasedtlsi.t e
Dot ancss SentietassTR pimawaria |
: éandw Band 5 /Band 4 éand11 7/Band8 Band 2 /Band 3 // Band9 7/éand13 Band 3 Band4/éand15 :
i |
E ‘Processing H NDVI ]—’| Processing| |ProcessingH NDVI H Processing| |Processing|“[ NDVI H Processing‘ E
| Coe (e )| |i(seo ) (ks ) i
E y > Processing [€ > |Processing :
el Tl ] ;
fwnon) :
! masra]  [owaiora) 5
Figure5.4: Framework for LST retrieval and comparison.
5.4E8ti mation of LST from Satellite Data
In the initial phase of the research design,
established r.eWhriileevaiBanadishaetr st smsyer al red3riev
SLSTR and-8Hipmawariily rely on #8heb®§WA meteh didNVA
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met hods we(Zhempbbowléer ea20%®W) served as the sc
for S8ntSILIBETIR and ,(WPiedmmeaari | s et al ., 2021; Y

providing a reference and baseline for furthe

5. 4. 1STM Retrieval8 from Landsat

1 Mono-Window Algorithm
LST retrieva&8l uftri dviWwAecadmd sh@tr dwdoasre da ody J o vlamiosy s k

met hod esti mates LST wusing data fr-® msat elilnigtl e
an accuracy of 2 K. |t .k 8 Bia@klr oght wes esstempér
compute LST,Ecuwatoiuan iS.eld i n

0"Y

0 "Y"Y = —
v P _oxYl 4

(5.1)

whexmepr ddentesni tted radi anxmgds wWheeBehgtzma@hhbO ¢
I 29/ K)

1 SplitWindow Algorithm

Th®@WA, al so known as the multichannel al gorith
8 data. This algorithm relies on multiple TIR
8 includes dual TIR bands f(IBaMAdf D0 &15d T EY ri e

the algoritRozeeaseleome@itbom|i.s (RiOdell)y recogni z

in LST retrieval (RMSE = 0.93 K), wabs?2peal)ect e
0°YYY o6 Y Y o} (5.2)
0 0 60 0 o) 0 0 O
6 P S (53)
0 0O 0 0O
. 6
6 — (5.4)
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Ti,andr epresBefobantdel0 anldarbd8sBad nBila rien ¢ o eMifitimc i e n
the algorithm, whichfoamuimar rEgalit)i lo@ds\dp(Ausi ng
WhiCie anar &€ intermediate parameters detanrdni ne
LSEor bandhé#éOABnfdorllt-8eTtRobamdssaan be esti m:

as shown (RoZehbteebn3det al., 2014)

Table53:The rel ationship between at mowghcentent(w).t r an
Model Water Vapor Range Equation
Mid-latitude , T TPp@PT TBIT CUICTY p U
summer region 0.213.0 g/crt T TP CP Y TBLX XW LTBOQ TT O

The water vapor 58owhasentewsdiwig isqbl avbhH eer e eRHLt il v e
humi diTolys atvieernaegaeur f ace t emper at(brek eagft etkh ev Kt B

2020)

. X 4 cX®v
w 8T W T T QB
Ypp m T p YA & 4 @

2( ™ 9 w(s5)

OndAdi s calAgAlBitpe dnadan téeini m@i ed E{aNOI)ons (

Aso=UoUo (5.6)
A =U1Uy (5.7)
Cio= (17 Uo) [1 + (1T Uo) Gq (5.8)
Cu= (17 Uy [1+ (11 W) Gy (5.9)

wheldandr epr esAdntf orhdandsespe,c adinbanlidgd,e n dthes L SE
for bands 10 aln@nliliar er &€ opietdHaswimesl eymche tthe r ange
BTf ctorands 18s apde dédret sdgruidnet a(ls€ea®baddwh)A e s t he
sl ope and B(K) 1is t hFeorl iinpesatrfa miceleger éBsad iod nv diamtdé ril
and 2QwiACtabewlsattedhG8%. 68T amer sampep | esd ¢ ma t

L1:
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Tableb5.4: Linear regression coefficients fokland L.

TIR Bands T Range (°C) A B(K)
1100 20 0.4087 155.58
Band 10 20i 50 0.4464 166.61
110 20 0.4442 159.85
Band 11 20i 50 0.4831 171.23

1 Calculating Land Surface Emissivity

For esti matNb¥gd LBEEeshold method (NBEM) was el

over others (@Qhwiar& odsh sta@i&s; Jin et &dloth 23

and accurate. I nitially, NDNfrasedal dluURat bdnit
data, as outl i nfeal lionwiEnggu awhiiocnh (LSS EL O s,t i mat i on
0 0wOo—— (5.10)

To accounts ifgdnrm oti hsee hriagh o ( SNR), the NDVI thre
took into account the effects of wvarious | anc
surfaces, and water(Somritrhe .®takelus aw2®®ml NDVL S
than O were i denthbsedwashwhAD¥I babdues, exceec
fully vegetated, and those with NRVletwd(edemrle
et al.The2@mMmh)ssivity value of the different | a
determined using the ASTER sgdcé¢inr @lt.Ladt aly29a45:

with NDVI val ues tvheagte tlaitee db eptiweeelns t(hNeDWlon< 0. 2

(NDVI > 0.5) were identified as mixed pixel s.
(5.(11i)n et al ., 2015; Sobrino et al., 2004)
- -00 - p OO p - p 0OOUG (5.11)

whethe epresents the emjblsiandy bér mikedemi xei
veget at edUpii xreil fsi, esantdhe emi ssivity value for |

F is a geometrical factor th@folvmrmes&dbralnhpg
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purpose of this research, the value was set t

(5.12) in this study.

_&NDVI- NDVI; ¢ (5.12)

v~ &NDvi, - NDVI
Il n this case, NDVI is the outvaome Nd&Mmotwvedt heo
NDVI values for vegetati onommuEatsesed@n8, foespeget

0.2 for sand,obrrda smpecetti vadl.yy, 2004)

Table5.5 The emissivity values of water, vegetation, and-negetation for Lands&8 TIRS band
10 and band 11.

Ufor Water  Ufor Vegetation  Ufor Non-Vegetation
TIRA band 10 0.991 0.984 0.964
TIRO band 11 0.986 0.980 0.970

5. 4. 1UST2 Retrievalld fSLoST RSenti nel

Considering3 thlaSTRedatimRTan pgo¥Wildédy am) and
(~11: 00 pm), LST was extracta&v naowt Aégeri wo mi
the study aremnglWhiAlegotrhiet hDwa(lDAA) can al so r
Sentd nUSTRWAawas preferred due to its better
to DAA. This difference in performance is at
geometries between tHee®PWanel esvs.énonsalihj s2®2nD
Zhengl9 SWA algorithm, known f or its accurac
nighttime LST rel3rbSe8BRRPEaman ISendtiingl al] g@ORLH
selected because it represents an enhanced ve
to the spectrald3 Sha&3hRelEgpdatSiean i n®.lI13)(B@&serzib

Pl anell s:et al ., 2021)

. P - Y- Y Y P - Y- Y Y
0 "Y'YQ Q Q— Q= - -

QY Y (5.13)
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whed&@&r e constants in the6équaangers &somhOwnhoi

the input data that symbolize t h3 Bur3Tgh themnsd

band 9, respectiisetllye dviefafnewthéd®e isn emi ssi vi t )
(TIR) ch@nnels,, iadednotes the average emissi V]
- ™ - - ).

Tableb.6: Coefficients of SWA used for retrieving LST from SentiBebLSTR.

Coefficient Value
L] 1T0.51
= 10.053
= 10.180
= 2.13
= 0.377
u 71.4
u 110.04
u 15.9
The two input variables required for the esti

(LST) fr e3m SSenTtR ndeulr i ngnbgbtt demgt i ene & 0ldld )i ,n eadr
the Brightness Temperature (BT) and Land Surf
(TI'R) channels. Given-3t BdtSTiIRhe nTlaP shudmad ecf t Se
only input parameter that LBEeddadi sowhs ast o0om

NDVI thbhaesddl ebiwochdkeg expressi ons i nbltdh)e: subseq

o oo 0 0w"™00 Ow0
- -0 - p GO B 6 0000 0wl 06O (5.14)
-8 Tw 0 0600 0Ow™0

wheGdencactasvs ty eTlHlRamd,0oth the subscripts fAso ar
vegetati on, respectipel gemdGatgieounr roefn fvreegde tPas iitod
surface reflectance 03 3ThSL R edda tbaa nLds Borfe $thheem aSag
t he NDVI and Pus veeqguea t 6. adl®uSl@2de d(r espectively,
Sent3d n@USRT band 2 (S2) and band-l 8f ( &8¢ d s mMbR

respectively. Given that satellites are unabl e
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the LSE value estimated during the dayti me wa

the assumption that there would be no signifi

5.4 . 1ST3 Retrieval -8from Hi mawar i

Il n this study, thehail gomdt&mwsd@2e@l®pPed byp ext

nighttime Land Surface Te8npeThitsrwagL8Ug ool

accuracy (RMSE = 1.083 K), efficiency, and it

and S&ntSLnSellIR, | wkiesh t wbi Ther mal I nfrared (TIR

equation for retrieving LST bs presented in t
0"Y'Yo ®8Y woyY 8Y wOAAp wp - dw- (5.15)

I n thisceagueaetpirers,ent the Land Surface Temper a
Hi mawarias shownalanlgTanbdtieees5di7f ference in LSE .
across the two TIR bands, respectively. BT13
bands 13 anddiépresspestthel Yiewing Zediddat &An
which watedabaséd on the geographi cal (pHaofpeeerzt i
et al .ConZz(0adlk) i ng-8t thats ki maewgroir al resolution
which encompasses the study area, LST was es

comprehensive comparesolnutwiam It B3Ei mdoidEir&ad ed f |

Table5.7. Coefficients of the algorithm used fmtrieving LST from HimawasB data.

Conditions Co Ci1 C2 Cs Ca Cs
Moist 67.1857 0.7448 2.07 1.096 63.061 T 75. 114
Day Normal 8.926 0.9651 09364 1 0. 1 568638 163. 8"
Dry 15.3567 0.9461 11996 1 1. 4 485137 168 . 3
Moist 44,5826 0.8205 2.0427 1.6411 585399 159. 1:
Night  Normal 12.1778 0.9535 09278 1T 0. 0 51269 151. 8
Dry 20.3004 0.9279 10879 1 1. 4 472503 161. 7:

The NDVI threshold method wasLSEmr | &Hi-8nawaipmpd i

Equati onYa(nba.nlod)o et wadadhill ROM@B p) e s e nbtaendd b3y atnhde I
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4 of the8 Hiarnaavarrébaplghat & v e tegrsptl abrnptesd t he vegetat i
and gr oundanemiwsesriev idteyv,a ma& mo tf ¢ oentf oidnee n KO@A-WBdat) i v
use cl| &fshst @og al bdSHEHeamar uslel cl asses waSE afver agek
wat er PAddiiggiomadrd der to minifmild e we migsAtindairadyt ualr
Sobr20®8he Hi-gnavatrel | ite Wasi empholyed( $DAestir
aglepiicn etBIlYamamot o etSiamll arlY18aAadr nightti me
Sentd3 nUSTR, f ol | Rwicrhg etth ea [Badueyd 206)i N and tBona
was assumed that the Land Surface Emissivity
t het dmgTherefore, the LSE data computed durin
esti matti omas assumed that the Land Surface Ei
consistent throughout the day. Therefore, the

nighttime LST estimati on.

Table5.8: The cavity effect@) in the urban area for the three TIR bands.
SZA (A)
0 10 20 30 40 50 60
13 0.01 0.01 0.01 0.01 0.010.010.01
14 0.01 0.01 0.01 0.01 0.010.010.01
15 0.00 0.00 0.00 0.00 0.010.010.01

Band

5.4CPoGesmparison of LSTs from Satellite Data

To assess the relationsthSTpbhbeaiit wee nfSdamt ieane d ¢ et
both MWA and SWA met hod3,SLNTR LESAFE H a toast Hore tredvse n
using SWA, guantitative andAsphad ddatcevyaduatty
unavail abl e at ni ghtti me, only t he correl ati
Temperatures (LISTSHSTR oam-8Sebhattmenlelr t e dat a was
from L&,ndehttai nedA uasSiwAy W .egatnhd MPIWA wer e compar e

LST data f-BORLSERHBI( & HI masyWA i o assess the
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har moni zed use and pinpoint the combination t
Sent3d neend H8 mawrairng both the dayti me and night
when usedlhet csgWidnyetrb ya,t ev € 2 OMhBe)nt ment L ST | mage o
coarse resolution has been r esanrpelseod uwtoi ama tlcShT
the relationship between the t-eemperatuoe pfxe
covered bywyndnilcyvene (LC) type, reasdol theomopr BE

depicted by @S¢éé nEquatigamtb oh6)

0 "Y"¥% 0Y'Y%r Y (5.16)

whelk &land rFd®8hote the resampled moder at es coarl ec o
LST r espehd@ivselgyntidHfa elsocati eennd oaroedsrostidut fi iome L ST
dhrepresents the Ricgut betibomsdatwéd; chnd sL StThe d
observed at the fine and moderate or co8,r se
Sent3d n8LSTR, anrdd hHivneawaar s pati al resolution of
respecti v8l BELSFT&ntainABe IWiemawareisampglidd zt agl®bGen
resampling method. The estimated|leSTsdf rooam ot h
coordinate system. Further more, the processed
empl oyed to extract LSTs byAdaonrddigsga Bidoge,(f o
relationshif p-sledctlSele eme W rhicke v MWWA a6 MdMAsEWA WA d
t hmeodesatdhSdr om sEnrtatnreilevd BWAs ifrog SWACh | and u:
exprassed

Dwod j Yoo D wo (5.17)

Yoo j Yoo j Yo O (5.18)
wheVWAsa nSIWAr epr esentLsSTt weal mean for & dti mhatheld us

MWA andf BWWMm t he Lldands artSMaaeletnionthedsypé | uehas LST
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esti mabedt he8 SdarBtTiRnUdklp rag sheen-tl saen dé1WAsss s N S WAss 3
are t haes baatsigmaftfeedr e n 8 WA DreMWAeiem Eq ba 7 ) DWAI(n
Equatild®n, (r e $Wp edlwtei pvreel dydsea ti enlgl at eudat adben dat e.
relationship -betWere nfHritoheevBaS§WAd sred t he cor+ espo
resol ut i dmndSBWA gaonnd SSWAr each liand hesestaldys ar
t &dquat blomm)s BIn8) (ceasnt ibmast epdr esent edslBh E‘BYMa,t(i o
respectivel y.

Dwo j YOO 0 wo (5.19)

Yoo j Yoo @ j "Yw O (5.20)
whe3Whkgi s the LST value as e adMWMagigh nBiWamat e H
t he  beisasieasat ¢édthe di ffSEWheanndddVA K eoEerque 2 il 8 hS WAT or

EquatRoh. (

For the cpoumppaorsies confs bet we eja naln & orag gserr & FBH¥A,( StWA e
coassc&lSd data (2000 m) were resampslicedSE bOd & e
m)The two sets of data were then projected ont
data. The resulting data were subsequently <co

t he dayti me

Yoo j YoO @ j "Yw O (5.21)
whe3WaanIWskdenote the LST values for both dayt
Sent3 nBUSTR and8 Hiamewaiit SWAwsr e8spaet bvealsy.in th
which can de thécdi atSedamBleVsbert tgdAl)loar daft e
the Root Mean Square Error (RMSE), Standard L

the | and use classes were comput ed
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5. Resul ts

5. 5Compar ibbetnwaefynt k imee,d eMaantde Coar se scale LSTs
Fighrde i |  ustr at ecsr @ éhtrad dn ;& WA 15.8a1) e magpVBA G.bor)e and
from L& nusiang bot BS5cMWAa n(dFi YWEAJ IFli gdr epl ayed a
pattern for Hong Kondl% nJ anhugaGeya e2e@adbifeyr ancaggue essi |
| oweermpevatuese, while urbanempdvabbdavexbr pbi tae
the difference in resolution between th& sat
SLSTR 3SWAand -8i m&WArccioul d not provide a more
temperature distribution co-fpédM&®ANd oWAsat ed ém
dat a,L awmid@stahtavi ng a finer spati al resolution (
fromu8WA the small est (280 sk 22709 2K 3t oK)2 9 4fgoK )l.0 v

(276 K to 3Q# 2R¥, Kand S8WAR K), which has the b
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Figure5.5: LST map of Hong Kong on 19 January 202). (ST retrieved from SWAe;
retrieved from MWAsg, (¢) LST retrieved from MWAg; (d) LST retrieved from SW4.

(b) LST

ThmeanSVal bgsl and fuoen c¢lhaes di § &€ es eancsq usiastiealsloint e

present e®9,i nr efvacballes t hat commel e m&lng&OM) s sl aanl:

satel witdheamfL2B7. 88 . K 289. MWAK 29860. H&WA oarn dS W

290. 04 KrgODaoar t B&WA ot her hand, i ndwes thriigahle st | N)e

according to the estimati ons vfaloafra 228 9. 7 6 eK sfad re

290. 68 Kszf 2ro0SWEB K &pond 3WA. 45i ki farl WAt he o1

cl ass have

(Oifhg

SsWA and t

0 b mpceommsstterruicet s do nrsdsm i ye S q hi gh
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agricul tural ( AadRs)@ viea nad rueshead cel wapskesyaast oewsetsi mat e d

t he t hreiendiadatlilng etshat the green vegetation

Table 5.9: Relationship between average LST estimated from HimaBv&BWA.s), Sentinel3
SLSTR(SWA:s3), and Landsa8 (SWA: and MWA;) on 19 January 2021 by land use class.

LUHK MWALs SWAss SWAHs MWA g.s3 MWALe-He SWALe SWALsss  SWALs-+e
Class (K) (K) (K) ( eeK) ( ®K) (K) ( ®K) ( @K)
RES 288.26 289.96 290.41  11.70 7215 2895  10.46 70.91
COM 287.88 289.53 290.4  11.65 7252  289.04 10.49 71.36
IND 289.76 290.68 290.98  10.92 1122 29142 034 0.24
AGR 288.68 290.01 290.33  11.33 7165 290.08  0.07 70.25
INS 288.77 289.8 289.86  11.03 71.09 29046  0.26 0.2
GS 28821 289.91 290.03  T11.70 71.82 289.95  0.04 70.08
UND 287.1 2889 28955 118 7245 289.02  0.12 70.53
oT 289.12 290  290.65  10.88 1153 290.65  0.65 0
Bias (K) 71.38 71.80 0.77 71.46
SD (K) 0.39 0.54 0.49 0.65
RMSE (K) 1.20 1.66 0.87 1.04

(

The average Ls@adasfgemeMwAl y | ower and predomi

across all whandcompategepdesi t BWAmNIdMEIMVA £ om
and SWAWi th the undeveloped (UND) I and use cl

| argest bias Lkl WhiKl L8a@rh e mmer ci al ( COM)

the |l argest underesti @atnivem sma ans T a fSBARewsh eonf T -

£

compavi ¢ dh sEWA WAt urned @omixive Wnitheegatieve (

l and use class and I ndustrial (I ND)SWAsadAndse

k

SWAgigsr espectively. While the smallest bias was

space (GS) .Thnd tUsmrdichg@gsaligns with the stud)\

overestimati on for LST esti mated from Lands
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measur ement s, and an underestimation was reco

from Landsat dat a.

The RMSE, as 5s@owihnsih. Za@blkeamdgk. SVBAEKM dv on@WwA

are comparreasoMiuthi dn ne8 Tusr o gMWMAA delait | e ftohre R
SWAsgszand SWAs 0.87 K and 1.04 K, respeeftriccrd | vy .
Land8sausi ng SWAampawmbheertedma&dr 4 r ® araensdo | cuotair o
LSTt can al s@mbe hienfsdrate & tfi c al5 & maau eyrsai gse pLrSTs e
SWA3 s more cl os &lISW r dentsaetdd SET(sMWNA Iz d SWAVh e n

compared with the rel-aesoh3IWAdpnaanSd syeé nomheé&i o
satell iLssaandMEBAYA The <cl ose rel atia@amd hrfepsnodl eutt w eot
LST is further 56 ewhealreed tihre mPiogxwprleot s of t he L
satellit-2sSISERt i8Hiemmanvka-8L airsd gt bot h MWA and S
the first qgpuaarst iwed lofasSWAhe third quartile and
the values (& ogm ttenlel salhaeh dGMMWAHO we vy£ 15, mM®8WA cons

with thestSiwAati ong t han MWA
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Figure5.6: Boxplots of LSTs estimated from Himawdj Sentinel3, and Landsa8 using MWA
andSWA for the different land use classes during winter.
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Figure5.7: Four regressions of the average LSTs in the daytime. (a) Regression of LSTs obtained
from SWAszand MWAgs. (b) Regression of LSTabtained from SWAsand SWAs. (c) Regression

of LSTs obtained from SWi#& and MWAgs. (d) Regression of LSTs obtained from SWéAand

MWA is.

5.5C@mpari somMoldeetrvad een andL Tsur s en gs Daljd g met ia mel
Thi s gsethnleddyaty e d me (~hl1:gh@ tame dgn-dl: 00 wemhFi ¢ $STen
b8ac¢) angk( BSiWA8brde) on 18 January 2021 amdlesdI Jan
map genertahtee d tWerl fdsirt ebsot h t he dayt isniemialnar np atr
Howewerl,i ke the observampenaviawred hanfd id dnset emmey h t t
generally characterizedalwiot h ndighatleSIT twvhaltud.he
|l and use categories were generally | ower at n
to the |l ack of shortwave sol ar radiation at
dependéret lomgwave radiati onf sboeet tteod tfhreo mc o ahre
resolution8 offl RS matwhaea ir Ehay&)o ff rLoST sBi (wka8\0amar r o

t han t hat -3f rSnt TSR 2(8 & Yn8e |
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Thav erLaSgle f r spa NIIWARWAc at egori zed by | and use cl
was compared for both daytime (arolmlmids 1do@pPanr
further substantiated the findings from the L
classes is higher dluhrei nigndituhset rdaayl t(haNnD)a tl amidg h
significant temperature dis§f7er9é8n Kgns(adnd3d ISIMA)I .maT
was cl oselyy tfheel laogweidc ud t ur al ( AGR) , green spa:
classes, which also showed considerable tempe
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from both satellites. On the other hand, the
temperature difference when comparing the da\)

satellites (i.e., 4.56 K and vee.llyg . K from SWAS

Table5.10: Relationship between average LST from SWwand SWA4s during the daytime (~11:00
am) and nighttime (~11:00 pm) by land use class.

Nighttime Daytime Daytimei Nighttime
LUHK Class SWAs3z SWAHs SWAszHg SWAsz SWAns SWAszHs  SWASs3 SWA Hs
(K) (K) (eK) ([K) (K) (eK) (eeK) (e®K)
RES 283.27 282.77 0.5 28996 29041 1 0. 4 6.69 7.64
COM 284.97 284.24 0.73 289.53 290.4 1T0. 8 4.56 6.16
IND 282.75 282.59 0.16 290.68 290.98 T 0. Z 8.2 8.66
AGR 281.81 281.67 0.14 290.01 290.33 1T0. 3 7 93 8. 39
INS 283.12 2829 0.22 2808 28986 10.0 6.68 6.96
GS 282.46 282.48 T 0. 0 28991 29003 10.1 7.45 7.55
UND 283.46 283.25 0.21 2889 28955 1 0. 6 5.44 6.3
oT 282.59 283.06 T0. 4 290 29065 1 0. 6 7.41 7.59
Bias (K) 0.18 1T0. 4 6.8 7.41
SD (K) 0.38 0.50 6.90 7.45
RMSE (K) 0.35 0.38 1.25 0.90

I n the comparison ofsg La&8MmMdf coudr ssecdad &VAsea t(ed WA t

(~k11: 00i pmwas found that estimates from SWAS3

positive bias in six out of the eight | and us
LST from moderate resolution i sbipasdaoi aantaly
cl adHoevever, this bias is relatively insi-gnifi

0.47 to-00873tan@. 0T6h e rreeslpaetcitarnvseliyp at nightti
RMSE of 0.35 K. The hi gheK) RMSWEI ddube nagt ttrhieb Wtae
vi ewi ng agred me3Ehye regression anal ysi 5 8gf ftuhrd h
il lustrates a stronger <correlation between L

ni ghttime,sowirtéh. 6al, compared to the correlatic
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' b 295
Linear: y = 1.184%x - 51.69 ( ) Linear: y=0.5969*x +117.9
[ gl R’ =0.5578

R?=0.6139

277 ‘ - 287 ‘ : ‘
280 282 284 286 285 287 289 291 293

SWA
s SWA

Figure5.9: Regressions of the average LSTs in the daytime and nighttneegression of LSTs
obtained from SWAsz and SWAug at nighttime on January 18, 2021 (~11:00 prhb);régression of
LSTs obtained from SWg# and SWAs at daytime on 19 January 2021 (~11:00 am).

5. 68i scussion

The proposed framewor#daedfobtaennhkeg Etomma-beshlL
synchronized satellites uUtSiebamiamrd d utshd nlviea sa
the relationship between L Slas dd wrsiwean sc |damspshho ag
basi s f orgicwerpmtrhcepcoamt edce ti viagT and | and use cl as
in vari duviswvusht edi ed . , 2019, TweupempgatlLiusen af .|
from SBEnELBER an® Hiamawaiit eWi nudowmgAltder iStphm t(
LSTs retriev-8dus$roog beaNbthdeobwe AMgroo it hm ( MWA) a
a similar spati atlhedirsetsruilbtuitnigo nL $Tast taecrrno sosf t he
retrieval algorithm used. HOoWevet,ahs, sB@Q@bBst:
and conf i rrneesde atryc ht hiLsSTs derived from these t
compatible. The differences8,i nSeéstSilnediRed ab8TL
8 are directly |inked to variationsniambhg &t
satellite sensors (see Figure 5.1). The diff
relationship between the LSTs from the three s
LST retrievdBtfiBhd@lTRhsatel |l ite shows a closer

Landd8 atbot h using MWA and SWA) compared t8 't he
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and Landsat 8. This is due to the #BarSLBWRr aqngp

Hi mawar(ill00000 m) compared to t-Beandn-§af B160800 ene)n. |

The study further examined the retrieved Lanc
di fference in the biases produced based on th
using simil arqg alSgdAra ntdhgnsswWA(eS WAo mpar abl e and i1 ns
-0.26 K) when SWAL8 is compared with SWAS3 and
substanti al when diff e e BSMA alngdoyMWAhIMIss aire e e
t he SWA was usoerd bfoarh rseattreiledviatle firmages, the es
in atmospheric absorbance of two adjacent the
for L@8@nasatbands 13 -&and 3&mé oen Hi mawae mtga Ir ev aart
humi dity and water vapor, were also considere
in the LST imageGcGAVdam &dSoldhvasmdwdka,t edd0hé;s Ro
suggest s t hat t he fusion or har-snomd zrean i wzseed
geostationary satellites using similar algori
However, the pattern of mawsdBlihdm3pBSiEM&It astée el
are similar both in the daytime and nighttim
(Duan & .The 2008y shows a higher correlation
compared to daytime. The bias is | ess signifi
on differential surface <cooling/ heaficgenmt h
algorithm testing @hrdi goe mptaArdadti trieo2@b & )yy sitdh e
daytime is relatively | arger than at night . Tl
evaporative cool i ngai rantde nip@uiredlaeaveiin Desfufrdlfaecret i
surface heating over various surface cover s,

contributes to the signi f(iDuamt &v dni, at2i0d ;i Arklk
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Findlhley, study reveals that there i1s a signific
di fferent satellite sensors based on the retr

di screpancies in the varfi athieomagf LSTs based

5. MThapter Summary

I n this chapter, we introduced a method for
retrieved from various satellite sensors wit
classification. We c onr8p aurseidn gL SbTo$dhAtMWAL reontdh b a B
Sent3d n®USTR an-8 BameWwhrites using SWA. Additior

Hi mawarand -SerBtLiSARlI during both day and night

di fferences in LST r ettesi,eviemf Ifueonnt edi fbfyerlean d
al gorithms, and satellite types.anNo tSachdtlyiSAdl a
exhibited | ess consistency compared to night

bet ween LSTsr-&ramd H3enfftRiade56 and O0.61 for da
respectively), further exploration into thei:H
Finding from this chapter wihlel abiem hddyg htlaymbii mhshte

LST dagaobkt awii obmsayrny)c hr onous satembstesfficient
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CHAPTBRX

6 I ntegrated Fr amewbaWkr IfyscFaGeea ¢ IS8t Deat hreder
Condi.ti ons

Somectsi orhifsr arhatpt er i s pr edenntelrynaun cdenral r elwiue \
Earth Observation and Geoinformationo

6. IChapter Overview

Fol |l otwniengi dent i foipd @atmuonn a@fppr oheh for the-combi
synchronous s-8t alnldi tSe&és ta(nma& mad sgpeto st at i eBnjar yt hsias
chapter introduces an I ntegrated Spatiotempor
fi-weal e LST dat a. | SFAT combines f i n8, snpoadeiraat
resolution LS8T BAndmc8ensensepatial -81 &FATuctonsi
of three sections. The firstiwiedus yoonshimoShTo urse
geostationary LST data for missing pixels and
optimizati on, focuses on -sccoanhbei na mey c entnd eort Bidd id

through LST f usainonmaadieult @daipevsaitmge cycle model

prediction refinement, is dedicatedgctadbei mBITo
estimating model residuals and i Tilcios ploramewagr |
to enhance the spatial and tempor al resol utic
scale diurnal wurban thermal environmental stu

I Data Preprocessing | LST Optimisation |  Refinement |
| P >4 gl
|
|

|
i | |
J Input LST T Output LST

LST dentfy missing Annual and Diurnal Estimale model
Reconstruction / (] [W] [] Pixel Ne | sT Optimization residual ]_' Tyon dp

Figure6.1: Chapter Six Overview
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6.2 ntroducti on

Land surface temperature (LST) i's an i mporta
interaction between the (&Homgs ehera®Re gn RORiBYg | E
from satellite sensors using remote seanmssiithug n
LST measurement wunder varyiimgene mpaor. &It Hahde vse@
the -¢frfadleet ween the tempor al and spatial reso
constraint toré¢met evli yeSoabsreiendo LeStF oarl .e,x aZndpll 2e), g
satellites-8IQke Gdiomawaiionary Operational Env
Met eoddata” all obtain LST at a high tempor al

LST analysis but have a relatively coarse spa
spati al anal ysis of L SITi du@hthet et o pd n ¢ ca®stls3g s
synchrsoanocedsd it esi9l i E€LOL@amd Sptacéborne Ther mal

on Space Station (ECOSTRESS) and Advanced Sp
Radi ometer (ASTER), which can measure LST at

capabl e of WH®T aanaldy sipatimlheterogenous surfa

resolution ({f{AZRkRour aor etowér) 2022)

To address this constrains sever al LST fusi on
and tempor al resolution of LSTs from satell it

broad c@Qegor etesallhe applr8)aches i n the first

satel | iTtha ssemescro.d i nvol ves downscaling the sp
satellites or interpolati ng -styhmec htreomma(rgahl s art eedtd
al . ,. 2DHsZ)cond categorgsobasipai LSTeffmamtdi ff
ti me instances. Sparse representatibasedendme

approaches are employed.
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Owing to the | onger wavelength of the ther mal
LST retrieval, comparndd atre dt {eNI\Ri)s icthlaen neernd rLé&
spati al resolution compéar sed me(©l armltde dthae tente aNI|.
Reddy & Mani kiam, 2017). The spati al downscal

the LST data by capitalizing on t-heffaned chbka

Theifltiami on of this method however is that the
is a spatial resolution achievable from other
for LST analysis in hetero@dradlys Quedic oept® rallY.u
interpolation met hods, on the other hand, ar e

estimations der-syadhmoasbolby Eanbvoml dnuedeiss ibteicmg s @

These met moldat e nt 8T data with temporally disc

the surface energy balance model or annual / di
Al t hough as against the spatial downscaling m
with the dJatellliimtiea adatoam. of this technique 1is
scale requires LST observations at intervals

be achieved wumbeaf bdencM@DId$ laitt @ captad i al reso
(Quan et whlose 23@Ph4) aal srods od witti aolnl ei sf or LST a

heterogenous ar ea.

Considering the uncertainties attributed to wu

spati al and tempor al resolution, adopting an
multiple satellite sensordhbase gathedssicgpitdte
strensguly ncthrsmanedd ite and the tempor al strengt
LST or TIR data from both satellites using di"

(EMUM) , repaesentation mebahseddometweodht Thacsp
adaptive reflectance fusi on mo d e | ( STARFM) (
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representative of the fusion model STARRBRM wmmipd K
was originally developed for the fusion of d:
wei ght -Hased imemt hod and has been revised by ¢
objectives (Liu et ale.ng 20t20g!1 .Qu axn0 ledte napldl o, & b2
integrated temperature fuWuoert maded ( 8Sanbpyobr M)I
Adaptive Data Fusion Al gor it hnWefnogr eTte maphe r g €arle

as one of the contemporary multi sensor based

SADFAT i mproving on STARFM was designed pri ma
As an i mprovement, the SADFAT integrates the i
to predict LST data at hi gh spatiet &8@ori &l arc
firstly optimizing the radiance data to fine
will be inverted to achieve the synthesized L
SADFAT and -soarfsears inounl tmodel s that uses data froc
coarse scale), i ntroduced the integration of
breaksdalrgedi fferences between fine an8ADBAT s
met hodol ogy, STITFM inverts the TIR data to g

bef ore employing the fusion model to achieve

Whil e both the SADFAT and STI TFMcmdteh oLdasn dh aSw
Temperature (LST) optimization with relative
wi despread application. One majtoa ichal$8Enpgeed
Fusion methods exacerbate this issue by aggre
particularly in comwphexketearivin irrogn meinit tafl p re-ga lveh &
scale LST paddosnalsl yd,i ftfhiecuslitgni fi cantscalae eL §h

|l eads to subopti mal predictions when applyin
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STI TFEFM' s relianeecabte @absemgati doicrakcer LpSrTe dmak

chall engi ng -stcoalcea pLtuTr ec hlaanrggees b et ween base an:i
not refl ected in moderate aneéeéntclomr sehiregsokasat
predictions, particularly in regions experie
Mor eover, assumptions i nherent i n these mod:z¢
overestimation or onderestimation in predict.i

Consideringi tthhe > imsitmndioam@tdecsdl nt egr at ed Spati c
Al gorithm (I SFAT) f®ocalgenke®$htdatga howirttl gblfe nfeo
weat her evas didteivernTsopeadc hi ev-et adhae &, alagotrhirtehem wa
esti matd9 ky-sfcilandeer LST at hourly tempor al resol u
data preprocessing stage for reconstrucanng r
stage fa@r fpmaedect$h at annual and diurnal scal
resi dual errors in model predictions. Finall
empl oyed for estimating diurnal LStThetddsigdn st

ar.ea

6. Study Area and Materials

Hong Kong was selard edletasi t hee shtausd ghtieaesSreactini d rh e

3.iln Chtahprteeer

The region is in the subtropic humid climate
throughout the year, making the use (oFHanm eetotea
2008)For example, from 2006 to 2022, out of t
study area, only 9.5% (58 satellite-f aeaquidsitt:
acquisitions are between Novéemkbefuacdi damabaty.

mod el in this area(lLiisngofethiaghr s t2¢ilfaiscsaerscane
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contemporary

area were col

spati al resol

and partial/l

y

and t
|l ected
uti on

cl

he I mproved fusion model s,

) ommoaceradBt) y eb Qe tciomB)l§ £ a b

sateéseteatelMhiet acdati ai ai ®

ouded (cloud cover <Ta%(d%) 6f il

Hourly air temperature data (AT) from aut omat

stwdarea was

datFa gupe 6.2

col |

ected from Hong Kong Observat
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Figure6.2 Map of Hong Kong with locations of Automatic Weather Stations (AWS)
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Table 6.1: Satellite data acquisition dates and overpass time (local time) for respective satellite
sensors used in this study.

Date ID Acquisition date  Landsat 8 Sentinel3 Himawari -8
di 06/01/2022 10:52 10:48 00:0071 23:50

22:48 (One hour interval)
d2 11/03/2022 10:52 10:48 00:0071 23:50

22:48 (One hour interval)
d3 21/10/2022 10:52 10:48 00:0071 23:50

22:48 (One hour interval)
dp 24/12/2022 10:52 10:48 00:0071 23:50

22:48 (One hour interval)

6. Met hodol ogy

This study introduces the I ntegrated Spatiot e
scale Land Surface Temperature (LST) at diurn

i Figurceant .b3e divided into three phases: The d

phase and the refinement phase. The data prep
collected at the different basned datse rteoc oincéd
optimizatienephaselLS3 Wwhsion take place in or
scale of the LST data. The refinement phase i

back to the prediction to avoi d mrvediecttiiamatri e:
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i Data Preprocessing | LSTOptimisation |  Refinement

R P pi P

I | I I

| | | ! |
l Input LST Yes OUtpUt LST
LST dantfy missi Annual and Diurnal Estimale model

womiaen] /] [52] [ B> v > e ] J_' -

LST Reconstriction "\
1 Tp on base dates T 00 base dates
missing ploel |

dy, dgrhy L,
window of width x Time series LST
around missing pixzel data
. J _E Identify similar pixels Tmondg
Identify similar Fit ATC/DTE model £ Spatila and Equation 1
pixals 3’ Temparal weight h '
! ] :
3 Optimized Tf on dp
Spatial and lemporal ATCDTC modsl E fom dy, d,....d,
weight parameters !
welghted combination
Optimized T;
| on d,
—E— | T e
Equation 10 - refrence LST
on base dal/time 5 ‘ [Tpond,,atl;] [T,.,und,lll.rtz] [Tl:il'll.}lltg]
2
' :
LST residual of E
residual ol
reconstructed pixel 5 ’::L"rlﬁ:" Tcondpatty I
v
Egiationd 4 ° m::'r""l'::fuhl Equation 2
I
A\ reconstructed /
\ missing picel
Figure6.3: Framework for Seamless Fine Scale LST Optimization.
6. 4Data preprocessing
Prior to the fusion of LST dat a, mi ssing dat e
mi ssing data in the fusion resul t irne ccoonnstternupco

using a newly proposed ATC/ MiT€shbagedataootkten
cover during satBélchle aeg Faolsi tL{atn@dlsiajt medsST, pi
data were identified using the quality assur a
the cloud band was wutilized, while for Hi mawe
resolutioal YCdiosud!l Af or mati on (HCAI) product o |
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Agencynevisat @met )Ahehbundampptal concept of th

i's that the ¥FYecadrmsttrhcTtahdbblas € d(hreef er ence LST

date/lyiqmneaphd an LST Y¥siaduaplr eseméled in Equat.i
Yoo Y 7 Y'Y 6. 1)

The LST reconstruction process consists of tw
base reference LST is conducted. Then, the re

pi xel s.

6. 4Cd1l cul ationbatsedATCEDE€ence LST

ATC model

To optimize LST on pre@liand ofentait el pahidast afd
date stamps are empl ddpead. el odadl oAVII(G2 gnPotldeel sctaund yc
the annual Thiysl es o§c migpPveoki mati ng the climatc
day across a yesaprecialiocn ga nwintahl ya idadyl uenced by
human activities (e.g., NDVI(BerhHtadli ve2 hintvi dg
et al, (RBO2AR)TC model i's approximated by a cos

i n Eq@2a.ti on
Vi 00 0OTYYNOYYoE — 00 — 6. 2)

Her%, denotes the LST cal cObeatdarfsram tHbh&y"ATagy

represents me&anhYadnincuaatle sL SThe yeardlsy gampl esudé

shift. Ddeytoemper ab resolution of Landsat 8 ¢
of available LST measurements from bgndésat ABC
model . Consequentl vy, al | Lands&t02RPSweir maged |
utilized toddlitinhthiAFCstmody. Conversely, for

113


mailto:metsat@met.kishou.go.jp

nighttime data in the prediction year (2022)
mod el parameters d)fMASTeacmRSpP,j xalhd wEjruea téilRe her m
Subsequentblays, e d hree fAéflrtCence LST was computed for

base dates using the ATC model

320 320
e lLandsat e Sentinel-3 day —— Daytime ATC modeling
—— ATC modeling e Sentinel-3 night —— Nighttime ATC modeling
310 310
8T,
____________________ e _—> U PRV S
300 * 300 1
YAST _ee® I
— . * .' | [ —_—
£ — LMAST J 3 ;
- . ! S, |k |
n 0
v 290 |. | R 290 |
| Qe I o I *
| | Fa |
| | | |
280 | : » 280 | :
|
| o * I l l
| ! | :
270 | |« o ’ 2701 e 6 T
Lt ! l !
(1] 60 120 180 240 300 360 o 60 120 180 240 300 360
Day of Year Day of Year

Figure6.4: lllustration of fitting the Annual Temperature Cycle (ATC) model for pixel corresponding
to 22.76°N, 144.04°E using (a) all available Landsat LST measurements spanning from 2013 to 2022
and (b) SentineB day and nighttime LST data encompassing all albkgldata in 2022.

DTC model

For opti mizathiowunr | ¢yf LfSiThnel ag@aloem t he predicti ol

fine tempor al r e8s od eaud s toant ioofn aHiymaswaatreil | i t e. Th
characterizing the diurnal cycle of L &®e,] swa s
Hi mawardiata. This model accounts for th&aomean
peri od, i ncoppoirfhtcngnbwmalkri es influenced by m
activities (e.g., NDVmagbirleiltay ) veThea mbH® apaddald,
et al, Wwa908pplied due to its stabl e Dfuiatnt iern g ac

(20.12)yhe model represent’h fMo®©amddayni gnet tLiSmie clh

accor&ngrbas presente@3)i(@6)Equations. (

Yi YOO Y "YOé YOO RYGOO (6 3)
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)

Yy YOO Y YY YAT 606 0o Yo ———hYOOO (6. 4)

Wher e,

1 -0 o 6. 5)

1
1
<

wéi Qd o (6. 6)

Il n the DWC MoGenld; "YOOdenotes daytime and ni ght
"Yo©epresent tYme bDhethemparabddurse tahreo utnidiYes uonfr i
represents the daidleynoamp! ittiuncke odf theFYdayt et
di fference between LST adi sdinc a ts e s Talmad nfeie tinti itnmugme
DTC model for each base date was carried out
date g65de spl ays an example of fitting the DTC

144. 04AE on January 6, 2022.

310
e Himawari-8 —— Daytime DTC modeling

— Nighttime DTC modeling

+—— Taprc »e Twore —————»
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Figure 6.5: Sample Diurnal Temperature Cycle (DTC) model fitting for pixel corresponding to
22.76°N, 144.04°Rising hourly Himawari 8 LST data on January 6, 2022.
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6. 4E8ti mating LST residual term

As mentioned above, the ATC and DTC based ref
The day and hourly specific residual associat
(e. g., NDVI , relative humhei agtanatd bh&maanohobh

based reference LST can be expressed as:

TWr Y YR g (5.7)

whelr'¢9yi s the difference between the actwual LS
Fi g64eaenkdi g65 &i s the actual LST obt'#i pedsftbm
ATC/ DTC based reference LST. Assuming that s
variations, LST resi dujgl)s cfamr bmi sessitngnad setda fgi
similar clear sky pixeeshpnUgbaegbtéfid enotvii mgt evd
residual from the surrounding similar pixel c

centr alYfspixeedn be estEgmatte®8.nusing

T Wer B 1Y (6. 8)

Wheorgis the difference between actual LST anc
pi f,elandepr evea gtbd mpt ael TOj] ) denti fy pixels sim
pi xel, the shasnadrne tdhreovdsadea wenl avphesd @YW PHEd. Thi
selects piXxX¥lksp sbtyi gf Wi pFOwheYey pan®™ 5 7 i s

the ATC/ DTC base reference LST of the adjacen
respectiisvetllye st andao &bOdYe&vSiTa twiiarh i onf tthhee Imosvi ng
the number of «cl ass t 6 oesaucbhd isviingiel) apii Xpeidxsane & er

degree of similarity of each similar pixel to

and spati al simil| ar@atoy .e tF od |ltohwdi 2n€gP & dhiea | s taunddy to
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bet we ¢ nshitnhiel ar pi xelc(Gaddceant rlaé¢ egtxiehatéed usi

ang 10
O p W W W 0 T 6. 9)
O Yy 5 Y 1 & (6. 10)

wh edaendd e n dthees pi x e s il prdidkdi o nmofv i tnlge ,wn"d dyo W

and y prepresents the bajstph xef esemceatSpiréelth
respectively. Since tempor al similariYty fi s a
and y pantdhe spati al siudilmgp dtyie & fseorkeesptcbément € d r

pi Xaladrhe centSmal | prxeslpat daff ame nctoenzmP awedq Exslsi ng
hi gher giemirlear iotf y t o atsh ea arfednsaurlisiriagr g ieRxeeswt eraigetitti.n g

value of all the weiiglstts mtad é@dloverestn @Dl .an(d2 A0 6 )

1 pfb 7B — xEA®A O 11p © 6. 11)

6. 4L&T Optimizati on

This stage involves the ptreedipgtedincofomodat ¢.

t wo broad approach to LST optimizationscdlhe f
LSTs (FnCs) from at | east-sdc¢aloe KbS®E prd-esqgt afl ic
LST QBBEx ampl es i ncl(uzdheu ESTARIENDFRINE )et , albnd 2
EASTARFIManuar et Tahle. ,s e0Oo2nOda)approach co#wmlciahes

LST (FnMs) on one base datscwiehL&8Tp&aMnCej ma
dat e, al onsgc aMiet ML 3o aprimseed c at e fLBF ©@en ([ WuSé&t TF
al . ,. 2DA&)strength of the first approach | ies

prediction dates, facilitated by a scale func
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used 1 n H®AWRRKAT., a |imitation is the sisgmnilfei c
LSTs, which can be -&a:sGOH S hs aatse | 1l:i5-8:) H Loana8d)fla:a 0
depending on thkeesatebhdtapppooasaxcdsdrg alp else tt Wese
coasca&l e LSTs by isnctarloed ulcS Tn gd amead.i uF r  ksncsatl aen c ¢
LST from Sentinel 3 satellite reducesi aheerah
only oneespcaailre olf ST ,i npotentially missingsdalna

LST between base and prediction dates.

The optimization process for diurnal LST pred
optimi zd gl ef iNn®T on the predictiesmrcatdtaetd Sdandn

predictQon Adbpting a hybrid approach, | SFAT \
pairs of FnMscdloeptr®Hiwhi fkemempl oying the fra

fine, medi wm,alaend ScTodrosre di ur nal prediction.
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6. 4RBfi nement

Although previous methods like SADFAT and STITFM attempted to reduce bias hscihe
predictions by incorporating information fraspectrally similar surrounding pixels and introducing
conversion coefficients, they were unable to completely capture thdWia®t al., 2015) This
inefficiency stems from factors such as the incorrect selection of neighboring pixels with similar
spectral characteristics and the omission of key variables like elevation, wind speed, and humidity
differences across the study af@aian et al., 2018; Wu et al., 2015hese factors impact the model's

accuracy, leading to either overestimation or underestimation of prediction results (Wu et al., 2015).
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In this section, we address the resulting bias in model predictions by minimizing it through the
estimation of model residuals and redistributing them back into the model prediction. The summation
of fine-scale LST within a mediusresolution pixel shouldlieally equal the mediwscale LST value

plus any systematic bias introduced by sensor differences. Thus, as descEQedtion6.14, the
residual resulting from the LST fusion model can be captured at a coarse or medium scale from the
difference betweefine and mediunscale LST on the base and prediction dates.

%3@ (d) ah(g (61 4)

Rep(d) = AT(d) -T(d)
Given that the estimated residual is captured at a coarse scale, we leverage the inverse distance
weighting (IDW) method integrated with spatial autocorrelation to distribute them to the predicted
fine-scale LST o2 . Initially, we estimate the empirical variogram from coessale residual data

to understand their spatial autocorrelation. This information guides the derivation of varlmagead

weights for each residual, taking into account both distance and sekii@inships with surrounding
residuals. By adjusting the IDW weighting formula to incorporate these varidggaed weights, we

ensure that spatial autocorrelation influences the distribution process. Using this modified IDW
approach, we distribute resials to the predicted firscale LST data, considering both local and
global spatial patterns captured by the variogram. This approach to residual distribution helps mitigate
the block effect that might arise from directly adding the resif@an et al., 2018)

6. 4A6curacy Assessment

6. 4./Mccluracy Assessment of Reconstruction Mett
The accuracy of the #hawley recooduocedt ADG/ Dned

compared with the Random Forztsdo (RiFd hDuwmaslre d(hame
estimated temperatureYao fédter.aelnlchdsa2&EE3 )ne t metdh @
a revised version of the LST |Iinking model pr

to reconstruct missing pixels. This model i nc
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NDVI, EVI, solar radiation factor, albedo, el
relies solely on LST data and cal cul ates the
from two adjacent days. pA odyyenda nairco ummodv itnhge wminsds
temporally similar pixels are identified, an

wei ghted average of the surrounding pixel s’ L

These two methods were selected due to their
met hods. The ETD method outperformed Remot el
Reconstruction (RADAST) and I nter pologpteiddubnyo f

et al .an2017) no ,etr emad pec(t2i0viedl)yb.a skidminmea rhlayd, atcl
rel ati REIEE bbwup to 1.35K when reconsAS ulcSTed

da{dhao & DwWamn, t202@) dsyed trheet RdFd i ncor por ates
reconstruction, while ETD relies solely on LS
15 by 15 kilometers area covering thetHKewl won
di stinct devel opment regions within the stud
deviation of LST di(se¢Feiigbwtei oo tohf dahyet itmeo aanrde a
were reconstructed, and atsh ee vpaelrufaotrenda nicre toer nesa
and predictiomsgqaacera®MSEsi mgppndR mean average e
out by artificially introducing missing data

9 0 %) oveyr Seaedidismenld -Bi mawardiat a. The reconstr
compared to tfhreeomrdatiaal Ax| bamddsat data i s on

evaluation of nighttime p8r aodm&d e inlss Te.r e
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Figure 6.6: Spatial distribution map of two regions, each measuring 15 km x 15 km, within Hong
Kong (a), showing the cloufilee Landsat 8 LST of the subregions: (b) Kowloon district and (c) Hong
Kong Island. Histograms illustrating the LST distribution in each redid) Kowloon and (e) Hong
Kong Island.

6. 4.Ms.2essment of Accuracy of Fusion Model

The newly introduced reconstruction MmMESRAT) w
alongside the estimation of model residual an:t
against contemporary fusion model s, i ncluding

Subsequently, the diurnal Larrd tHher fsd awed yT eampeear
I n the afsseémcé SAf diama in the stuwysvaaleuaat etdh eb
on stuWerg &ty ahBai( 20t14.al Thi(s20dwagl uati on i nva
optimized LST data with LST8 olmagengd Mebmiths
Mean Square Error ( RMSE) , correlation coef fi
Di fference (MABNnt agedofhemigpseing data in the f

assessment .
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Due to the unacaillealiSITi tdyataf afti mem hourly resc
the optimized hourly LST was based on its <co
Aut omated Weather Station (eAW(Ber gdtaaAlTg .s &Amv AWS a
station, and the temperature value from this
stations to compute @&AT. Similarly, the optim
|l ocation was eusttad @empautlkeaseeldlSTh for various s
coefficient (r) and )oedffi ®L®htamd &RAT ewenri @ as
measure the accuracy of tBeuopnidmidagdels3®UAE i th
of TKL as the preferred reference rural site
| ocal climate zone the siRatsieon BICZ10) asainfdi ad
temperatur e. FurtheBTeprnedattboass of nholure g c
Ssubur ban, and rur al st atSi @ansa.ndF dlalHKWOI( i@ $§t3ceh ois
the urban reference, while CC and LFS statio

points, respectively.

6. Resul ts

6. 5Atcuracies and processing times of Ts reco
Comparing the performance of ATC/ DTC, RF, and
pi xels across different scal e8s, (Seldmte anreche tHi ma w
8 sensors over Kowloon and Howmpge Kiommgi tiys | aindt h
met hod over TRE ATG/ ETO. met hod consistently ou
and medium scal e LST ¢8e caonnds t-3 eutt iti @oenl v Hstghm aavaenrc
values of 0.88, addoD. PLABDs®BP7f rSedaynieme ar
LSTs, re€pereceirsely, ETD vyisegludaerde Ivoaweure sa vodr adg €8
8) and 0.90, 0.93), Owl®i5l,e ORP3slhcwad i BRguarea s
values of 0.85%, a0d8®. @8Bands &®), f0or@9chanyat. i®@ ghH &
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reconstThiecstea ornesssul t s suggest that the ATC/ DTC

fine scale LST dat a. ETD has a | ower perform
strength of ETD method is in abil ihtey nhios seisntg n
from pixel values from adjacent dates. Howeve:

(16 days) which could | ead to high bias in th
the RF based comeit dodealass a result of error p
predicting variables |ike solar radiation r et
flux (DSSF) at 5km spatial resolution, pPa)OS 3
that are used in fitting the |inking which ar e

to fine and medBumndc-8hedéahsBenttnen respect

For Hi-fhawansobasedhem&®RtFhod outperformed ATC/ DT
an-sQuare of 0.91, 0.91, and 0.95, 0.93 in da\)
sampled Kowloon district andoHetmhe Kdadng tl ©oInand
data employed by the RF method compared to AT
LSdat a. However, the accuracy of t he -sAqCd rDel Co f
0.89 and 0.90 acreds g amagreysi.n gl hmi sasicrug aiix s o f

| ower than those of reconstructing nightti me

vegetation cover, and | and cover types hodudrsing
decrease as the percentage of missing data in
10% mi ssing data and | owest at 9-B%) mi ssing da
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Table 6.2: Comparison of of the three methods for reconstructing missing pixels indose
Landsat 8 LST data, medium scale SentBeBST and coarse scale Himaw8rLST on October 21,
2022

Landsat8 Sentinei3 Himawari8
RF ETD ATC/DTC RF ETD ATC/DTC RF ETD ATC/DTC

Daytime  Kowloon 0.85 0.86 0.88 0.88 0.9 0.91 0.91 0.87 0.89
(10:00) HK Island 0.88 0.90 0.91 0.9 091 0.93 0.9 0.88 0.9
Nighttime  Kowloon - - - 0.89 0.95 0.95 0.95 0.91 0.92
(22:00) HK Island - - - 0.88 0.93 0.94 0.93 0.9 0.9

The processi ngretciomesst roufc ttihoen tniieritehaordes ve.e1 pide $ & &
processing time of ETD based model however 1is
met hods are solely based on LST data by capit
However, ATC/ DTC bast preddbosds ihrag ttihme .f alshies i
ATC/ DTC base LST is wused to fill the missing
i mproving the accuracy pafocpersesdicotmpan etda k eos RIFe
have to optimize accuracy of the missing dat

regression model

40 - Daytime Kowloon Daytime HK_Island
%35 -
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£
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g
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§ 15 4
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o 1 e 168 LEE
0
RF | ETD |ATC/DT RF | ETD |ATC/DT RF | ETD |ATC/DT
Landsat-8 Sentinel-3 Himawari-8

Reconstructiuon Method/Source of LST

Figure 6.7: Average Processing time foeconstructing missing data in LST of sampled region
(Kowloon and HK Island) for the different methods.
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6. 5FRne Scale LST Prediction on prediction da

6. 5.Reclonstruction of Missing LST Pixels on Bz
To pr escicatl ef iLrSeTs f qX), t we haeedetd gdates of FnM

|l east two base datsecsa,l eallLoSnTg owittah nae dmeochi urhe p
suggested using base dates closest to the prec
dat eésh wiai rs of -sfcianlee alnSAT smefdeiautrur i ng c¢cl oud <cov
collected datéa, 3 wet fionesdal maTasSWlseneér om Landsat
AanA ad 6.4% and 3.7% missing dat as,can es pdeacttai

AanAhad 45.70% and 30.32% missinecddtea,L SWsi load

had 3.10% m$wslsd edqgu pn txley,s . we utili zed the ATC/ D
dat a, achieving seamless prediction ofFitghue eL S
6. 8

Table6.3: Percentage of missing data in base date LSTs
Date ID Acg. date Time ofday % missing L8 Missing S3 Missing H8

"H 06/01/2022 10:48 6.4 45.70 -
"H 11/03/2022 10:48 3.7 0.00 -
"H 21/10/2022 10:48 0.00 0.00 0.00
"H 24/12/2022 10:48 0.00 30.32 3.10

Figure6.8: LST map of study area on base dates containing missing data (row 1) and reconstructed
LST with all gap filled (row?2).
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