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Abstract

Present and tuture urban climate
simulations in a tropical megacity

The effects of urbanization on the present and future atmospheric environments of
cities in tropical areas remain uncertain. We introduce a general method for mod-
eling the urbanization effects on present and future climate that can be applied to
any city. We apply the model to Greater Jakarta megacity for current study. We
introduce an approach to derive 1-km scale urban parameters from globally avail-
able satellite imageries for use in numerical mesoscale weather model. It showed
that urban parameters made from global datasets could improve performance of
the weather model and can be used as a substitute when no real building data are
available. Using the urban parameters, we conduct simulations for 2006-2015 as
present and 2046-2055 as future urban climate condition. Global climate change
scenarios (RCP2.6 and RCP8.5) were coupled with distributed urbanization sce-
narios (compact and business-as-usual (BaU), based on projections of future urban
parameters and anthropogenic heating) in a mesoscale weather model. Despite
the predominant influence of global effects, the urban effects of individual grids
were spatially varied. Finally, we project the future heat-related mortality risk
based on each future scenario’s temperature.
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Introduction

1.1 BACKGROUND OF STUDY

It is predicted that 68% of world total population in 2050 will live in urban ar-
eas (United Nations, 2018) and most of the populations will reside in megacities.
The vast portion of megacities with more than 10 million population is currently
located in Asia as shown in Figure 1.1. As mentioned before in 2.2, the major en-
vironmental impacts of urbanization is inadvertent modification of urban climate
due to increase of heat and pollutant emissions, and changes in surface cover of
built-up areas. Furthermore, global climate change will affect vast majority of
population in the world, including urban population. Previous research in analyz-
ing the relation between global warming as background temperature increase and
UHI phenomena stated that a megacity like Tokyo metropolitan area suffers from

1.7°C per century temperature increase (JMA, 2011), surpassing the background



City population:

@ >0 million
@ 5 - 10 million
@® 1-5 million

Figure 1.1: Urban population size in 2018 (United Nations, 2018)

global temperature increase of 0.78°C per century. Kusaka et al. (2000) estimated
the historical change as well as the spatial distribution of daytime UHI intensity
by numerical simulation and showed that the land-use change during the past 85
year in Tokyo megacity generates daytime UHI intensities of 2-3°C on average
and 3-4°C on maximum. Based on both global and local urban effects, urban cli-
mate analysis for present and future in cities -especially those in Asia where rapid
urbanization is happening- is one of the most siginificant discussion to realize cli-
mate change mitigation-adaptation efforts in urban area (IPCC, 2014). Subject to
further investigation, even though the urban effect to the global climate change
effect can be straightforward for ambient temperature, the interaction itself is
under non-linear dynamic mechanism (Lee et al., 2017).

Current Asian megacities (e.g., Beijing, Shanghai, Manila, Jakarta, Delhi,
Mumbai) are growing in economic and have urban population growth rate of more
than 2.5% yearly, thus analyzing urban climate change in these cities are neces-

sary. Most of these cities are located in (sub)tropical latitude and unfortunately,



researches regarding urban effect in these areas are only make up less than 20% of
world’s total studies (Roth, 2007b). Regardless of high rate of urbanization, there
are several factors causing the lack of scientific research and public awareness on
urban effect and urban climate changes in (sub)tropical areas following study by

Emmanuel (2016) as follows.

1. Background climate
Convention on global climate studies presumed that there is little influence
of local urban effect on global climate change (Parker, 2010; Trusilova et al.,
2013). In addition, UHI intensity trend as profound evidence of urban effect
in tropical region is comparably smaller than those in temperate and dry cli-
mate (Varquez and Kanda, 2018). These statements give strong assumption
that the urban area is concerned as minor effect in climate studies. Hence,

further tropical urban climate research remains weak and unknown.

2. Technical limitation

In indoor thermal comfort case, previous study showed that in tropical re-
gion’s medium air temperature (i.e., 30-35°C), natural ventilation becomes
less effective (MacGregor and Nieuwolt, 1998). Active cooling is the main
strategy for urban tropics. Properous tropical megacities such as South East
Asian (SEA) megacities tend to do active adaptation strategy (i.e., using
energy for cooling) which is quite problematic. Study by Yau and Pean
(2014) said that in every 1°C increase on outdoor temperature will cause
2% drop in split-type air conditioner coefficient of performance and results
in increase of electricity energy to achieve expected indoor thermal comfort.
Thus, will generate more sensible heat to the atmosphere.

Further consent comes for urban data scarcity in developing countries (e.g.,
urban land cover map, 3D buildings data, future urban planning master

plan). Urban climate study is very much sensitive and highly depend on data

3



availability. Even though these data eventually can be acquired through co-
operation with local government or urban planning stakeholders, the process

are quite demanding (i.e., in perspective of time, money, labor).

3. Institutional issues
It always been missing link between scientific communities and local stake-
holders in communicating scientific knowledge to real policies implemen-
tation that is often directed by city government (Rosenzweig et al., 2015;
Ren, 2017). Another issue regarding the commitment of creating urban
mitigation-adaptation policies on climate change in Asian megacities are
still limited (https://www.c40.org/). Here, government shows large por-
tion in establishing the commitment and policy in creating climate change
resilience city. Therefore, supports and funding for building more public
knowledge and awareness on urban climate are strongly depend on institu-

tional commitment and policies.

4. Socioeconomic issues
As mentioned before, urban tropics have warmed to an extent that passive
adaptation in tackling thermal comfort is already exhausted. In addition
to excess heat emission, the use of active cooling is quite dubious for such
developing worlds. High economic gap in the population of these developing
cities put aside the lower-income urban dwellers without access to air condi-
tioning facility. Thus, bring this matrix of population into thermal-related

risks.

1.2 OBJECTIVE AND IMPORTANCE OF THE STUDY

More recently, questions have been raised about the background climate dominacy

over urban effect, especially in those rapidly growing megacities. Study conducted


https://www.c40.org/

in fast-growing subtropical city Hanoi by Lee et al. (2017) and Ho Chi Minh city by
Doan and Kusaka (2018) give scientific evidences that UHI in these two cities are
approaching a significant increase of 0.5°C in next 30 years. This value is cannot
be neglected since it corresponds to 20-30% of global warming effect. Thus, this
research is important to ascertain the evidence in a tropical city that prospected
to expand hastily in near future.

Regarding the issues stated on technical limitation, this study also aims to
develop a realistic urban data useful for urban climate numerical simulation solely
from globally available and open source datasets for present and future urban con-
dition. The mitigation strategy in this study is designed to follow Representative
Concentration Pathways (RCP) global emission scenarios. So far, studies on com-
bining global climate change with local urbanization scenario are conducted using
locally available built-up area master plan Lee et al. (2017); Doan and Kusaka
(2018); Yang et al. (2016). However, in this study we attempt to develop local
adaptation scenario in form of urban morphological expansion and AHE (i.e., pas-
sive adaptation strategy) to support RCP’s target is derived from global Shared
Socioeconomic Pathways (SSP). We aversely using any data from local govern-
ments or stakeholders to optimize global implementation. The framework is de-
signed to provide a generic, repeatable, and realistic approach to futuristic urban
climate studies.

Greater Jakarta urban agglomeration, including second largest megacity
in the world of Jakarta and its satellite cities, is considered well-suited in repre-
sent a rapidly growing megacity in tropical area and is selected as this research
case study. Despite still low-number of researches focusing on urban effect in
Greater Jakarta, new report of C40 cities (2018) stated that Jakarta’s govern-
ment currently put active concern and has strong mayoral power on buildings and

transportation regulations. This open a huge opportunity for this study to be



implemented as one of consideration in creating future Jakarta urban planning
assessment. By introducing the prime analysis on future-heat related mortality
in 1km high-resolution in Jakarta, this study should make a major contribution
on building social concern and public awareness of urban climate study impor-
tance in Jakarta. Furthermore, the results of this study are expected to fill the
communication-gap on urban climate between scientific communities (e.g., me-
teorologist, climatologits, enviromental scientists) and design stakeholders (e.g.,
urban planners, architects, government officials, policy makers).

Recently, many researchers efficiently analyzed the urban climate by using
state-of-the-art numerical weather and climate model which capable on medium
to fine resolution such as regional climate model (RCM). RCMs are 3D weather
models which encompass regional or continental scale -medium resolution- up to
city scale —fine resolution-. One of the sophisticated mesoscale model widely used
in urban climate research is Weather Research and Forecast (WRF) model. WRF
is capable of coupling with various UCMs and will be further explained in 3.1.
The coupled model can provide comprehensive urban climate study for present
and future condition at city scale up to urban region (Table 2.1) which is suitable

for the purpose of this study.

1.3 SCOPES OF THE STUDY

1. Chapter 1 : Introduction

Chapter 1 includes background of study, objective, and importance of study.

2. Chapter 2 : Literature review
In chapter 2, the theoretical background regarding urban climate fundamen-

tals for current research is presented.

3. Chapter 3 : Urban roughness parameter data construction from global satel-



lite imageries

Urban morphological data is fundamental requirement for numerical urban
climate simulation. This chapter focuses on 1km resolution urban roughness
data development in megacities exclusively from global satelite imageries.
The concept is to find empirical function between satellite imageries and
real urban parameters from cities so that the function can be applicable

generically in global extent.

. Chapter 4 : Satellite-derived urban roughness parameters performance in
WRF mesoscale model

Upon completion of satellite-derived urban roughness parameter conducted
in chapter 3, the performance of the parameters in mesoscale model WRF
coupled with single-layer UCM is validated and analyzed in this chapter.
Validation uses comparison of near-surface temperature and wind speed be-
tween simulation and 1-hourly observation data taken from urban meteoro-

logical weather station in Jakarta.

. Chapter 5 : Present urban climate reconstruction

In chapter 5, the study expanded into projecting future urban climate, where
this chapter on reconstruction of current historical climate from 2006-2015
(i.e., 2010s) which will be reference as present climate on the next projection

step.

. Chapter 6 : Future urban climate projection

This chapter is the main goal of this study. Projection to the future ur-
ban climate in 2046-2055 (i.e., 2050s) is conducted in this chapter. Future
climate change effect is conducted using pseudo global warming dynamical
downscaling method. Local urbanization projection is focused on method in

constructing future urban parameters and AHE, based on socio-economic



parameters projection change. The future scenarios are considered as no-

mitigation-adaptation strategy and with-mitigation-adaptation strategy.

7. Chapter 7 : Future heat-related mortality projection
In chapter 7, impact on heat-related mortality due to urban climate change
is analyzed. Basic equation of optimum temperatur and heat-related mor-
tality relative-risk is used to project future excess death due to temperature

increase in older population group.

8. Chapter 8 : Concluding remarks
This chapter concluding all previous chapters in this study. Recommenda-

tions related to current study and future works also adressed in this chapter.

1.4 SUMMARY

Overall, this chapter comprehends objective, challenges and importance of urban
climate study in a tropical megacity. Urban climate modelling analysis through
numerical simulation methods for current and future urban climate are briefly
explained in this chapter. This chapter also offers concept of connection between
scientific and general communities in communicating and building public aware-

ness on urban climate problem.



Theoretical framework

2.1 DEFINITION OF URBAN CLIMATE

Climate is defined as average weather condition for a particular region and time
period, usually in a long time-span around 30-years. It can be in the form of
averages of temperature, precipitation, humidity, sunshine, wind velocity, and
other meteorological parameters that occur over a long period in a particular place.
Based on spatial coverage, climate can be classified as macro/ meso/ regional
climate and local climate (i.e., boundary layer climate). Boundary layer climate
is defined based on general and specific condition of climate in its atmospheric
boundary layer.

Atmospheric boundary layer (ABL) is the boundary layer as that part of
the troposphere that is directly influenced by the presence of the earth’s surface,

and responds to surface forcings with a timescale of about an hour or less (Stull,



2009). These forcings include frictional drag, evaporation and transpiration, heat
transfer, pollutant emission, and terrain induced flow modification. Urban bound-
ary layer climate (hereafter, urban climate) is an interaction of physical, chemical,
and biological process operating to produce change/ affecting the state of urban
atmospheric condition and create a distinct urban weather characteristic for long
period. Scale of urban climate study is varied from urban region to city block,
with classification of urban morphological units as defined in Table 2.1.

As other layers in ABL, urban layer can be divided into several sublayers
following their special characteristic. Most of the interaction between surface and
its ABL happened in surface layer. Surface layer occupied 10% of the closest ABL
to ground surface. ABL above urban area has special term of urban boundary
layer (UBL) due to its structure and it is affected by presence of city/ urban area.

This UBL can be defined into 4 layers (Figure 2.1):

1. Urban canopy layer (UCL)
UCL spans from ground to the mean height of buildings. It consists of
exterior (outdoors) and interior (inside buildings) atmosphere and where
human thermal comfort study is mostly taken place. The urban structures
include facet, element, and urban canyon. Scaling parameter in this layer is

zZy and W.

2. Roughness sublayer (RSL)
RSL spans from ground up to 2-5 times the height of buildings including
the UCL. In the RSL flow is affected by individual elements. The urban
structures include block and urban climate zone. Scaling parameter in this

layer is z, zy, W.

3. Inertial sublayer (ISL)

ISL located above the RSL, where shear-dominated turbulence creates a

10



logarithmic velocity profile and variation of turbulent fluxes with height is
small. Urban structures scale in this layer are in regards to combined blocks
or city scale. Scaling parameter in this layer is (z — d), zo, u., 0.. The
atmospheric phenomena happening in this layer is shaping the majority of

urban climate.

. Mixed layer (ML)

Located above the ISL, where atmospheric properties are uniformly mixed
by thermal turbulence and usually capped by and inversion (up to upper
limit of entrainment zone). Scaling parameter in this layer is z;, w,, 8M".

This layer is interacting with other mesoscale climate dynamic.

11
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An urban system is composed of mixed intertwined climatically-active sur-
faces. Urban built-up area is consists of many different urban fabrics (e.g., con-

crete, bricks, sand, etc) which have their own climatic properties including:
« Radiative: geometry, absorptivity, reflectivity, transmissivity, emissivity

o Thermal: specific heat, heat capacity, thermal conductivity, thermal admit-

tance

« Moisture: interception and storage capacity, permeability, stomatal charac-

teristic, chemical nature
o Aerodynamic: roughness, zero-plane displacement, porosity

To an extent of coarser scale (i.e., city scale), there are some important

parameters to express urban physical properties:

1. Plan area fraction (A;)
To define plan view are occupied by element type Ay within a total ground
surface area. The element type can be defined as building, impervious sur-
face, vegetation, or water area. The plan area fraction in this study is mainly
focusing on building plan area fraction (A,) or hereafter, called as plan area

index.

2. Frontal area fraction or frontal aspect ratio (Af)
The frontal area fraction is a necessary parameter regarding urban airflow
and aerodynamic. It indicates the fractional wall area of the buildings to-
wards the oncoming flow. It is the ratio of the sum of wall windward area

of buildings to the total plan (Ar) area they occupy.

3. Complete aspect ratio (Ac)

Complete aspect ratio is defined as total 3D external surface area of all

13
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Figure 2.1: Schematic of typical atmospheric layers above urban surface by (a) day and (b) night.
Taken from Oke et al. (2017)
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elements including the ground surrounding them, to the total plan area

they occupy (Ar).

. Sky view factor (g,,)

Sky view factor is the fraction of the radiative flux leaving the surface at a
single point that reaches the atmosphere above the urban canopy. It value
depends on the position and orientation of surface relative to the amount of

sky obstruction overhead.

. Canyon aspect ratio (H/W)

Building canyons are described by two dimensional cross section, referred
to dimensionless ratio of H/W where H is the height of the building walls
adjacent to the street and W is the width, usually the street’s width. The
canyon aspect ratio is important to define radiation access, shade and trap-
ping, urban canopy layer wind effects, thermal effects at pedestrian level,

and the dispersion of vehicle pollutants.

. Average building height (Haye)
The Hgye is the average buildings height in a unit of plan area they occupy

without mentioning the ground elevation.

. Displacement height (d)

Zero plane displacement height or also called zero wind displacement height.
In a packed roughness elements (i.e., densely built-up area or dense forest),
the top of these elements begins to act like a displaced surface instead of
ground surface. Thus, in urban area, average building height acts as the
displaced surface on the wind flow. The height above surface up to the
displaced surface is called displacement height. This displacement height
also can be defined as the central height of drag action (Kanda et al., 2013).

15



8. Length of roughness element (z)
The shifted height level due to surface roughness at which the logarithmic

wind profile has zero wind speed is defined as zg.

9. Anthropogenic heat flux density or anthropogenic heat emission (AHE)
The anthropogenic heat flux is mainly the result of consumed energy due
to accumulated urban activities that converted to heat and released to the

atmosphere. The (AHE) is expressed as sensible heat flux (W/m™2).

10. Thermal admittance of urban area
Thermal admittance is surface thermal property that governs the ease with
which a body takes up or releases heat. It is the square root of the product of
thermal conductivity and heat capacity (I = v/k-p - c). Also called thermal

inertia.

Stewart and Oke (2012) defines land use classification in more systematic
description following the effect of local ground surface to the microclimate called
local climate zones. The classification is including urban climate zones which
defines a general concept of urban surface area characteristic based on built-up
area morphology. This study is based on several observation-based studies in each
urban climate zone compiled altogether. The study results in a generic range of
urban morphology and heat parameters value that can be practically applied in

any urban studies.

2.2 URBAN EFFECT ON ATMOSPHERIC ENVIRONMENT

The most discussed urban effect is urban heat island (UHI) phenomena, a condi-
tion where urban area temperature is higher than surrounding rural area (Figure
2.2). UHI is one of the example of inadvertent climate modification (Oke, 1978)

as we cannot return the urban condition back to before its urbanized. There

16



are several mechanisms that cause UHI as mentioned in the study of Varquez
and Kanda (2018). The first mechanism is due to increase of sensible heat flux
in urban area from anthropogenic activities, reduction in evapotranspiration, and
turbulent-induced heat transport. Second one is due to increase of thermal inertia
in urban area. Complexity of urban surfaces related to built-up area configura-
tions and added with buildings materials caused urban area as a heat-trap. Thus,
urban area will have higher resistance to temperature change or in other words,
contributes to higher thermal inertia. Due to its high thermal inertia, temperature
in urban area during nighttime is higher than its surrounding and emits higher
longwave radiation. This is why more of UHI are observed during the nighttime
or nocturnal UHI. The complexity of urban also allows the third reason of UHI.
As the urban area is strongly varied in buildings shape and morphology, urban
area creates a rougher surface compare to its surrounding. Urban area as surface
roughness elements then act as aerodynamic drag and prevent cooler airflow from
outskirts entering the city. Other atmospheric environment change due to urban
effect is related to urban-induced localized precipitation (Bornstein, 1968; Niyogi
et al., 2017), urban breeze circulation (Hidalgo et al., 2010; Eliasson and Holmer,
1990), sea-breeze penetration over urban area (Yoshikado, 1990; Simpson et al.,

1977), and air pollution (Vardoulakis et al., 2003; Guttikunda et al., 2014, 2003).

2.2.1 AIRFLOW IN URBAN AREA

As the wind flow through a surface, the roughness of the surface act as obstacle
and form friction between the surface and the atmosphere, thus change the wind
velocity profile as illustrated in Figure 2.3. The wind velocity in certain height u,
is defined as exponential function of height as vertical distance from the surface
reference as written in wind log-law equation 2.1 considering displacement height

d and roughness length of momentum z,. This equation is generically applicable
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Figure 2.2: Schematic figure of UHI during nighttime calm and clear conditions in relativelity
plain topography urban area. (a) Isotherm map illustrating typical features of UHI and its cor-
respondence to urban elements. (b) 2D cross section A-B of both surface and near surface air
temperature. Taken from Oke et al. (2017)
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Figure 2.3: Schematic of windflow through buildinglike array. (a) Log-law profile before passing
through buildinglike array and definition of surface dimensions used in urban morphology param-
eters, A, = Ap/Ar, As = Ap/Ar. (b) Change of 1D wind profile after passing buildinglike array
where z, defines inflection point and log-law profile is interpolated to d + z¢ point. Modified from
Grimmond and Oke (1999); Oke et al. (2017)

in ISL.

u 1 —d
L —ln(Z
U, K Zg

(2.1)

where u, is friction velocity and k is von karman constant (0.4).

Urban area aerodynamical properties in term of displament height d and
roughness length of momentum z, varied much depending of the urban morpho-
logical characteristic. One study by Stewart and Oke (2012) defined local climate
zones (LCZs) which classified land use depends each local climatic condition, in-
cluding urban climate zones which is defined in 10 classes of LCZs. The mentioned
study is based on several individual studies compiled altogether to find average
range of important urban morphological parameters. Urban parameters for each
LCZ is defined in corresponding study. From the study, it is known that a city is
contained with many variations of urban LCZs with each LZC has distinct rough-
ness value characteristic. The roughest value happened in LCZ 1 and 2 (i.e., high
rise and dense buildings) which usually happened in the city center where the

business areas are located.
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Urban as roughness element and heat source affecting the atmospheric
above by inducing turbulence and turbulent exchanges that determines the whole
urban boundary layer nature. The most widely accepted framework of turbu-
lent exchanges relationships in the ISL is the Monin-Obukhov Similarity The-
ory (MOST). Studies by Moriwaki and Kanda (2006); Roth (2007a) proofed that
MOST can be applied in the urban ISL. MOST provides a mean of relating turbu-
lent fluxes to the mean gradient of associated property, and furthermore making
predictions about turbulence intensities and other characteristic of the turbulent
flow. Turbulent flow in ISL can be expressed in MOST by following parameters:
(1) momentum flux of the urban interface on the overlying flow Tto; (2) sensible
heat flux density Qu; (3) effective height above ground (z — d); and (4) buoyancy

ratio g/0. Length scales related to mentioned parameters are described as follows.

W, =+/To/p (2.2)
9, — (2.3)
pCpUL

2

Lo o (2.4)
kg0,
z—d

= 2.
¢ =" (25)

where 0, is friction temperature (K), c, is specific heat of air at constant temper-
ature (Jkg7'K), L is Obukhov length (m), g is gravitational acceleration (ms=?),
and ( is measure of dynamic stability in the ISL (unitless) (i.e., { = 0 for neutral,

¢ > 0 for stable, ¢ < 0 for unstable).

20



Atmosphere

Q*+Q,=Q,+Q, +AQ;+AQ,

Figure 2.4: Conceptual diagram of urban energy balance. Taken from Oke et al. (2017)

2.2.2 URBAN ENERGY BALANCE

Urban energy balance is a fundamental element to analyze and predict urban
climate since the heat exchange and temperature variance strongly depend on
it. The main component of urban energy balance is shortwave radiation budget,
longwave radiation budget, sensible heat flux, latent heat flux, advective heat
flux, and anthropogenic heat flux. Equation 2.6 shows the basic energy balance

equation which also applicable in urban area as illustrated in Figure 2.4.

Q. +Qr = Qu+ Qg +AQs + AQa (2.6)

where Q, refers to total radiation energy flux, Qg refers to anthropogenic heat
emission flux, Qy refers to sensible heat flux, Qg refers to latent heat flux, AQs
refers to the net heat storage by all built-up elements, and AQu refers to the
net energy due to advective heat energy transport (i.e., AQa can be neglected by
assuming extensive and homogenous urban surface).

Radiation from the sun is the most important driver of climates near the
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ground. In urban area, the complexity of morphology gives a distinctive feature
of solar beam blocked by buildings and cast shadows in buildings canyon. Urban
radiation balance is fundamental aspect to determine the urban energy balance.

The basic principles of surface radiation budget on a surface is explained in equa-

tion 2.7.
Q. = SW, + LW, = SW¥ — SW' 4+ LW+ — LW" .
Q. = (1 — a)SW* + eLW* — eoT! 20
where
SW¥ = downward shortwave radiation
SW' = upward shortwave radiation
LW+ = downward longwave radiation
LW' = upward longwave radiation
a = surface albedo
€ = surface emissivity
o = Stefan-Boltzmann constant (5.67 - 1078 Wm—2K~*)
To = absolute temperature of a surface

The distinct radiation properties in urban area are albedo and emissivity

that can be separated based on urban scale as follows.

a. Urban canopy
The radiation attributed in urban canopy is closely related to urban fabric
albedo and emissivity. In addition, urban structure, including roof facets
and inter-element spaces incorporate the effects of shadowing and multiple
exchanges between facets. Sky view factor is necessary parameter to deter-

mine radiation properties of urban structures under canopy layer.

b. Urban canyon

22



Multiple reflections phenomena of radiation between two adjacent building
walls is concerned as important part of urban radiation balance (Harman
et al., 2004). This affects the albedo of the urban canopy layer due to

radiation trapping which also increase the urban thermal inertia.

c. Larger urban system (e.g., city blocks scale)
Combined urban structures define an urban system. A block of dense high
rise building will have different radiation properties value with less dense

high rise complex.

d. Urban boundary layer (i.e., mesoscale)
Radiation in the scale of urban boundary layer is closely related with the
atmospheric condition due to local urban effect and influenced by larger
synoptic system. As urban area emits larger concentration of aerosol, it
reduces the albedo and changing the shortwave. Furthermore, greenhouse

gases will affect the longwave radiation.

In a highly complex urban area, the urban energy budget to be solved is
challenging. In numerical model for large urban area, predicting urban energy bal-
ance can be realized through implementation of energy balance model under urban
canopy model scheme (Grimmond et al., 2011). The main equations in the urban
energy balance model includes estimation of radiation heat budget, and sensible
and latent heat flux. Based on defined urban layers, urban energy balance models
can be separated into single layer model (Masson, 2000; Kusaka et al., 2001; Grim-
mond and Oke, 2002; Oleson et al., 2008b,a) and multi-layer model (Martilli et al.,
2002; Kondo et al., 2005; Hamdi and Masson, 2008). Most of the models are using
bottom-up approach on estimating canopy level urban energy balance. However,
in simple urban energy balance for mesoscale simulations (SUMM) developed by

Kanda et al. (2005b,a), the urban energy balance is predicted based on top-down
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approach to calculate bulk parameter components of radiation budget and tur-
bulent heat fluxes. This top-down approach is very much suitable for mesoscale
urban climate analysis due to its practical and computational efficiency.

The terms Qg is defined as the additional sensible heat influx from urban
area or also defined as anthropogenic heat emission (AHE) flux. AHE is mainly
the result of chemical energy or electrical energy that are converted to heat and
released to the atmosphere as a result of urban activities. The energy released
during combustion or energy released due to consumption of electricity for daily ac-
tivities such as building space cooling or heating, lighting, water heating, cooking,
electrical appliances, and bigger scale consumption such as industrial or manufac-
turing. These energy consumptions converted into heat energy which is usually
injected into atmosphere as sensible heat. Energy consumption is greatly varies
depending on the climate of the region, economy condition, and socio-culture dif-
ferences. The AHE is expressed as sensible heat flux (Wm™2) and is included in

the top of urban canopy layer in urban numerical modelling.

2.3 URBAN CLIMATE STUDY

In analyzing weather and atmospheric condition in urban area, one must combine
three basic combination analysis approach: theoretical, observation, and numer-
ical /physical modeling. An urban climate study is determined by theoretical

scientific foundation in order to earn clear objective on:

« properties and processes of interest parameters (e.g., air temperature, tur-

bulent fluxes),
o physical extent or domain on the system which is studied about, and

« strategy for capturing the horizontal, vertical and temporal variation within

the system.
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Theoretical concept become important to understand what supposed to be hap-
pened on an active surface on a state of atmospheric condition and vice versa
while plannig and conducting observation and modeling. Among many theoreti-
cal background fundamentals to urban climate analysis, this study will focus more
on urban area as surface roughness element and heat emission source.

The urban effect phenomena itself is primarily analyzed and known from
intensive observation experiments, from near-ground to towering instruments mea-
surement systems, also from moving observation mounted on mobile devices. The
important and fundamental decisions are the positioning of the instrument plat-
form horizontally and vertically within the urban landscapes for point(s) observa-
tion. A well-positioned observation point could record representative attributed
data of the underlying urban surface. Instruments mounted on observation tower
overlying an extent of urban area and having sufficient vertical scale up to ISL
(Figure 2.5) could give a solid reference on realistic turbulent transfer and energy
balance (Moriwaki and Kanda, 2006). However, analysis of urban effect through
observation itself is limited by the ability of technology to record the effect and
the impossibility of observing the effects of all combinations of urban elements
which are strongly varied temporally and in 3D spatial extent. Remote sensing
measurements from higher atmospheric layers from around canopy layer height
up to space could give more observational data with larger extent vertically and
horizontally. However, data quality acquired from remote sensing broadly inade-
quate in resolution and representativeness of complex urban surface. In addition,
a high spatio-temporal remote sensing technology often requires excessive amount
of cost which considered as one hefty limitation. Practical restrictions on accesing
parts of urban area and urban atmosphere also contributes to the limitation of
observation methods.

Another way to analyze urban effect and urban climate phenomena is
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Figure 2.5: Urban observation tower for urban climate analysis located in Tokyo suburban area in
Kugahara. Picture taken from http://www.ide.titech.ac.jp/~kandalab/

through modelling, physically and numerically. A physical model is a simplified
and/or scaled real-world system. The urban elements (e.g., buildings, tree, street
canyons) are scaled under controlled environment (e.g., laboratory, wind tunnel,
solar radiation chamber) or real atmospheric environment (Figure 2.6). Numer-
ical modelling approaches are aimed at simulating real-world urban phenomena
using set of equations that link urban parameters and properties to physical pro-
cesses (e.g., urban energy balance, urban aerodynamical flow). Similar to physical
model, numerical models can be operated under controlled atmospheric environ-
ment or realistic atmospheric spatio-temporal boundaries derived from observed
meteorological datasets. Through numerical models, ones could analyze state of
the atmosphere in macro/meso scale and its interaction with urban canopy layers
through coupling with urban canopy models (UCMs). Using the coupled models,

the urban atmosphere and surface evolve together in response to dynamic ex-
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Figure 2.6: COSMO 1/5 scaled urban models. Picture taken from http://www.ide.titech.ac.
jp/~kandalab/

change to/from the surface-atmosphere domain. This study is focusing on using
the numerical model of mesoscale urban model coupled with urban canopy model
in conducting the urban effect in city scale. The coupled system is configured
so that a larger scale model (i.e., mesoscale model) provides the upper boundary
conditions necessary for smaller scale model (i.e., urban canopy model), which
in turn provides the lower boundary conditions for the larger model (Oke et al.,
2017). The coupling systems result capable to represent the climate and weather

elements necessary for urban climate investigation (Figure 2.7).

27


http://www.ide.titech.ac.jp/~kandalab/
http://www.ide.titech.ac.jp/~kandalab/

08/02 14:00

[E==———————

sa0's

5

620's

10630'E 106MSE 107°E. 10745

2-m Air Temperature

21 23526 28531 33536

106°30"E 106°45'E 107°E 107*15'E

Figure 2.7: Example of numerical modelling result of coupled mesoscale and urban canopy model
for horizontal wind field (left) and near-surface temperature (right)
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Urban roughness parameter data
construction from global satellite

Imageries

3.1 INTRODUCTION

Currently, half of the world’s population resides in urban areas, and this figure
is predicted to increase to 68% (around 6.4 billion people) of the world’s total
population in 2050, moreover this happening in cities in Asian developing coun-
tries in (sub)tropical latitudes (United Nations, 2018). Despite offering improved
living standards and signifying rapid economic growth, urbanization also intro-
duces social, economic, and environmental threats. This fact places these cities

as the most vulnerable ones on the impact of atmospheric phenomena due to
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urban modifications. One of the major environmental impacts of urbanization
is modification of the urban climate due to the increase in heat and pollutant
emissions, and changes in surface cover. The most widely discussed phenomenon
associated with the urban climate is the urban heat island (UHI) (Arnfield, 2003;
Bornstein, 1968; Kardinal Jusuf et al., 2007; Miao et al., 2009; Oke, 1973; Roth,
2007b; Taha, 1997), a condition wherein an urban area is significantly warmer
than its surrounding rural area. However, most of these studies are carried out on
cities in developed countries and none of them conducted in developing tropical
cities.

Many recent studies have efficiently analyzed urban climate using state-of-
the-art weather and climate models (e.g., mesoscale models), which are capable
of medium to fine resolution. Mesoscale models are 3D weather models that en-
compass regional- or continental-scale medium resolution up to city-scale fine res-
olution. One of the sophisticated mesoscale models widely used in urban climate
research is the Weather Research and Forecast (WRF) model (Chen et al., 2011).
The WRF model can be coupled with various urban canopy models (UCMs), ei-
ther as single (TEB by Masson (2000), 2000; SLUCM by Kusaka et al. (2001)) or
multilayer (BEP by Martilli et al. (2002); NJUC-UM-M by Kondo et al. (2005);
BEP-BEM by Salamanca et al. (2010)). Further inter-comparison performance
analysis among these UCMs is addressed by Grimmond et al. (2011).

Even though some studies recommend on using multilayer UCM for more
accurate modelling, this practice requires high computational demand and var-
ious input variables on building which extremely challenging to be applied in
developing countries. Previous comparative evaluation of several urban land sur-
face models in tropical city reveals that in aggregated neighborhood scale, simple
set of parameters has sufficient performance on representing urban heat flux (De-

muzere et al., 2017). This indicates that single layer UCM which comparably
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more simple than multilayer ones, has great potential to be applied in these devel-
oping cities, and furthermore, globally. However, coupling the single layer UCM
with the WRF model tends to overestimate near-surface wind speeds (Miao et al.,
2009) and insufficiently reproduce surface drag (Nelson et al., 2016). This may
be due to inadequate roughness parametrization and a lack of realistic urban
parameter distribution. A recent aerodynamic roughness parametrization was de-
veloped (Kanda et al., 2013), and spatially distributes these bulk parameters in
SLUCM/WRF was shown to improve near-surface wind speeds in Tokyo (Var-
quez et al., 2015). The necessary distributed urban morphological parameters
are: plane area index, A,, defined as ratio of total building plane area occupied
by buildings to the total floor area; frontal area index, A¢ defined as ratio of
total building frontal area occupied by buildings to the total floor area; average
building height, H,ye; maximum building height, Hy.y; and the standard deviation
of building heights, oy. These parameters are necessary for estimating the bulk
parameters of zero-plane displacement height, d, and surface roughness length, z,,
of building canopies which determine aerodynamic properties in urban boundary
layer.

New land use classification Local Climate Zones (LCZs) (Stewart and Oke,
2012) introduced highly detailed 10 urban cover classes along with each class’
ranged value of morphological, thermal, radiative, and metabolic properties. This
leads to improvement on recent urban climate researches (Bechtel and Daneke,
2012; Ching, 2013; Stewart et al., 2014). Moreover, recent initiative of World
Urban Database and Access Portal Tools (WUDAPT) (http://www.wudapt.org)
project develops a framework on collecting and gathering spatial distribution of
LCZs (Mills et al., 2015; See et al., 2015). The datasets collected in WUDAPT
are at various levels, designated by numbers 0 to 2. A tool for classifying LCZs

in level 0 was developed (Bechtel et al., 2015) and gives better representation on
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LCZs in many cities across the globe (Bechtel et al., 2016; Danylo et al., 2016;
Kaloustian and Bechtel, 2016; Zhongli and Hanqgiu, 2016; Cai et al., 2016). Each
LCZ is assigned a generic range of urban parameters at the lowest level (level 0).
In Level 1, the spatial characteristics of LCZs are refined further based on ran-
dom sampling for a desired study area. The final level (level 2) provides a highly
accurate distribution of LCZs, along with realistic urban parameters. Currently,
only datasets at level 0 have methodologies that can be applied globally. Levels
1 and 2 are still limited to specific cities, and their use requires substantial guid-
ance from local experts. Recent approaches on coupling of LCZs from WUDAPT
project with urban model improve representation of heat fluxes and temperature
distribution (Alexander et al., 2015, 2016; Wouters et al., 2016). Coupling of
WUDAPT LCZs in BEP-BEM/WRF gives better representation on intra-urban
local climate variability and how wind field is modified due to different urban
zones Brousse et al. (2016). The latter study defined urban parameters values by
following designated range provided in Stewart and Oke (2012) LCZ’s parameters
added with local expert knowledge. Thus, each urban zone has one specific value
for each urban parameter required in an UCM.

Present study is focusing on how spatial change of urban morphology affect
surface drag and wind speed for SLUCM/WREF. This is achieved by modifying
urban roughness according to actual distributed 1km bulk urban morphological
parameters. Therefore, this study targets a precise estimation of urban morpholog-
ical parameters from globally available datasets. Furthermore, these parameters
can support urban climate modeler to select more precise value during application
of LCZs in the model. Distributed urban parameters are required for conducting
modified SLUCM/WRF following Varquez et al. (2015). Even though urban cover
in latter work is represented in one urban land use type, the urban morphological

parameters are distributed differently for each grid. Change on urban thermal
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properties and heat budget is not considered at this stage. Thus, effect of urban
roughness modification on surface drag and wind speed can be analyzed defini-
tively. Urban morphological parameters are currently estimated from actual 3D
building data. However, this database is limited to a few developed cities and
remains great challenge to apply the model in megacities in Asian developing
countries that has high complexity of urban morphology. Moreover, we aim to
provide a way to get detailed urban morphological parameters in any (mega)city
by minimizing local expert knowledge, hence it can be applied globally. To achieve
these goals, we investigated the potential of using the several latest available global
satellite images as inputs and later, derived urban morphological parameters from
them.

Landsat 8 satellite mission have been providing latest two-dimensional im-
agery of earth surface in 30-m horizontal resolution since it was launched (Roy
et al., 2014) and also used in LCZs classification (Bechtel et al., 2015). For this
study, using Landsat 8 images as urban cover detection data source, we developed
a method to determine urban cover fraction parameter A,. Later, A is obtained fol-
lowing LES-derived empirical equation on A, — A relationship (Kanda et al., 2013).
Because Landsat 8 does not provide vertical information, other global satellite
dataset is needed to estimate the building height parameters (Haye, Hmax, and oy)
which are core parameters in urban aerodynamic parametrization. Images from
two satellites capable of elevation measurements, the 30-m-resolution Advanced
Spaceborne Thermal Emission and Reflection Radiometer (ASTER) Global Digi-
tal Elevation Model (GDEM) version 2 and the 7.5-arc-second-resolution Global
Multi-resolution Terrain Elevation Data 2010 (GMTED2010), were investigated
for their potential to estimate Hye. ASTER GDEM has a +7.4-m elevation off-
set bias in forest areas due to its sensitive measurement of treetops; hence, it is

expected that a positive elevation offset in urban areas also exists for the top of
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buildings (Tachikawa et al., 2011). On the other hand, GMTED2010 has a coarser
resolution than ASTER GDEM has, but it provides new, systematically derived
global topographic data for regional applications, and their errors are well within
the requirements of the product (Carabajal et al., 2011). It showed that by sub-
tracting ASTER GDEM positive offset by GMTED2010 minimum product, we
can estimate the distribution of H,ye in Tokyo. From H,y data, Hpax and oy can
later be estimated (Kanda et al., 2013).

Another satellite imaging system that is widely used for detecting urban
areas is the radiance calibrated 1km nighttime light (NL) images from the Defense
Meteorological Satellite Program Operational Linescan System (DMSP-OLS) pre-
pared by Hsu et al. (2015). An analysis of the Anthropogenic Heat Flux (AHF)
distribution in China’s large cities showed that the DMSP-OLS nightlight image
brightness was significantly correlated with higher population density compared
to its surrounding (Chen et al., 2012). Higher NL radiance reflects where energy-
intensive commercial urban area located as shown in recent study by Dong et al.
(2017). In most Asian megacities, this energy-intensive densely populated urban
area is characterized by high-rise buildings. Thus, we assume that NL images
have high possibility as another predictor in detection of Hyye, along with ASTER
GDEM and GMTED mentioned before.

By combining all these satellite images, we aim to develop a method of
estimating the actual spatial distribution of important urban parameters required
for applying new urban aerodynamic parameterization for WRF/SLUCM in de-
veloping Asian megacities, where 3D building database is lacking. This study also
attempts to highlight tropical urban area where there is still few study regarded.
For performance evaluation and validation, we conduct this study on Jakarta,

Indonesia, which is considerably fit for our purpose.
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Figure 3.1: Workflow of estimating A, from Landsat 8 satellite imageries

3.2 ESTIMATION OF A,

The process to estimate A, occurs in two steps. First, a land-use classification is
conducted for the target area at the same spatial resolution as Landsat 8. Later,
the parameters are estimated using a derived empirical relationship between the
parameters and the fraction occupied by specific urban land use types in a 1km
grid. The process is discussed below in detail and the workflow is illustrated in

Figure3.1.

35



3.2.1 LAND USE CLASSIFICATION

For land use classification, we used supervised classification which are commonly
incorporated in any GIS processing software. In this study, we use a built-in semi-
automatic classification (SCP) plugin available for QGIS Software developed by
Luca Congedo (2016). We used SCP version 4.3.0 for this study. First, satellite
image enhancement was conducted by converting satellite digital number (DN)
reflectance to top of the atmosphere (TOA) reflectance for atmospheric correction,
and then performing dark object subtraction (DOS). Image enhancement was used
to correct image quality due to atmospheric source noises for each band. After
these initial processes, a spectral angle mapping (SAM) algorithm was applied to
training datasets to estimate the land-cover classification. SAM has been selected
because it is known to perform well in land-use detection (Yuhas et al., 1992; Fan
and Deng, 2014). In conducting the SCP, we maintained the 30-m resolution of
Landsat 8 used to estimate A,.

The supervised classification requires training datasets specified as region
of interests (ROIs), user-defined polygons that cover a specific land-use class.
SCP is equipped with a region-growing algorithm during the collection of ROIs,
which automatically detects similar pixel values on neighboring grids, speeding
up the acquisition of training samples. Selected ROIs are stored as a spectral-
specific polygon shapefile, which is used as a reference for estimating spectral
signatures. In creating an area-specified ROI for study area, a user needs to define
the representative land class by overlaying it with high-resolution visible imagery.
This was achieved by using satellite imagery of Google Map or Open Street Map
as base maps. The ROIs collected for each different land-use classification are
then averaged to create spectral signatures. These spectral signatures provide a
basis for the land use classification itself. Because this method uses area-specific

ROIs, the spectral signatures are valid only for a specific area of study.
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In this study, the collected ROIs was based on 10 classes of land use, which
had considerably different spectral wavelengths: one water body class (including
sea, lakes, and ponds), three vegetation classes (mixed vegetation, grassland, and
mixed forest), two bare-soil classes (common bare soil and quarries), one agricul-
ture class (including rice fields and plantation areas), and three urban classes:
medium density urban; high density urban; and commercial/industrial. Our aim
is to classify urban cover fraction in 1km grid, these urban classes are classified
by building density. Urban classes are: medium density corresponding with LCZ
5,6, 7,9 (see Stewart and Oke (2012) for the description of the numbers); high
density corresponding with with LCZ 2.3; and commercial and industrial corre-
sponding with the LCZ 1, 4, 8, 10. Landsat 8 images are used to defined A, or
total building floor area in regard to total area of the grid, hence classifying urban
area based on their density is considerably sufficient. Furthermore, considering
that our target is to create empirical equation based on ordinary least squares
(OLS) by solving unknown parameters in linear relationship, the less unknowns
will be preferable. Three independent variables from urban classes value is ap-
propriate for this approach. In SAM algorithm for land use classification, each
ROI in the same land use class should have similar spectral range value on each
band and distinct so they are not overlapping each other. This can be analyzed
on spectral plot. Using selected ROIs as training, we run SAM algorithm to clas-
sify our designated land use classes and the result for three megacities is shown
in Figure 3.2. In classifying urban classes, urban representation refers to Figure
3.3 were used. The classification produced 30-m resolution land use 2D dataset.
Ground point validation of the urban area showed that the land use classification
proposed in this work gave an accuracy of 88%, 81%, and 86% for Tokyo, Jakarta,
and Istanbul respectively.

The method we used in this work was compared with the LCZ classifica-
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Figure 3.2: Land use classification results in 30-m resolution

tion method of WUDAPT (Figure 3.3), which uses Landsat 8 and produced land
use classification based on random forest algorithm (level 0). Even though WU-
DAPT level 0 can classify 10 different urban covers based on LCZ, the land cover
categories we utilized differ in quantity with that of WUDAPT because of our
aim. The aim of WUDAPT level 0 is to estimate the distribution of LCZ and
using generic range of urban canopy parameters per LCZ, one can estimate toe
urban parameter of the area. In this work, we aim to estimate directly the actual
distribution of A, based on the proposed land use classification method rather
than classifying LCZs.

The extracted urban areas were used as the main data for predicting
satellite-derived A, as well as for updating the existing land use/cover available in
the WRF model. The latest available MODIS 20-class land use/cover provided
in the WRF model still underestimates the urban area in developing megacities
such as Jakarta and Istanbul as they have experienced very rapid urban sprawl
over year 2000-2010 in which MODIS data were ensemble. Previous studies men-

tioned that improved urban representation would have a significant effect on the
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Figure 3.3: Urban classification comparison of current study method and WUDAPT Level 0

mesoscale simulation result (Le Bras and Masson, 2015; Li et al., 2013). Hence,
updating urban representation is an essential procedure in urban weather and cli-
mate simulation. The urban area extracted from Landsat 8 was used to update

the MODIS 20-class land-use/cover geodatabase in any study area of interest.

3.2.2 EMPIRICAL EQUATION USED FOR DETERMINING A, AND A¢

Empirical equation is calculated by OLS using existing real A, as dependent
variable and three urban ratios as independent variables multiplied by three un-
known coefficients ay, ay, az for each urban ratio. Urban ratio defined as the area
fraction occupied by specific urban class compared with total area of all urban

and non-urban values in a 1km grid. Therefore, there are three urban ratios in
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the area inside a 1km resolution grid, derived as:

total area of Up,eq in 1km grid

FUnea = total area of 1km grid
total area of Uy; in 1km grid
y, = p (31)
total area of 1km grid
- total area of Uj,q in 1km grid
Uind =

total area of 1km grid
where ry,_,,, Tu,, I'v,, denote the medium-density, high-density, and commercial

urban ratio. The designated equation is as follows,

Appreaia = A1 (Tuyey) + 02(ryy,) + ai(ru,,) (32)

~
Ppredict ™ }\preal

where A is predicted value of A, and A, is the actual A,, both in 1km grid

Ppredict Preal

bulk parameters.
The A, values for Tokyo were taken from MAPCUBE data from CAD

Center, Japan. The A, _ for Istanbul was calculated from Istanbul real building

Preal
data provided by the Turkish government, and that for Jakarta was extracted from
a map image provided by Here Maps using simple image processing to extract a

building footprint from the map. In this method, seven A, databases were used:

Tokyo A

Preal

; Istanbul A, ; Jakarta A, ; Tokyo and Istanbul combined A, ; Tokyo

Preal 1 Preal? Preal »

; and Tokyo,

; Jakarta and Istanbul combined A, _,;

and Jakarta combined A, ;
The result of A

Jakarta, and Istanbul combined A from Equation 3.2

Preal * Ppredict

was compared to the A,  in corresponding grid to evaluate Pearson correlation

Preal

value. From these databases, seven variations of A equations were created

Ppredict
(Table 3.1), with each equation having its own combination value of ay, ay, az.
From these equations, we selected those deemed suitable for Tokyo, Jakarta, and
Istanbul using their Pearson correlation coefficient values and root mean squared

error (RMSE) (Table 3.2). Equation A (6) and A (7) both have high

Ppredict Ppredict
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OLS coefficient

Real A, data df OLS equation
851 o2 a3
Tokyo 57 0 037 0 Apprediee (1)
Istanbul 2039 0.02 047 0.03 Ay (2)
Jakarta 115 017 052 027 Ay (3)
Tokyo + Istanbul 2614 0.05 04 004 Ay (4)
Tokyo + Jakarta 690 0.06 034 039 Ay (5)
Jakarta + Istanbul 2154 0.01 048 0.1 Appredice (6)
Tokyo + Jakarta + Istanbul 2729 0.03 0.4 0.13 Ay, 4. (7)

Table 3.1: Coefficients predicted from the seven real A, databases for use in Equation 3.2

Tokyo Istanbul Jakarta Average
RPearson RMSE RPearson RMSE RPearson RMSE RPearson RMSE

OLS equation

Appese (1) 0730 0.080 0912 0.060 0910 0.120  0.851  0.087
Appeie (2) 0720 0108 0914  0.047 0907 0175  0.847  0.110
Appeie (3)  0.696 0160  0.887  0.086 0930 0.030 0.838  0.092
Appesa (4) 0722 0.087 0914  0.050 0910  0.140  0.849  0.092
Appee (5)  0.650  0.090  0.846  0.065 0.890 0.086 0.795  0.080
Appesa (6) 0720 0120 0910  0.048 0920  0.090 0.850  0.086
Aoges (7) 0710 0.090 0910  0.050 0920 0120  0.847  0.087

Table 3.2: Pearson’s correlation coefficient and RMSE of coefficients from equations Appreaiee (1)=

(7)

correlation coefficients and least RMSE for their relation with the three cities’
Ap.n- Thus, based on these two equations, we found a range of applicable a4, oz, az
values that could be used for deriving A, from Landsat 8 images of other cities:
a; =0.01~0.03, a; = 0.4 ~ 0.5, and a3 = 0.1 ~ 0.13.

To assess the sensitivity of ay, oy, az ranged values, the minimum and maxi-
mum values of each coeflicient range were sorted into eight possible combinations,
then applied in Equation 3.2 for Istanbul, Tokyo, and Jakarta, and were tested to

determine any effect of their intervariability on A, real. The A, values predicted

from these combinations were then compared with the respective A, real through a
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Figure 3.4: Relationship of A, real and A, predicted

correlation analysis. Results showed that A, predicted values had deviations with
actual ones. However, the highest standard deviation was less than 0.06, which
is not significant in this framework. Thus, the range of ay, ay, oz coefficients was
deemed applicable for this method.

Using ay, az, az values of 0.01, 0.5, and 0.1, respectively in Equation 3.2 for
Istanbul, Tokyo, and Jakarta to compare A, real and A, predicted, we found that
the predicted value agreed well with the actual one with Pearson correlation coef-
ficient value of 0.84, 0.51, and 0.87 for Istanbul, Tokyo and Jakarta respectively
(Figure 3.4). The two-dimensional spatial relationship between A, real and A,
predicted also showed good agreement between the two parameters (Figure 3.5).

Even though A, and A¢ stand as independent parameter, Kanda et al. (2013)
found their relationship in quadratic function as stated in Equation 3.3. The
function is derived from real building datasets in Tokyo which also applicable for

Toulouse, Berlin, Salt Lake City, Los Angeles, and London. The applicable range
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Figure 3.5: Spatial distribution between A, real and A, predicted in 1km resolution grid

of the equation is 0.45 > A, > 0.05. The A¢ . calculated from the A, . had

a Pearson’s correlation coefficient of 0.87 with A, for Tokyo. The other two
cities were validated using available dataset and it is shown that their trends are
still following Equation 3.3 (Figure 3.6). The available dataset for validation in
Istanbul is only available for year 2005. For Jakarta, the validation data is limited
to 59 1km grid data which is processed and verified using combination of recent
Google Maps, Here Maps, available building data from PASCO Japan, and Digital

Surface Model (DSM) data from PASCO Japan.

A = 14222 + 0.4,

for 0.45 > A, > 0.05
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Figure 3.6: Correlation between actual A, and A¢ for Istanbul and Jakarta, vs. Kanda et al.
(2013)’s empirical function in Equation 3.3 (solid line). It showed that the relationship of actual
Ap and A¢ following Kanda et al. (2013) equation.

3.3 ESTIMATION OF Hgye

In this study, we used the latest version of 30m ASTER GDEM Version 2 (released
2011) (henceforth, ASTER GDEM) and 7.5-arc-second GMTED 2010 minimum
values (henceforth, GMTED), both of which are publicly available. Study by
(Tachikawa et al., 2011) resulted that ASTER is considered to have positive off-
sets on elevation due to buildings or forest canopies. Several experiments were
conducted on how to extract ASTER GDEM positive offset which may correlate
with building canopy height in urban area. Our study found that the elevation
difference between the ASTER GDEM maximum value, and the GMTED (i.e.
corresponds to the elevation of the real topography) has a potential in estimating
height of surface roughness elements. Simplified illustration regarding the pro-
cess is shown at Figure 3.7. We refer to the elevation difference between ASTER

GDEM and GMTED as the assumed average height surface roughness element.
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Figure 3.7: lllustration of “artifact” extraction on ASTER GDEM

In urban areas, it is presumed to be the tops of buildings canopy and represents
Have. The elevation difference was calculated using GIS software by subtracting
the maximum elevation value of ASTER GDEM in a lkm grid from the corre-
sponding 1km average GMTED value (henceforth, ASTER-GMTED).

A reference of actual H,ye distribution in 1lkm resolution was calculated
from a high-resolution 3D building map of Tokyo and Nagoya, MAPCUBE -a
product of CAD Center, Japan-. A grid-by-grid comparison and correlation anal-
ysis were conducted between the reference H,y and the elevation difference. We
limited the comparison to urban areas defined by A, > 0.2, following the study
of Kanda et al. (2013), since A, < 0.2 were all classified as non-urban land use in
Tokyo and have less effect on drag. Furthermore, our study showed that ASTER
GDEM tend to “fatten” Ap < 0.2 area and detect vegetation canopy rather than
building canopy in these areas. This was achieved by masking the study area with
the predicted A, estimated from the previous section. Following this condition,
urban land use with A, < 0.2 was all assigned with Haye value of 3.5m, equal to
one floor average residential building height.

An exponential relationship was found between bulk 1km H,, parameter

calculated from MAPCUBE and ASTER-GMTED. However, this relationship was

45



not strong enough to be directly use as empirical function since nearly half of the
ASTER-GMTED values overestimates real value, especially in 10.0m < Hg, <
30.0m. This made our decision to make use of other available datasets to improve
the relationship.

The global OLS radiance-calibrated NL dataset, downloaded from the
DMSP-OLS satellite, is capable of capturing the urban centers of large cities
(Hsu et al., 2015; Huang et al., 2016) because highly populated areas tend to-
ward greater luminosity than their surrounding areas (Sutton, 1997; Sutton et al.,
2006). Study by Dong et al. (2017) stated that nighttime lights are closely corre-
lated with economic activities, for example the more commercialized an area is,
the higher energy used due to night lighting. In most Asian megacities, highly pop-
ulated and commercialized area seems well correlated with high-rise building area.
Therefore, it is expected that is connection between NL luminosity and building
height. This luminosity is represented by the radiance value, in DN units, with
higher DNs corresponding to brighter areas.

The current study found that NL radiance value has a linear relationship
with the reference actual Hyye data. To assess whether NL database could support
ASTER-GMTED, NL and ASTER-GMTED were combined and resampled into
1km grids, then used as independent variables in the same way as section 3.2.2; in
order to find empirical function to predict H,ye. In particular, the best-fit equation
using polynomial approximation relationship is found problematic (Hayeoe =
0.1(ASTER — GMTED)l‘25 + 0.01(NL)).

It underestimated the resulting values by up to 20m H,ye for extremely high
building area in Tokyo and Nagoya. To solve this problem, a feedforward artificial
neural network (ANN) was used to obtain H,. prediction using data obtained
from Tokyo (554 input data, 380 training samples) and Nagoya (142 input data,
99 training samples). ASTER-GMTED was used as the first input neuron, and
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Figure 3.8: Workflow of estimating Haye from satellite imageries
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the DMSP-OLS nightlight image was used as the second input neuron. The work
flow of estimating Haye from satellite imageries is show in Figure 3.8.
The output neuron was each city’s reference Haye, calculated from MAPCUBE.

Ten hidden layers and four hidden layers were used to create the Tokyo and
Nagoya ANN functions, respectively, and generalization was provided by follow-
ing rule three of feedforward ANN (FrontlineSolvers, 2018). An inter-comparison
using the Tokyo ANN function for Nagoya and vice versa was conducted to define a
general empirical ANN function. It showed that the Nagoya ANN function worked
better for both Tokyo and Nagoya than did the Tokyo ANN function (Figure 3.9).
This may be due to the more complex and heterogeneous building morphology
in Tokyo compared to Nagoya. The Nagoya ANN function was applied to define
Haye for all cities in the study. A validation with available actual H,, dataset for
Jakarta and Istanbul was conducted and the results supported that both cities
followed well with Nagoya fitting function (Figure 3.10). The spatial distribution
of the real and predicted H,ye values is shown in Figure 3.11. These results further
support the idea that ASTER-GMTED combined with the DMSP-OLS nightlight
image was used to determine H,ye, Which is a crucial morphological parameter for
calculating urban roughness. However, a few overestimated values were also de-
tected, especially for areas packed with very tall buildings (Haye > 30m) such as

Shinjuku in Tokyo.

3.4 ESTIMATION OF OTHER URBAN PARAMETERS

The oy and Hp,y values were calculated following Kanda et al. (2013) as written
in Equation 3.4. Finally, the distribution of two bulk aerodynamic parameters,
d and zy, was attained from the estimated building morphological parameters

(Kanda et al., 2013) (Equation 3.5 and 3.6). We referred to these parameters as
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urban parameters derived from global datasets.
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a; = 0.71;b; = 20.21; ¢; = —0.77

Because d and z, are critical parameters in the WRF model coupled with
urban aerodynamic parametrization, the sensitivity to the 8 possible oy, az, a3

coefficients combination in Equation 3.2 was also tested (i.e., combination without
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replacement of minimum and maximum values from each a coefficient, hence 23 =
8 combinations ). The intervariability of d and zy based on the various coefficients
was assessed through a cross correlation. A correlation matrix analysis of eight
possible d and z, values created from the combination of ay, ay,az coefficients
found that for Jakarta, all the combinations resulted in a similar sensitivity, with
no large intervariability shown by a Pearson correlation coefficient &~ 1. Therefore,
there was no significant different among these eight combinations of oy, az, a3
relative to d and zy. Thus, any random numbers assigned to oy, ay, a3 within the
allowable range would yield negligible variability in d and zy. Hence, d and z,
were confidently constructed for Jakarta using ay, az, az values of 0.01, 0.5, and

0.1, respectively.

3.5 DISCUSSION

Currently, the constructed urban parameters dataset is sufficient enough for the
mesoscale modelling purpose. The complete set of urban paremeters is shown
in Figure 4.1. Subsequently, the distributed satellite-derived urban parameters,
which can also be frequently updated, can serve as a good substitute for actual
urban parameters calculated by actual 3D building database in the estimation
of urban parameters. It provides simple and zero-cost solution to developing
cities that mostly lack of actual building database such as Asian megacities. One
distinct limitation of using satellite imageries in building parameters is due to
coarser resolution of the imageries, hence the “smoothing” or “blooming” effect
appear and underestimate the value from real urban parameters. More advanced
satellite imageries may resolve this limitation, assuming there is no constraint on
funding.

Overall, the present study contributes an alternative way for urban climate

community in creating actual urban morphological parameters database when
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local experts knowledge is limited and require less workforces. Moreover, the
findings of this study could be integrated with the new WRF model version that
supports LCZs-based detailed urban land use, thus the integration is expected to
give better model results of urban atmospheric phenomena. Further work needs
to improve the calculation of Have, which is limited to the area of A, > 0.2,
and could potentially affect the estimated H, in less urbanized urban areas.
Combining open-source actual building data into the H,ye could offer a solution.
Future research should therefore give more attention to urban morphological data
validation especially in megacities in other countries to enrich the urban datasets.
Larger datasets also could act as a foundation to conduct an investigation on how
region or economic factor of a country affects urban morphological characteristic
to give more precise estimation of megacities urban structure.

For some desert cities, the land-use classification might be challenging, and
further investigation is needed, especially in defining urban areas. Application of
other land use classification algorithm such as random forest is one of the solution
for this matter. In addition, cloud-based land use classification such as Google
Earth Engine could provide brand-new perspective by maintaining speed and
global extent. Based on this study, we encouraged more approach to big data
and data science for urban climate research. Therefore, a solid global teamwork
consisting scientist, engineers, urban planner, governmental, and other related

stakeholders is very much worthwhile.

3.6 SUMMARY

Following the advances made in urban parametrization in weather models and
with the need for accurate weather simulations in urban areas, there is a growing
demand for distributed urban parameters for cities around the world. Most cities,

especially in developing countries, have limited or no building distribution datasets
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for use in calculating the required urban parameters in the SLUCM/WREF. There-
fore, in present study we proposed simple and zero-cost methods to estimate the
actual distributed urban morphological parameters from variety of satellite images
combination.

Landsat 8 satellite images were investigated for their capability to estimate
the plane and frontal area indices, A, and Af, respectively. Empirical equations
were derived to estimate A, and A¢ from Landsat 8 images. Good agreement was
achieved when they were compared with the actual A, and A values.

Using a neural network, subtracted ASTER-GMTED data were combined
with the DMSP-OLS nightlight image to define a function for deriving Haye from
satellite images focused on Tokyo and Nagoya. Using the H,e function for Nagoya
resulted in a good agreement between the real and satellite-derived Hg,ye in Tokyo
and Nagoya. This function was later used to estimate the H,y distribution of
Jakarta and later, other preferred cities.

The urban aerodynamic parameters of d and zy were then estimated follow-
ing a method proposed by Kanda et al. (2013), using the earlier urban morphology
parameters derived from global datasets. All of the urban parameters were pro-
duced in a 1km resolution grid for application in a WRF model simulation for

Jakarta (Chapter 4).
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Satellite-derived urban roughness
parametes performance in WRF

mesoscale model

4.1 INTRODUCTION

This chapter is aimed to assess the performance of urban parameters constructed
in Chapter 3 in WRF/SLUCM environment. We compared two simulation cases,
the modified WRF /SLUCM using distributed urban parameters from global satel-
lite datasets (SAT) and default SLUCM/WRF with fixed urban parameters value
(DEF), to determine how the model performed in reproducing the urban climate
in one of the world’s largest developing megacities, Jakarta, Indonesia. The de-

tailed different between SAT and DEF case is shown on Table 4.1. The completed
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Figure 4.1: Urban morphological and aerodynamical parameters for the WRF/SLUCM model
geographical boundary in 1.2km resolution

urban parameters set made in Chapter 3 (Figure 4.1) were then processed into
WREF model-compatible geographic boundary data for Jakarta and added to the
geographical input boundary.

4.2 SIMULATION SETTINGS

As mentioned in 3.1, the numerical model that is used to assess the urban pa-
rameters performance is using WRF/SLUCM improved by urban aerodynamic
parameterization (Kanda et al., 2013). We used a modified SLUCM (Kusaka
et al., 2001; Kusaka and Kimura, 2004) incorporated into the Weather and Re-

search Forecasting (WRF) model ver. 3.3.1. The modifications are as follows:
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o The estimations of the bulk transfer coefficients for each building facet have
been revised based on the Simple Urban Energy Model for Mesoscale Simu-

lation (SUMM) (Kanda et al., 2005b,a).

e The actual urban fractions were considered rather than the constant values

used in the default WRF model (Kanda et al., 2013; Varquez et al., 2015).

o Gridded sky-view factors derived from the urban parameters were considered

(Varquez et al., 2015).

o The effect of vegetation on the local bulk heat transfer coefficient was con-

sidered (Kawai et al., 2009).

Further descriptions of the modified WRF can be found at http://www.ide.
titech.ac. jp/~kandalab/download/WRF_URBAN/add_improvements.html.

Two simulation cases were conducted to analyze the effect of urban parametriza-
tion on the urban climate in Jakarta using WRF 3.3.1 coupled with SLUCM.
The first case (SAT) used the satellite-derived distributed urban parameters (i.e.,
WRF/SLUCM with modified urban aerodynamic parametrization), whereas the
second case (DEF) used the default SLUCM fixed urban parameters (i.e., WRF/S-
LUCM without modified urban aerodynamic parametrization). The simulation
was conducted for the full month of August 2014, which is within the dry season,
with an additional 16 days for model spin up. Both cases use same domain spatial
boundaries with one parent and two nested domains: reference longitude 106.84°
and latitude -4.7°; domain resolution 30-km, 6-km, 1.2-km (Figure 4.2); parent
grid ratio 1, 5, 5; i parent start 1, 33, 65; j parent start 1, 34, 42; distance in
x-direction 95, 111, 116; distance in y direction 100, 101, 136; dx 30000; dy 30000;
all domains use 40 vertical levels. One-way nesting was used (i.e., no feedback of

simulated values from finer to coarser domains).
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Figure 4.2: Domain setting for Jakarta August 2014 simulation

Due to scarcity of on-site point data observation, two synoptic observation
stations for near-surface temperature and wind speeds in 1-hour temporal reso-
lution were used for validation: Kemayoran station (KMO) 106.8418E, 6.1556S
and Tanjung Priok station (TPR) 106.8778E, 6.111S. Both of these stations are
classified as urban station and follows WMO flat-grassland station standard with
WMO code 96745 and 96741 respectively. KMO station is located in commer-
cial/industrial class in our classification and TPR in high-dense urban area. For
LCZ class, KMO is located in class 1 (compact high-rise) and TPR is located in
class 2 (compact mid-rise). KMO is surrounded by high-rise building especially
on the north-west side of the station which largely influences observation records
quality.

The National Centers for Environmental Prediction Final (NCEP-FNL)

global weather data archive with 6-hour temporal and 1°x 1° spatial resolutions
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were used for the lateral and initial meteorological boundary condition. The 4-km
MODIS monthly day and night sea surface temperature (SST) data were used in
both cases as the initial boundary. An update of the MODIS 20-class land use
referred to in section 3.2.1 was used. A summary of both cases is shown in 4.1.
Both cases used the physical settings of: shortwave radiation scheme by Dudia;
longwave radiation scheme RRTM; Microphysics New Thompson; Kain-Fritsch
cumulus parametrization; and planetary boundary layer Mellor-Yamada 2.5.
Adding anthropogenic heat emission (AHE) and urban parameters in WR-
F/SLUCM simulations resulted in a better wind and temperature interpretation
(Varquez et al., 2015). However, in this chapter, our focus is on comparison of
with and without using urban parameterization which built from satellite-derived
urban parameters calculated previously in Chapter 3. Therefore, we would like
to eliminate the effect of AHE in the simulation to see urban parameters indi-
vidual effect. Our target here is to answer whether satellite-derived parameters
can improve the default setting or not, and less targeting on how close the result
will be with observation data. Exclusion of AHE also considering the insensi-
tivity of AHE component in the simulation as we did experiment by comparing
control_case (i.e. without AHE and distributed urban parameters), AHE_ case
(i.e. inclusion of AHE, without distributed urban parameters), and param_ case
(i.e. inclusion of distributed satellite derived urban parameters, without AHE).
The results are shown in Figure 4.3. It can be seen that both TPR and KMO
AHE case value insignificantly changed compared with control case in our tar-
get location. However, the urban parameter case shows significant different with
AHE_case as it deviates much from the control case especially on wind speed.
The possible reason for AHE insensitivity is due to magnitude of AHE compared
with radiation heat flux (i.e. shortwave and longwave) and turbulent heat flux

(e.g. sensible and latent). The maximum AHE is less than 70W/m? with typical
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Parameters Cases

Case name DEF SAT
WRF version Default WRF/SLUCM Modified WRF/SLUCM
v Version 3.3.1 Version 3.3.1
Roughness length SLUCM default Distributed zy from
Zo(m) 0.53*1 ,0.33*2 ,0.17*3 global dataset
Displacement height SLUCM default Distributed d from
d(m) 7.62*1 |5.72*2 3.81"3 global dataset
Urban fracti SLUCM default Modified distributed urban fraction
rhan fraction 0.95*1 | 0.9*2 0.5 with second dominant
Plan area index SLUCM default Distributed A, from
A 0.5 ,0.52 ,0.5%3 global dataset
Frontal area index SLUCM default Distributed A¢ from
As 0.51,0.4** 0.3 global dataset
Average building height SLUCM default Distributed Haye from
Haye(m) 10.0* , 7.5 | 5.0*3 global dataset

Table 4.1: Urban boudaries description for the DEF and SAT simulation cases. The (*1) marked
values refer to commercial urban area, (*2) marked values refer to high density residential area,
and (*3) marked values refer to low density residential area.

range of 10 — 50W/m?. This value is lower than the order of magnitude of heat

energy due to radiation and turbulent flux as shown in Figure 4.4.

4.3 RESULTS AND DISCUSSION

The modification on roughness parameters in this study has higher impact on
near-surface wind field rather to temperature due to aerodynamic change effect.
The simulated result for Jakarta wind speed and temperature was compared with
the hourly synoptic reports from the two stations (Figure 4.5 and 4.6). For the
whole month, the simulated 10-m wind speed was mostly overestimated in both
cases. Large discrepancy of KMO station observed and simulated values is con-

sidered correspond to the station location where it is surrounded by high-rise
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Figure 4.4: Example of simulation result on energy budget. Rn denotes radiation budget (i.e.
shortwave and longwave radiation), SH denotes sensible heat flux, and LH denotes latent heat flux.
Here, AHE is included in sensible heat flux (SH) component. Unit in W/m?
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building, especially right on the north-west direction of the station thus results
in false records. TPR is considered have reliable observation records compared
with KMO. Regardless of the locations, it is commonly known that coupling the
default settings of UCM with WRF has a tendency to overestimate near-surface
wind speeds and insufficiently reproduce the surface drag (Nelson et al., 2016).
Therefore, improvement of roughness parameter is necessary to improve surface
drag calculation as we did in this research. Unfortunately, as mentioned in 3, the
satellite-derived urban parameters are tend to underestimate the average building
height, hence affect lower roughness than reality. The underestimation value in-
creasingly happened in compact high-dense area such as KMO, hence also causing
why large bias happening there.

With regard to near-surface wind speed, SAT had lower RMSE and bias
values at both stations than did DEF. This points out that using current de-
veloped urban roughness improves the performance of WRF/SLUCM. A daytime
and nighttime statistical comparison, shown in Table 4.3, revealed that large wind
speed biases mostly occur during daytime for both cases. Simulated near-surface
wind speeds during nighttime show better agreement with observed values, espe-
cially in SAT. Shown in Table 4.3, the daytime RMSE values for SAT were 2.04
(TPR) and 4.06 m/s (KMO), whereas for DEF, they were 3.55 (TPR) and 4.17
m/s (KMO). The daytime bias values for SAT were 1.36 (TPR) and 3.69 m/s
(KMO), whereas for DEF, they were 3.06 (TPR) and 3.87 m/s (KMO). During
nighttime average wind speed, the SAT had RMSE values of 1.40 and 1.62 m/s for
TPR and KMO, respectively, whereas in DEF, the RMSE values were 2.61 and
2.87 m/s for TPR and KMO, respectively. Nighttime average wind speed of SAT
also resulted in significantly lower bias compared to DEF, with values of 0.71 m/s
and 0.49 m/s for SAT at KMO and TPR, respectively, and 2.52 m/s and 2.10 m/s
for DEF at KMO and TPR, respectively. Better wind speed prediction on SAT
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may suggest that a better distribution of d and zy, especially in city center (solid
circle at Figure 4.8), contributes to the improvement of the simulation result. This
area, characterized by high surface roughness enhances surface wind drag, thereby
weakening winds. This phenomenon may potentially lead to higher temperatures
in high-density areas because weaker winds are associated with reductions in both
ventilation and heat advection from the surface.

Both cases overestimated the near-surface temperature during daytime
with slightly different bias magnitude. However, SAT performed better at pre-
dicting nighttime temperature than did DEF for both stations, especially on the
last 10 days of August. In Table 4.2, the RMSE and bias from both two cases and
observed near-surface temperature for each station for whole month simulation
are shown. The similar results were found for daytime temperature RMSE and
bias. At nighttime, KMO SAT had a lower bias (0.05°C) than did DEF (0.80°C).
The nighttime RMSE values were 0.98°C and 1.26°C for SAT and DEF, respec-
tively. A simulation by Tursilowati et al. (2012) in the same study area without
any modification on urban parameters produced Pearson correlation coefficients
of 0.71 and 0.78 for the relationship between simulated and observed temperature
at KMO and TPR, respectively, for the period February 2-4, 2004. The SAT
simulation resulted in Pearson correlation coefficient values of 0.92 and 0.94 for
KMO and TPR in August 2014, respectively. This may indicate that the WREF /S-
LUCM with new aerodynamic parameterization improve the simulation result on
temperature due to better representation of heat retention caused by wind drag.

Likewise, the positive bias on 2m temperature -especially during daytime-
on both cases are apparently related with systematical error due to urban surface
energy balance model in SLUCM and land surface model of NOAH-LSM imple-
mented in the model. To date, this problem still one of the most challenging issue

for urban climate scientists (Demuzere et al., 2017; Trusilova et al., 2013). Tt is
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indicated that the modified urban energy balance model, following the top-down
approach of predicting bulk transfer coefficient on momentum and heat, has un-
derestimate the sensible and latent heat flux (Kawai et al., 2009). In tropical area
with high humidity, as the radiative interactions with water vapor is very impor-
tant, the underestimated latent heat flux could affect urban canopy temperature
significantly (Roth et al., 2017). Latent heat flux in urban surface is determined
by evapotranspiration process by urban elements and could affect surface cooling
mechanism. This hypotheses is backed up with the fact that the model cannot
solve near-surface temperature drop after rain event (e.g., August 7 and 9). Study
by Demuzere et al. (2017) on inter-compariosn of urban land surface models’ per-
formance in a tropical city also shows disagreement on simulated and observed
urban energy flux with the highest error on latent heat flux estimation. Further-
more, recent work by Salamanca et al. (2018) stated that NOAH-LSM showed
overestimate of energy flux which results in overestimation of near-surface tem-
perature. Further analysis on urban surface model improvement and discussion
lies beyond the scope of this study.

In addition, discrepancies between spatial representativeness of simulation
result and point observation as validation data, along with location of observa-
tion which is surrounded by high buildings (Figure 5.3a and 5.3b), also contribute
to the bias. Another validation analysis using land surface temperature data as
to measure surface urban heat island (Zhao et al., 2014) is considered problem-
atic (Voogt and Oke, 2003). Due to the urban complexity (i.e., complication on
determining the appropriate surface radiative-emissivity parameters, geometrical
parameters, canopy radiative transfer) the satellite-detected urban surface tem-
perature is not adequately match and nor represent the real surface temperature.
KMO location may determine a lot why such bias is happening. KMO land cover

is grass and the grid it contained in is urban land cover with more than 0.8 urban
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fraction. Thus it will cause discrepancy between model and real condition espe-
cially regarding turbulent heat flux parameters. KMO’s location is surrounded
by tall buildings. Daytime northerly sea breeze flow is blocked by tall buildings
on the north-side of weather station. The findings agree with previous findings
by Varquez et al. (2015) from which the methodology was patterned from. They
explained that there are factors that influence the accuracy such as the parameter-
ization of transfer coefficients down to the 2-m scale and the representativeness of
weather stations in dense cities especially during daytime. Nighttime statistical
analysis shows the SAT case in KMO performed very well in reducing wind speed
bias. Hence, this correlate to improvement of temperature validation bias from

0.80°C in DEF to 0.05°C in SAT in KMO.
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Figure 4.8 and 4.7 show the spatial distribution of the average 10-m wind
field and 2-m temperature for the full month of August, respectively. The SAT
case simulated a higher temperature in the city center (near KMO) during daytime
and after sunset than the DEF case. As shown in Figure 4.7 and 4.8, the areas
with high temperature and low wind speed in SAT correspond to densely built-up
areas, with high d and z, values. The densely built up area generates greater
surface wind drag, resulting in weak easterly wind and retention of heat in urban

areas.

4.4 SUMMARY

Two simulation cases, SAT and DEF, were conducted for Jakarta to evaluate the
performance of satellite-derived urban parameters (Chapter 3) in the SLUCM/WRF
modified with urban aerodynamic parametrization scheme. Including urban pa-
rameters from global datasets in the simulation provided better agreement, es-
pecially with regard to wind speed, than did a simulation that used the default
parameters provided in the SLUCM/WRF model. Simultaneously, at the time
this work was conducted, a simulation was made for Istanbul (Yucel et al., 2016)
to compare the urban parameters derived from global datasets with those from
a realistic building morphology. The results can be summarized as follows: (1)
SAT improved representation of wind speed and thereby improving temperature,
especially improvement in nighttime wind speed over the urban area; (2) Lower
wind speed in the high-density built-up area in central Jakarta as a result of the
higher surface drag due to the complex urban morphology. Slower wind speeds
indicate weakened sea breeze penetration in daytime and land breeze penetration
in nighttime. This causes more heat to be trapped in urban areas causing UHI,
especially during nighttime.

Furthermore, SLUCM/WRF simulation using urban parameters derived
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Figure 4.7: August daily average of 2-m temperature in the SAT (above) and DEF (bottom)
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Figure 4.8: The 10-m wind speed in the SAT (above) and DEF (bottom) simulations for August
25, 2014. The darker wind vector shows wind speed > 5 m/s, and the grey shade shows the total
water vapor column (g/kg)
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from a real 3D building database in Istanbul (Yucel et al., 2016) was not sig-
nificantly different from a simulation based on urban parameters from global
datasets. Therefore, distributed satellite-derived urban parameters, which can
also be frequently updated, can serve as a good substitute for actual urban pa-
rameters calculated by actual 3D building database in the estimation of urban
parameters. As mentioned previously in Chapter 3, this simulation gives evidence
of simple and zero-cost solution in conducting mesoscale urban climate analysis
in developing cities that mostly lack of actual building database, such as Asian
megacities. However, there is some limitation due to the resolution of satellite
imageries especially on estimation of average building height, hence affecting on
underestimation of aerodynamic roughness parameters. Higher resolution stereo
satellite imageries (e.g. up to 2m) can be one of the solution to improve the aver-
age building height value estimation to be close to real value. However, this effort
have cost trade-off in the application.

Regarding the systematical bias of temperature, we understand that im-
provement of temperature representation is important in urban climate study
and this is an important issue for future research faced not only by our team
but throughout the WRF user community. Improvement on urban fabric ther-
mal properties in study area along with detailed urban land use for geographical
simulation boundary (Brousse et al., 2016) and utilization of multi-layer urban
canopy model (Salamanca et al., 2010) may serve as a promising way in solving
the problem, despite higher computational resources. Furthermore, recent study
by Demuzere et al. (2017) emphasized that land surface model that are developed

until now are not sufficient yet for tropical area which have high humidity.
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Present urban climate reconstruction

5.1 INTRODUCTION

Future climate change is expected to increase the vulnerability of urban popula-
tions to associated risks, which are further exacerbated in low- and middle-income
countries (Revi et al., 2014). Moreover, urban agglomerations have local effects
on the atmosphere (Arnfield, 2003; Masson, 2000; Oke et al., 2017) that could
intensify the effects of global climate change. For example, from 1961 to 2010, the
mean annual temperatures in 39 major cities increased at rates of 0.12-0.45°C per
decade (Rosenzweig et al., 2015). Meanwhile, urban areas have been projected
to be warmer than surrounding rural areas (Kalnay and Cai, 2003) and are pro-
jected to experience more tropical nights in the future (McCarthy et al., 2010;
Oleson, 2012) under climate change. Such urban effects will have a significant

impact on energy consumption for cooling (Martilli, 2014), heat waves (Ander-

73



son et al., 2018; Lemonsu et al., 2015; Wouters et al., 2017; Zhao et al., 2018) ,
sea breeze penetration (Varquez et al., 2015), and urban extreme rainfall (Niyogi
et al., 2017).

The urban agglomeration of Greater Jakarta is currently ranked as the sec-
ond largest megacity, with a population of more than 30 million (Demographia,
2018). The agglomeration includes Jakarta and other surrounding cities (Figure
5.2). Located in the equatorial region of Southeast Asia, Greater Jakarta experi-
ences an equatorial monsoon (Am) climate under the Képpen—Geiger climate clas-
sification (Rubel and Kottek, 2010), characterized by high annual temperatures
under the Asian monsoon system that drive the wet season (October-March) and
dry season (April-September). Greater Jakarta is a topographically diverse city
with coastal areas to the north adjacent to mountainous areas to the south. As
such, sea (land) breeze and katabatic (anabatic) wind dominate Greater Jakarta's
boundary layer wind system. Greater Jakarta has experienced rapid urbanization
since the 1980s, and its urbanization growth trend resemblances that of upper-
middle-income countries (United Nations, 2015). Greater Jakarta is expected to
grow rapidly for another 30 years before reaching its projected peak population
growth. Therefore, we set the 2046-2055 as the target in this study to offer insights
for planning optimal mid-term urban mitigation and adaptation strategies.

Before moving to future urban climate simulations, historical simulations
for during period 2006-2015 was conducted to represent present climate condition.
The present climate condition is fundamental reference of any change in future cli-
mate. The framework of present and future urban climate simulations in Greater
Jakarta is as described in Figure 5.1. This chapter is aimed to explain the simu-
lations conducted for present climate condition (i.e., the red box in Figure 5.1).
Historical simulations for long period (i.e., 10 years) also aims to assess the model

performance in the longer run.
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Figure 5.1: Framework and case description of the detailed present and future simulation runs.
(*) marks define the spin-up month (25 days on July each year).
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5.2 SIMULATION SETTINGS

The designated simulation days for the simulation of Jakarta included the whole
month of August 2006-2015 for the present and later in Chapter 6, 2046-2055 for
the future, with 25 spin-up days for every year. August represents the peak of the
dry season under the weak and low-moisture-content Australian monsoon, which
is critical for heat stress and drought. In addition, the lowest synoptic effect
on Greater Jakarta is observed in August, which is suitable for studying local
urban effects. All cases had the same domain spatial boundaries, with one parent
and two nested domains (Figure 5.2). The WRF/SLUCM setting configuration
(i.e., environment, microphysics, lateral boundary conditions) used for historical
simulations is the same with August validation setting mentioned in Chapter 4
section 4.2 for SAT case.

The National Centers for Environmental Prediction Final (NCEP-FNL)
global weather data archive with a 6-h temporal resolution and 1° x 1° spatial
resolution was used for the lateral and initial meteorological boundary conditions.
In addition, 4-km MODIS monthly daytime and nighttime sea surface tempera-
ture data were used to improve default model values. An updated version of the
MODIS 20-class land-use was used (see section 3.2.1). All cases used the following
physical settings: shortwave radiation scheme by Dudia; RRTM longwave radi-
ation scheme; Microphysics New Thompson; Kain-Fritsch cumulus parametriza-
tion; and planetary boundary layer Mellor-Yamada Level 2.5. Differ with Chapter
4, all cases not only used distributed urban parameters (i.e., as explained in Chap-
ter 3), but also distributed hourly anthropogenic heat emissions (AHE) at a 1km
resolution (Dong et al., 2017), which were interpolated to the simulation grid.

Three synoptic observation stations for near-surface temperature and wind

speed with a 3-h temporal resolution were used to validate the model: Kemayoran
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Figure 5.2: Modified WRF/SLUCM domain configuration for Greater Jakarta. The inner solid
blue line represents the administrative boundary of Jakarta, while the outer line represents Greater
Jakarta, including the three surrounding cities (Bekasi, Tangerang, and Bogor).

station (KMO; 106.8418E, 6.15565); Tanjung Priok station (TPR; 106.8778E,
6.111S); and Cengkareng (CGK; 106.65E, 6.1167S) (Figure 5.2). All data were
downloaded from https://www.ogimet.com. All stations were classified as urban
stations and followed the World Meteorological Organization flat grassland station
standard. KMO was located in a commercial/industrial area in our classification,
while TPR was located in a high-density urban area. For the local climate zone
(LCZ) classification, KMO was located in a compact high-rise area (LCZ 1), while
TPR was located in a compact mid-rise area (LCZ 2) and CGK was located in
grassland on the perimeter of Soekarno-Hatta International Airport. Location of

each station is as illustrated in Figure 5.3a to 5.3c.

5.3 RESULTS AND DISCUSSIONS

The model predicted the nighttime temperature well, with root mean square error

(RMSE) values of 1.03, 1.14, and 1.45 for TPR, KMO, and CGK, respectively.
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Figure 5.3a: Locations and images of the areas surrounding the KMO station
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Figure 5.3b: Locations and images of the areas surrounding the TPR station
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Figure 5.3c: Locations and images of the areas surrounding the CGK station

However, the model generally overestimated the daytime near-surface tempera-
ture, with RMSE values of 1.45, 1.98, and 1.79 for TPR, KMO, and CGK, re-
spectively. It also resulted in a smaller bias for nighttime temperature (TPR:
0.37°C, KMO: 0.34°C, CGK: 0.41°C) than daytime temperature (TPR: 0.70°C,
KMO: 1.47°C, CGK: 1.22°C). Table 5.1a, 5.1b, 5.2a, and 5.2b present the detailed
statistical validation of temperature and wind.

The results showed that the model offered better performance during night-
time than daytime in the study area, as represented in Figure 5.4 for TPR. This
results show month-to-month similar pattern with the result of Chapter 4. Hy-
potheses on technical causes of bias have been discussed in section 4.3. Alike to
what already mentioned in section 4.3, the observation points were surrounded by
high buildings, causing low ambient temperature measurements due to shading
and low wind speed caused by building wakes. Moreover, the points were located
on grassland, which is associated with evaporative heat transfer and induces a
cooling effect. Finally, since the model had a 1-km resolution, these observation

points may not have sufficiently represented spatial trends. Even though there is
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Figure 5.4: Simulation and observation comparison for August 2006-2015 in TPR station

spatial incompatibility between model results and observation values, the average
differences in temperature and wind speed are deemed low for such study (Cox
et al., 1998) of < 2°C for temperature and < 2.5m/s for 10-m wind. Therefore,
simulations for future 2046-2055 period will use the same model settings with the

present ones.

5.4 SUMMARY

This chapter talks about the reconstruction of historical climate in 2006-2015.
This period is then regarded as the present climate condition that function as
reference period of 2010s. The simulation biases have same behavior as discussed
in Chapter 4. The hypotheses is due to systematical error mostly regarding to
unmatched urban energy balance which largely impact on turbulent fluxes, hence
affecting temperature and wind speed. The inclusion of distributed urban rough-
ness parameter through aerodynamic parametrization into the SLUCM increase

the accuracy of urban turbulent and mostly affecting wind speed accuracy. Im-
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provement on urban surface model is very much worthwhile although currently
it is out of scope of this study. For further analysis that needs higher accuracy
with observation value and absolute value (i.e. despite difference value) such as

Chapter 7, bias adjustment will be conducted offline the simulation.
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Future urban climate projection

6.1 INTRODUCTION

Until recently, general circulation models could not capture urban effects due to
their coarse spatial and temporal resolutions (Best, 2006). These models either
did not include or roughly assumed urbanization in their future projections. How-
ever, recent advances in mesoscale climate modeling have enabled the analysis
of urban effects under climate change, although most relevant studies have been
conducted at city scales (Doan et al., 2016; Hamdi et al., 2014; Lemonsu et al.,
2013), with very few focused on a global scale (Fischer et al., 2012; Oleson et al.,
2011). The results of these studies have revealed that urban areas are expected
to experience greater temperature increases than surrounding rural areas under
a given future climate change scenario. However, such studies have been limited

to the assumption that future urban land use is static to present conditions. In
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reality, urban expansion in developing countries is expected to accelerate in the
near future. Therefore, projecting the future urban climate solely based on climate
change effects under the assumption of a static urban area is unrealistic.

Application of urban growth controls (Georgescu et al., 2014; Stone et al.,
2010) and urban fabric modifications (Georgescu, 2015; de Munck et al., 2018)
to weather models has shown that urban adaptation strategies determine the
magnitude of urban effects, indicating that sound urban planning is necessary
to achieve highly resilient cities. Recent studies have highlighted the behavior
of urban effects under climate change and future urban expansion scenarios in
cities of American (Li et al., 2016; Tewari et al., 2017), European (Hamdi et al.,
2014; Wouters et al., 2017), Asian (Adachi et al., 2012; Yang et al., 2016), and
Australian (Argiieso et al., 2015). The results have shown that due to background
temperature increases local urban effects cause greater warming than under global
future climate scenarios. However, to our knowledge, these studies limited urban
expansion to practical urbanization scenarios or two-dimensional urban land-use
scenarios with simple parameterizations of urban morphology. By contrast, few
advanced studies have coupled future global climate change scenarios and local ur-
banization based on socio-economic scenarios (Kusaka et al., 2016; Masson et al.,
2014). Such studies excel in the projection of future urban morphological parame-
ters and heat emissions based on socio-economic scenarios. Despite these studies
representing future urban climates more realistically, they have been restricted
to developed countries and their study areas. More recent studies analyzed ur-
ban climate by combining global climate change scenario and local urbanization
based on issued urban development master plan in developing countries (Doan
and Kusaka, 2018; lizuka, 2018; Lee et al., 2017; Yang et al., 2016). However, it
is very challenging to get such urban planning data in global scale.

To address this shortcomings, we developed a future urban climate pro-
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jection by integrating global climate change projection based on pseudo global
warming method and local urbanization scenario based entirely on globally avail-
able datasets. Compared with previous similar studies, our goal is to develop a
local urbanization scenario considering building volumes and heat emission de-
rived from global socio-economic scenario. We aversely using any data from local
governments or stakeholders to optimize global implementation. The framework
was designed to provide a generic, repeatable, and realistic approach to futuris-
tic urban climate studies. We applied the method to project the future urban
climate in Greater Jakarta, Indonesia, as a large tropical megacity in Southeast
Asia, until the 2046-2055. We integrated Representative Concentration Pathways
(RCP; van Vuuren et al., 2011) and urbanization scenario derived from Shared
Socioeconomic Pathways (SSP; O’ Neill et al., 2014) in mesoscale weather simu-
lations. Accordingly, we were able to analyze the global, urban, and combined
global-urban effects. The ultimate goal is that this approach can be applied to

other megacities in developing countries.

6.2 METHODOLOGY

Two global emission scenarios of RCP, RCP2.6 and RCP8.5 were selected con-
sidering the best and worst emission scenario respectively. We paired RCP with
SSP to include local urbanization adaptation scenario thus creating an integrated
global-urban climate projection analysis. We used SSP1 and SSP3 scenario gener-
ated from Integrated Assessment Model of Asia Pacific Integrated Model (AIM)
globally available at regional and country scale (Fujimori et al., 2017, 2014, 2012).
RCP scenario was used to determine background global climate change effect in-
cluding physical meteorological parameters and boundaries. SSP scenario was
used to project future urban socio-demographic parameters including popula-

tion density, energy consumption, and gross domestic product (GDP). We used
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Simulation Emission Urban parameters

Case name vears forcing Boundary data and AHE
Present 2006-2015 - NCEP-FNL Present
RCP2.6 2046-2055 RCP2.6 NCEP-FNL-PGW-RCP2.6 Present
RCP8.5 2046-2055 RCP8.5 NCEP-FNL-PGW-RCP8.5 Present

RCP2.6& Compact city

2046-2055 RCP2.6 NCEP-FNL-PGW-RCP2.6 .
Compact scenario (SSP1)
RCP8.5&BaU  2046-2055 RCP8.5 NCEP-FNL-PGW-RCP8.5 BaU scenario (SSP3)

Table 6.1: Description for numerical simulations for present and future urban climate. Case
RCP2.6 and RCP8.5 are background climate cases as illustrated in 5.1.

these parameters as fundamental components in formulating urbanization sce-
nario. Based on scenario matrix concept between RCP and SSP scenario (van
Vuuren et al., 2014), we selected RCP2.6 to be coupled with SSP1 and RCP8.5
with SSP3. RCP2.6&SSP1 low emission scenario represents the best adaptation
strategy. In contrary, RCP8.5&SSP3 high emission scenario represents worst
adaptation strategy.

All simulations (see Figure 5.1) were based on high-resolution 1-km regional
climate modeling to simulate the present and future urban climate in Greater
Jakarta. Present (2006-2015) and future (2046-2055) climate was simulated us-
ing the Weather Research and Forecasting (WRF) model coupled with a modified
version of the single-layer urban canopy model (modified SLUCM; Kusaka et al.,
2001) to place importance on specific urban morphological parameters (Varquez
et al., 2015). These parameters were used to estimate the urban aerodynamic
parameters, zero-plane displacement, and roughness length to determine momen-
tum and heat (Hagishima et al., 2009; Zaki et al., 2011; Grimmond and Oke, 2002;
Kanda et al., 2013; Kawai et al., 2009; Kanda et al., 2007).

The future global climate scenario was downscaled using a pseudo global
warming (PGW) (Kimura and Kitoh, 2007; Rasmussen et al., 2011; Sato et al.,
2007) method with ensembles of five CMIP5 global climate models (GCMs) as
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inputs for RCP2.6 and RCP8&.5. The urban parameters were projected based on
the sociodemographic parameters from SSP1 and SSP3. We proposed two urban
expansion scenarios, compact and business-as-usual (BaU) adaptation strategies,
where the compact scenario was derived from SSP1 and the BaU scenario was
derived from SSP3. Then, the global and urbanization scenarios were coupled in

the simulation runs.

6.2.1 FUTURE GLOBAL CLIMATE PROJECTION

Future climate simulations were conducted using the PGW method under two
cases: global climate change alone and combined global-urban climate change
(Table 6.1). The PGW method is an indirect future climate dynamical down-
scaling method derived from GCMs (Kimura and Kitoh, 2007). It represents a
delta-change method, taking the difference between present and future pertur-
bations and adding the difference to present historical climate simulations. The
PGW method has been used widely in other future project dynamic downscaling
studies in a variety of future atmospheric fields to study urban climate (Adachi
et al., 2012; Doan and Kusaka, 2018; lizuka, 2018; Tizuka et al., 2015; Kusaka
et al., 2012; Tewari et al., 2017; Yamamoto et al., 2018).

Direct downscaling (DDS) method for future climate projection is con-
ducted as simulations on regional climate model (RCM) nested domains directly
within GCM boundaries. DDS method is done annually from present year(s) un-
til future target year(s). However, reproduction of regional climate system is still
challenging, since simulated climates in RCM domains are strongly influence by
GCM’s forcing which is larger than RCM first domain order (Sato et al., 2007).
Thus, bias contained in GCM will largely affect RCM and cause domino effect
in finer domains. PGW reduce the GCM bias by only use the climate parame-
ters difference resulted by GCM realization (Adachi et al., 2012). Furthermore,
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differ to DDS method that require complete set of climatic parameters as input
at decided time interval (i.e. 3-hourly or 6-hourly), PGW gives more flexibility
to adjust the necessary climatic parameters based on our preferred time inter-
val. Since we used 6-hourly FNL initial and lateral boundary for the simulation,
PGW allows us to modify selected parameters in FNL based on delta difference
of parameters resulted from PGW and only applied it in preferred time interval.
As the result, PGW downscaling could reduce computational time compare with
DDS. In addition, it also reduces the sampling error caused by interannual or
interdecadal variability because the daily weather in the future climate will have
similar characteristic to those corresponding days (present days) in PGW method.

In PGW dynamical downscaling, the difference of climatological pareme-
ters between 10 to 30-year average of future (i.e. we used 10-year averaged for
this study) and that of present is calculated using GCM data. Then, the lin-
ear coupling of the climatological parameters difference and renalysis data (i.e.,
present boundary condition from reanalysis data -in our study we used NCEP-
FNL - added with the difference) is set to WRF/SLCUM as future initial bound-
ary condition. From here, dynamical downscaling is conducted in WRF /SLUCM
system environment. Using this approach, we considered the 10-year average
of future climatological parameters of each GCM in August during the period
2046-2055 and for 2006-2015 for present period. Figure 6.1 and Figure 6.2 de-
scribe schematic flow of PGW. GCM climatic parameters data are available to
download from https://esgf-node.1llnl.gov/projects/esgf-11nl/, or http:
//www.ipcc-data.org/sim/gcm_monthly/ARS5/Reference-Archive.html. The
resolution of each ensemble member is as presented in Table 6.2.

The climatological parameters necessary for the PGW method include
three-dimensional wind components (3-hourly and 6-hourly), temperature com-

ponents including 2-m temperature and surface temperature (3-hourly, 6-hourly,
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Atmospheric grid resolution (in degree)

GCM Name
Lat Lon
HadGEM2-ES 1.25 1.875
IPSL-CM5A-LR 1.8947 3.75
MIROC-ESM-CHEM 2.7906 2.81
NorESM1-M 1.8947 2.5
GFDL-ESM2M 2.0225 2.5

Table 6.2: GCM member used in this study and their resolution (https://portal.enes.org/
data/enes-model-data/cmip5/resolution)

daily, and monthly), pressure components (6-hourly), and humidity components
(3-hourly, 6-hourly, and monthly) acquired from each GCM member. Ensemble
averaging was done for each climate component difference value from 2046-2055.
The ensemble averages were subtracted from the ensemble averages of 2006-2015
climate components. The difference of the ensembles was added to the meteoro-
logical boundaries of the historical NCEP-FNL to be used as the meteorological
boundary for 2046-2055. Target climatic parameters following WRF /SLUCM no-

tations are:
e 4-dimensional temperature (TT) modified by difference of 2-m temperature,

 4-dimensional U wind component (UU) modified by difference of U wind

velocity component,

 4-dimensional V wind component (VV) modified by difference of V wind

velocity component,

o 4-dimensional relative humidity (RH) modified by difference of relative hu-
midity,

« 4-dimensional geopotential height (GHT) modified by difference of pressure,
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6-hourly reanalysisdata
July-August 2006-2015
(NCEP-FNL)

o

Future and present
climate difference
parameters:

AU, AT, AP, Aq
(mean from multi-GCM:
HadGEM2-ES, IPSL-
CMS5A-LR, MIROC-ESM-
CHEM, NorESM1-M,
GFDL-ESM2M)

1
1

6-hourly pseudo future
climatedata
July-August 2046-2055
(NCEP-FNL-PGW)

Figure 6.1: Conceptual framework of future meteorological boundary based on PGW method

« 4-dimensional soil layer temperature (ST) modified by difference of surface

temperature,

o 3-dimensional skin temperature (SKT) modified by difference of surface tem-

perature,

« 3-dimensional sea surface temperature (SST) modified by difference of sur-

face temperature,

« 3-dimensional soil temperature (SOILT; STxxxxxx, x denotes soil layer code)

modified by difference of surface temperature.

Further details of the PGW method can be found in Kimura and Kitoh (2007).

In this study, we used NCL programming language to process PGW input as

described in Appendix C.

6.2.2 FUTURE LOCAL URBANIZATION SCENARIO PROJECTION

In a rapidly urbanizing megacity such as Greater Jakarta, it is insufficient to

consider only future background climate changes to analyze future urban climate,

since urban sprawl is expected to expand widely over the next 30 years. Therefore,

we incorporated urbanization scenarios into the future projections based on a socio-

economic scenario that supports the RCPs, the Shared Socio-economic Pathways
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2010s A GHT, A SKT

Figure 6.2: PGW method workflow presented in current study

(SSPs). As such, we not only conducted a future projection based on background
climate change downscaled using the PGW model but also cases involving both
the PGW model and urbanization scenarios.

We considered future urbanization scenarios under the worst and best ur-
ban adaptation strategies. The worst adaptation strategy was represented by
SSP3, defined by high emissions, inefficient energy consumption, and low-resilience
urban planning. We assumed that this condition would force people to reside
in suburban areas, creating horizontal expansion further from the city center.
The low adaptation and mitigation strategy under SSP3 consequently led to unre-
stricted future urban expansion. To support this, we created the BaU urbanization
scenario from historical urban sprawl trends in Jakarta without any restrictions on
horizontal expansion. We considered RCP8&.5 as an appropriate emission scenario
for the BaU scenario (henceforth, RCP8.5&BaU). Conversely, SSP1 represented
the best mitigation strategy, defined by low emissions, high energy efficiency, and

high resilience. This condition better supported population growth centralized
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in the city center, and urban expansion was expected to be more vertical than
horizontal. Thus, horizontal urban expansion was restrained while vertical expan-
sion was allowed, resulting in a compact city scenario. We considered RCP2.6
as an appropriate emission scenario to support the compact scenario (henceforth,
RCP2.6&Compact). Both urbanization scenarios were constructed in a 1km grid
resolution.

The urbanization scenarios were developed in two steps: (1) determination
of urban sprawl probability and population projection and (2) urban parameters
and AHE projection. In the first step, we projected the future sprawl probability
of the target area using the cellular automaton model SLEUTH (Clarke et al.,
1997; Silva and Clarke, 2002). The model predicts the probability on a 0-100
scale for each grid, where higher values on the scale define higher probabilities
of expansion. We used historical land-use data constructed from Landsat for the
model’s learning step and calculated the BaU scenario from the learning results.
Meanwhile, we limited the model’s expansion parameters for the compact scenario
calculations. Then, we projected the gridded population density using the logistic
function, which was modified with the probability parameter defined previously.
The projected population densities from SSP1 and SSP3 were used as the future
function boundaries. The historical population density was taken from the 1km
gridded population data of LandScan (Dobson et al., 2000). For further details
see 6.2.2.1.

In the second step, we projected the future urban parameters and AHE
changes. We used an empirical model that correlates sociodemographic indicators
with urban parameters and AHE (Kawano, 2018; Kawano et al., 2016; Varquez
et al., 2017, 2018). Here, we used a nighttime light-adjusted population density
(Dong et al., 2017) using Version 1 Nighttime VIIRS Day/Night Band Composites
(Elvidge et al., 2013) to adjust the projected population density. The required fu-
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ture sociodemographic parameters were referred to SSP3 for the BaU scenario and
SSP1 for the compact scenario. The performance of these empirically derived pa-
rameters in the modified WRF/SLUCM for the present urban climate was verified
(Varquez et al., 2017). Figure 6.3 illustrates the changes in urban parameters and
AHE between the present and future for both the compact and BaU scenarios.

For further details see 6.2.2.2 and 6.2.2.3.
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6.2.2.1 FUTURE POPULATION PROJECTION

We used the cellular automaton urban growth model SLEUTH (i.e., Slope, Land
use, Exclusion, Urban extent, Transportation, and Hill shade) (Clarke et al., 1997)
to project the future urban sprawl probability at a 1km grid resolution. The
SLEUTH model has been used to project future urban sprawl in several metropoli-
tan areas (Bihamta et al., 2015; Clarke et al., 1997; Jantz et al., 2010; Sakieh and
Salmanmahiny, 2016; Silva and Clarke, 2002). The slope and hill shade layers
were taken from the GMTED 2010 mean values. Meanwhile, the land-use, exclu-
sion, and urban extent layers were processed from Landsat images from the years
1989, 1994, 2001, and 2014, which were classified using a spectral angle mapping
land-use classification algorithm. The exclusion area included water areas, air-
ports, urban parks, and national parks. Finally, the road network layer was taken
from an open-source map from 2001 and a digitized map from 1992.

Five coefficients were considered to determine the course of urban sprawl

in the study area:

1. The diffusion or dispersion coefficient controls a single grid /pixel number of

times being possible as urbanized grid.

2. The breed coefficient determines the probability of a new detached grid

becoming new spreading center.

3. The spread coeflicient determines the probability that any grid that is part
of a spreading center will generate additional urban grid in its surrounding

grids.

4. The slope coefficient determines the effect of terrain on as urbanization ob-
stacle (i.e., lower slope will have higher possibility to be urbanized compare

with higher slope).
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5. The road gravity coefficient determines the distance along the road to which

urbanization can occur.

To define the urban growth characteristics of the study area, we conducted
calibration calculations to define these coefficients. We used historical land-use
data processed from Landsat satellite images from 1989, 1994, 2001, and 2014 as
the model learning inputs. Here, the urban growth rules were defined as spon-
taneous growth, new spreading center growth, edge growth, and road-influenced
growth. SLEUTH automatically calculated the growth rules to clarify the study
area urban growth characteristics during the calibration process. Additional de-
tails of the calibration process can be found in the literature of Clarke et al. (1997)
and Silva and Clarke (2002). Based on the calibration process, the growth coeffi-
cient results for Jakarta were as follows: diffusion coefficient = 1; breed coefficient
= 14; spread coefficient = 89; slope coefficient = 65; and road gravity coefficient
= 28. These coefficients were used to define the historical or BaU growth. For
controlled, compact urban growth, we modified the spread coefficient to a value of
22, assuming that the spread would be limited to one quarter of that under BaU
growth. The results of the urban growth/sprawling probability were then used in
a logistic model for the population projection.

Logistic growth models are commonly used in population projections, in-
cluding those of human populations. The major characteristic of logistic equations
is that they implement a population capacity limit. Thus, upon reaching the car-

rying capacity, the population growth becomes saturated. The discrete logistic
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equation used in this study is presented below.

(Atm- + l)PopitJ-

P()pFJ.rl =
Y 14 B{; x Popj;
A = exp(rj;) — 1 (6.1)
t
t b
Lj — Kt
with
a' x Proj' for 0 < Pop}; <100

b* x Pro}' for Pop!; > 100

where Pop refers to gridded population, Pro refers to gridded sprawl probability
from SLEUTH result, r refers to intrinsic rate of increase, K refers to carrying
capacity, and a,b refer to independent estimation variables for rate of increase,
changing with time.

Using Equation 6.1, we determined the present rate of population increase
based on LandScan 1km gridded population year-by-year data (2001 to 2002, 2006
to 2007, 2009 to 2010, 2010 to 2011, and 2012 to 2013; in order of the base year
to the target year) as references for the historical calculation to determine the
logistic model parameters. Then, the defined equation was used as the predictor
equation for future years. We divided future years into four periods of estimation
(2014-2020, 2020-2030, 2030-2040, and 2040-2050) to minimize the prediction
deviation, where the target year was the 2050 population.

To define the values of a*, b*, K, we optimized the a*, b*, K coefficients by
minimizing the sigma value (Equation 6.2) between the predicted population and
LandScan population. Then, we determined the most suitable a', b*, K' values
for each grid during all four future periods. The city-scale-based population was

based on the ratio of the city population to country population (city/country
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ratio) taken from the historical city to country ratio from LandScan. For the rate
of increase, we used two conditions based on a population limit of 100, which
stated that if a given grid exceeded a population of 100, the rate decreased.

We add another restriction based on SSP1 and SSP3 projected population.
Yearly SSP city scale value was estimated by using empirical equation derived
from linear regression of previous years (2001 - 2013) city/country ratio taken
from LandScan. Later, we defined city scale SSP for every year from 2014-2050
value as SSP', applied for both SSP1 or SSP3. The constraint is as defined in
Equation 6.3. Results of calculation projection using both condition of a*, b*, K
tcoefficient optimization and SSP constraints is shown in Figure 6.4. For each

future period, a*, b*, K' coefficient value is as show in Table 6.3.

i=n; =N
t+1 l l

ott! = Z z:(LsPopffjrl — Pop; )2 (6.2)

n; X 1y P

where,

LsPop;; is LandScan population at grid i,j

Pop; ; is estimated population from logistic equation at grid i,j
o is standard deviation of total gridded population from
1 1
LsPop;;" and Pop;;
n; , N are total columns number, total rows number

with condition, o as small as possible.

|SSP* — Total Pop};| < 10%(t = 2020, 2030, 2040, 2050) (6.3)

SSP! is city based population projection based on SSP scenario. Value was pro-
cessed using linear regression function to projected years (yearly) for city/country
ratio of population from SSP. Total Popitﬁj is city scale (all grids inside city bound-

ary) estimated population from logistic equation. 10 was chosen as the iteration
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Figure 6.4: Results of the calculated population projection using the conditions of the a*, bt, K*
coefficient optimization and SSP constraints for the compact scenario using SSP1 and the BaU
scenario using SSP3.

Compact Scenario BaU Scenario
Kt a' bt Kt at bt
2014~2020 60000 0.88724 0.035232 60000 1.351278 0.032192
2020~2030 60000 1.05457 0.025731 60000 1.222823 0.022672

2030~2040 60000 0.937238 0.020339 60000  0.304  0.019533
2040~2050 60000 0.862305 0.016753 60000 0.222043 0.01754

Year (t)

Table 6.3: Coefficients for logistic equation

error limit considering that population growth in the SSP scenarios increased by
an order of magnitude of 107 to 108. Thus, 10® was considered to represent a small

error for the iteration optimization.

6.2.2.2 FUTURE URBAN PARAMETERS PROJECTION

Empirical relationship (Kawano, 2018; Varquez et al., 2017, 2018) was built to
estimate urban parameters. 30-arc-second ( 1km) population density (PD) from
LandScan 2013 adjusted by nighttime lights (NL) of VIIRS Day/Night Band
Composites Version 1 (PDNL) was used. Here, we focused on the estimation of
1km urban parameters of building plan area index (A,) and average building height
(Have). The rest of necessary variables (A¢ ,d ,2z¢) later calculated from obtained

Ap and Haye using method describe in Kanda et al. (2013).

101



To build this relationship function, a complete urban parameter datasets
of A, and Haye from 5 megacities: New York, Tokyo, Istanbul, Jakarta, and Mel-
bourne were created. A positive linear relationship was found between spatially
comparison of PDNL, further normalized by the maximum PDNL (PDNLy,.x) and 5
Megacities'realistic Have. Furthermore, the intercept (By_ ) and the slope (ay,,,) of
the linear regression used to estimate H,ye from PDNL were found to be functions

of the city’s GDP (in US Dollar) as follows.

" PDNL
PDNLpax

BHave = _2 X 10_12 X GDPC]ty _I_ 918

Have = alphaHave + Bl'lave

(6.4)
e = —2 % 10" x GDPyyy + 9.80

GDHW::GDmeW><§gf§§;
where PDNL,.x represents the maximum gridded PDNL value within the area of
the city. Population values (Pop.y) are taken from projected population value
estimated in 6.2.2.1 in 1km grid resolution for 112x135 grids for target study area.
Population (Popcountry) and GDP (GDPeountry) of country in the future were taken
from projected country’s GDP value (i.e., Indonesia) in 2050 from SSP1 scenario

for compact city and SSP3 for BaU (Fujimori et al., 2017, 2012) as defined in

Equation 6.5.

POpCitYSSP

GDP,, (USD) = GDP.ountrveer (USD) X
tY( ) tryssp ( ) Popcountryssp

(6.5)

The empirical equation to estimate future A, was also constructed using
the same manner with future H,, conceptual manner. Below is the empirical

relationship of future A, as function of future population as follow.

PDNL \? PDNL
Ap=—025(—— 046 ( — | +0.11 .
P (PDNLm“> * <PDNLmaX)+ (6.6)
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The urban parameter data for present urban climate calculation were de-
rived from satellite images (Chapter 5). To manage this discrepancy, we calculated
both the present and future urban parameters based on sociodemographic empiri-
cal equations. Future sociodemographic conditions were taken from the previously
calculated population projection, while the other required parameters were taken
from the projected SSP1 and SSP3 values. Next, we subtracted the results of the
future projected parameters from the present values and added the difference to
the present satellite-derived parameters to obtain the future projected parameters.
Details on program script for future urban parameters projection, see Appendix

A.

6.2.2.3 FUTURE AHE PROJECTION

The present anthropogenic heat emission (AHE) values were taken from the 1km
gridded global AHE database (Dong et al., 2017). For the future values, we
referred to the same publication used as a basis for projecting the AHE. We
used SSP1 and SSP3 projected for 2050 instead of currently available country-
level energy data (Fujimori et al., 2017, 2012). AHE was calculated as the total
energy of heating from energy loss (Qy,), heating from commercial, residential, and
transportation sectors (Qcrr), and heating from industrial and agricultural sectors

(Qua) as follows.

AHE = Qi + Qcrr + Qia (6.7)

The gridded Q, was estimated as follows.

ECp X RL

=S a (6.8)

Qu

where EC,, represents the country-level total annual primary energy consumption
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(final and primary) taken from the SSP projection, Ry, is the ratio of energy loss
to total primary energy consumption (1— (Energyfina/Energyprimary)), > Aij is the
total area of a country in the grid, and T is the time period (one year).

The gridded Qcrr was calculated as follows.

EC R PDNL; ;
Qcrr = p X RCRT X ( o) )

Aij xT > PDNL;; (6.9)
where A corresponds to each area of each grid cell (km?), PDNL;; is the population
density adjusted to the VIIRS nighttime lights in each grid (people/km?), and
> PDNL;; is the sum of the total adjusted population density within each country.
Here, we referred to SSP1 and SSP3 future country-level population data. For
city-scale data, we used the LandScan 2013 ratios to estimate the population

density of each grid.
The gridded Qp was calculated as follows.

EC, x Ria

Qu==7""0
ZA’M x T

(6.10)

where Ry, is the ratio of energy consumed by industry, agricultural, forestry, fish-
ing, and other non-specified sectors to the total primary energy consumption of
the country stated in the SSP1 or SSP3 projections, while »_A{; is the total
area occupied by industrial and agricultural activities based on SSP1 and SSP3.
See Appendix A for programs to calculate future AHE for Jakarta. Finally, the
calculated AHE was predicted for the monthly and diurnal variations following

previously described methods (Dong et al., 2017).
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6.3 RESULTS

6.3.1 GLOBAL CLIMATE CHANGE PROJECTION

In the extent of effect solely from global climate change, the results after PGW
method showed that the impact is homogenous in our focused domain with 0.60°C
and 1.37°C temperature increased for RCP2.6 and RCP8.5 respectively (Figure
6.5 and 6.7). This homogenous global climate change effect is agreed with similar
studies implementing PGW for urban climate analysis (Doan & Kusaka, 2018;
Kusaka et al., 2016; Lee et al., 2017; Yang et al., 2016).

Under global effects, humidity increased from the present to the future due
to increases in sea temperature. However, urban effects resulted in a drier atmo-
sphere within the urban grids. As a result, humidity in the urban area did not
change drastically compared with present conditions, despite the increases in back-
ground global humidity. HSU areas exhibited a slightly drier urban atmosphere
than AU areas solely from the urban effect.

Considering global effects alone, the RCP2.6 scenario resulted in faster
wind speeds throughout the study domain (Figure 6.8). Meanwhile, the RCP8.5
scenario resulted in slower wind speeds, especially around shore areas, probably

due to lower sea—-land temperature differences.

6.3.2 FUTURE URBAN CLIMATE PROJECTION FROM COMBINED GLOBAL AND

LOCAL EFFECT

The near-surface temperature in urban land use increased by 0.66 + 0.67°C and
1.47 +1.38°C for RCP2.6&Compact and RCP8.5&BaU, respectively. The large
standard deviations indicated a wide heterogeneity in temperature change within
each 1km grid. Figures 6.5 and 6.6 present the statistical analysis of the temper-

ature change due to combined global-urban effect and urban effect alone, respec-

105



tively.

Figure 6.7 shows the spatial distribution of the average temperature change
in the future. The average temperature increase in high-sprawl urban (HSU) areas
under the RCP2.6&Compact scenario was 0.67 + 1.04°C, while that under the
RCP8.5&BaU scenario reached 1.46 + 1.50°C. HSU area was defined by newly or
additional projected urban areas due to city volume expansion in 2046-2055. If
the UHI were defined pre- and post-urbanization, we could determine the change
in temperature from the present to the future in such high-sprawl areas as the
temperature change due to the urban effect.

Both the RCP2.6&Compact and RCP8.5&BaU scenarios showed that the
average temperature increase in HSU areas was higher in the day than at night
(Figure 6.5(d)). By contrast, in the all urban (AU) areas the nighttime tempera-
ture increase was higher than that in the daytime. The AU areas were dominated
by formerly urbanized areas located within the Jakarta boundary, while HSU ar-
eas were characterized by considerably lower building densities and heights, with
shallow urban canyons. Moreover, HSU areas resemble residential areas rather
than business districts. Thus, the HSU areas may reflect more shortwave radia-
tion to the canopy layer, increasing the temperature during the day but enabling
faster cooling at night. Conversely, the AU areas had lower albedos, yielding the
opposite effect.

We separated solitary urban effects from the RCP2.6&Compact and RCP8.5
&BaU scenarios by subtracting them with the intermediate case (Figure 6.6). The
average urban effects in a compact city for AU and HSU areas were 0.04 + 0.65°C
and 0.05 £ 1.02°C respectively. Meanwhile, the urban effects under the BaU sce-
nario in AU and HSU areas were 0.10 4+ 0.71°C and 0.10 + 1.05°C, respectively.
The hourly averaged urban effect was less dominant than the background climate

change, which ranged from 0.20 to 0.30°C (Figure 6.6(b)). Even though the av-
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erage contribution was non-significant, the spatial variation was large, ranging
from 1.2 to 1.65°C under the compact scenario and 1.2 to 1.80°C under the BaU
scenario (Figure 6.6(a)). Comparing the two urbanization scenarios, the urban ef-
fect was larger under the BaU scenario. Moreover, the difference was largest from
midnight until early morning. Finally, the urban effect resulted in significantly
larger temperature variance in HSU areas than in AU areas under both scenarios.
The smallest variations were observed immediately after sunrise and at sunset.
Compared with AU areas, the daytime urban effect in HSU areas showed higher
temperature increases. Meanwhile, the magnitude of the nighttime urban effect
was larger in AU areas.

Urban effects could reduce wind speeds by up to 1lm/s, as observed in
both the compact and BaU scenarios. The urban effects on slower wind speeds
were greater under the BaU scenario, especially in the eastern area of Jakarta,
corresponding to an area with a high potential for future urbanization. Surface
roughness was greater under the BaU scenario than the compact scenario in the
city outskirts, leading to higher wind drag and vertical upward wind motion due

to convection, resulting in less urban ventilation.
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6.4 DISCUSSION

The findings of this study imply that the effect of combined climate change and
local urbanization is highly varied at a 1km resolution, despite the overall small
average values. The urbanization effect itself strongly related to how urban pa-
rameters and AHE change in the future projected in each scenario. Depending on
how future urban configuration and heat emission change, the urbanization effect
may increase or decrease temperature in certain grids. Similar study of Doan and
Kusaka (2018) conducted in Greater Ho Chi Minh city, Vietnam, which is com-
parable with Greater Jakarta, showed the future urban effect could reach 0.5°C
spatially-averaged in HSU area. It is to be noted that study on Ho chi minh
city and Hanoi only use land use criteria as land use change reference and geo-
graphical boundary, therefore the result is somehow homogenous, independent of
urban parameterization. On the other hand, we found that in Greater Jakarta
the urban effect itself is quite insignificant as spatially-averaged value, but the
spatial-variation range is more critical (0.05 #+ 1.02°C and 0.10 + 1.05°C for com-
pact and BaU scenario in HSU area). Some grids had temperature increases due
to urban effects that were close or larger in magnitude to those caused by global
effects. As such, these grids may represent areas that are particularly vulnerable
to urban climate change risks. The location of Greater Jakarta in tropical area is
considered as the main cause of averagely low urban effect that is dominated by
synoptic scale effect (Varquez and Kanda, 2018).

Comparing the combined global and urbanization scenarios, implementing
the RCP2.6&Compact scenario could suppress the impact of climate change in ur-
ban areas. By consequence, the RCP2.6&Compact scenario was associated with
a lower future temperature increase. Moreover, the compact scenario promoted

a centralized and smart city design, which could increase urban resilience in rela-
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Figure 6.7: Spatial average of the 10-year 2-m temperature change between the present and fu-
ture (°C): temperature change based on the global climate change and local urbanization scenarios
for the RCP2.6& Compact (a) and RCP8.5&BaU (d); temperature change solely due to global cli-
mate change for RCP2.6 (b) and RCP8.5 (e); temperature change solely from local urbanization
effect under the compact (c) and BaU (f). The inner solid black line represents Jakarta and outer
line represents Greater Jakarta.

111



Global effect Urban effect on compact scenario 1.00

sdobal & urban efect
Ty Upepze — Uppesent Ugepz 65 compaee — Uncprs

075
0.50
0.25
0.00

1 .' - ".'.I_.'.H!_- : | £t B .
’ ) ' gt 1 025
o " gt =T J { . " g =T »
'\‘ll . ¥ d r { . = = -0.50
" ; Ea' : i
LAY Lol oy
5 4 . -1.00

-0.75

(a) (b) (c)
Global & urban effect Global effect Urban effect on Bal scenario
Ugcra samar — Upresent Upcpas — Upresent Ugcpasepar — Upcpas

1.00

075
0.50

0.25

0.00
025

=0.50

075

-1.00

Figure 6.8: Spatial average of the 10-year change in 10-m wind speed between the present and fu-
ture (m/s): wind speed change based on the global climate change and local urbanization scenar-
ios RCP2.6&Compact (a) and RCP8.5&BaU (d); wind speed change solely due to global climate
change for RCP2.6 (b) and RCP8.5 (e); wind speed change solely from local urbanization effect
under the compact (c) and BaU (f).
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tion to the impacts of climate change. By contrast, lower restrictions on urban
planning could realize the RCP8.5&BaU scenario, which could increase urban tem-
peratures up to 3.4°C from present conditions (Figure 6.7), particularly in dense
residential areas in the northwestern area of Greater Jakarta. Such high temper-
ature increases could drastically increase the vulnerability of the population to
heat stress and the energy demand for cooling.

The RCP8.5&BalU scenario resulted in lower wind speeds due to higher
changes in surface roughness in the future, increasing the associated drag. This
was especially notable in the southeastern area of the future urbanized area of
Greater Jakarta (Figure 6.8). Effect of the urban area solely under local urban-
ization effect in compact (Figure 6.8(c)) and BaU (Figure 6.8(f)), showing that d
and zy have a linear relationship on wind speed. Wind drag could reduce urban at-
mospheric circulation and advection cooling from sea and mountain breezes. The
projected urbanized area on the outskirts of Jakarta had a greater impact on the
urban effect than that of the city center. Therefore, controlling sprawl in these
areas should be considered given the potential impact on the future population.
Mitigation and adaptation strategies that support the RCP2.6&Compact scenario
are highly recommended.

We found that both urban morphological and aerodynamic parameters and
AHE had substantial effects on shaping urban climate characteristics, regardless
of two-dimensional urban land use expansion. The daytime urban effect was larger
than that at night in terms of average magnitude; however, the spatial variance of
the nighttime urban effect was greater. Moreover, an average urban cooling effect
around 0.2°C was observed immediately after sunrise under both scenarios, with
greater cooling under the compact scenario (Figure 6.6). The logical explanation
is that there was a lower albedo under the compact scenario due to the presence of

deeper urban canyons, thereby lowering the temperature due to the lower amount
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of radiation received in the early morning. Overall, the magnitude of the urban
effect in the study area was lower than the maximum tropical UHI value or typical
subtropical and mid-latitude values (Wienert and Kuttler, 2005).

Negative temperature changes were predicted around hilly areas close to
the mountain perimeter in the southern outskirts of Jakarta. This temperature
decrease may be due to urban mixed-topography effects from coastal to moun-
tainous areas, creating a cool zone around the mountain base (Lebassi-Habtezion
et al., 2011). However, further studies are recommended to clarify this result.

The daily analysis of the urban effect during sea-breeze days showed that
the urban area could act as an obstacle to sea-breeze penetration, resulting in in-
creased temperatures further inland. Under the RCP8.5&BaU scenario, this mech-
anism could induce earlier thermal convection areas, compared with the present,
resulting in a higher atmospheric boundary layer. By contrast, this phenomenon
was less significant under the RCP2.6&Compact scenario. Urban areas as wind
obstacles were observed not only during the day, when sea breezes penetrated
inland, but also at night under land-breeze conditions. Land breezes from higher-
altitude areas in the southeastern outskirts of Jakarta were impeded due to the
urban effect, resulting in a higher nighttime UHI. Although not considered in
this study, dispersion of air pollutants can be deduced. Given Jakarta's sea/land
breeze circulation and its mixed topography, downwind areas in the southern out-
skirts will tend to have higher air pollutant concentrations due to its advection
from the bay to the downwind city areas. At night, air pollution returns to the
bay area, degrading the air quality in the northern coastal area of the city (Oke
et al., 2017).

As limitations of this study, there are some concerns regarding the empirical
equations used to derive the estimated urban parameters. Further improvements,

by including more cities and a deeper analysis based on conditions unique to
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particular cities, such as regional, background climate, and cultural effects would
be likely to improve the equations. Moreover, model validation with observation
stations showed higher error and bias during the day compared to night. This
error may have been inherited from the surface radiation budget calculations in
the SLUCM combined with the NOAH land surface model (Salamanca et al.,
2018), further analysis should be considered.

6.5 SUMMARY

Projections of the future climate of tropical, rapidly urbanizing megacities cannot
rely solely on the effects of emission scenarios. The results of this study imply that
urban effects can reach the same magnitude as global effects. Even though urban
signals dominated the climate signal by an average factor of 12.2 (13.0) under the
RCP2.6&Compact (RCP8.5&Bal) scenario, the findings showed that the urban
signal distribution values were highly and significantly spatially diverse. In order
to perform vulnerability studies, investigating over combinations of global climate
and local urbanization are necessary. Several realizations of the same urbanization
policies (e.g. BaU) would also be required. This would allow to determine the
areas that are vulnerable in most realizations, and could then be considered as a
reliable projection of future vulnerable urban areas.

Overall, mitigation and adaptation efforts based on urban planning in
Greater Jakarta should strive to meet the conditions of the RCP2.6&Compact,
since temperature change trends will otherwise follow the RCP8.5&BaU scenario,
with no strict regulation on urban planning. The implications of the adaptation
efforts under the RCP2.6&Compact scenario could reduce the effects of warming
in newly urbanized areas. Focusing on urban ventilation, a strategy mirroring the
RCP2.6&Compact scenario could improve urban wind ventilation by reducing ur-

ban roughness in the outskirts of Jakarta. Furthermore, it could prevent daytime

115



and nighttime air pollution by promoting effective wind circulation.

The results of this study imply that a compact concept of urban devel-
opment could prevent future warming. Because the input data were constructed
from globally available data sources, this study also aimed to fill the gaps in urban
climate research between tropical and mid-latitude cities, especially other cities
in developing countries. Therefore, this strategy should be considered not only
for Greater Jakarta but also for other developing cities located in Am/Af climate

zones experiencing rapid urbanization.
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Future heat-related mortality projection

7.1 INTRODUCTION

Future temperature change in urban area affect directly to urban dwellers. Direct
impact on higher temperature exposure is the heat-related mortality (Hales et al.,
2014; Honda et al., 2014) and energy consumption for space cooling (Isaac and
van Vuuren, 2009). In addition, heat wave will emerge in the future climate and
the effect is exaggerated in urban area (Lemonsu et al., 2015; Wouters et al.,
2017; Zhao et al., 2014). Therefore, the phenomena will place urban dwellers
as the most vulnerable population in the future world, especially elderly, low-
income populations, and those without access to cooling facilities (Patz et al.,
2005). Furthermore, sleep disturbance cases are projected to increase due to
higher future temperature (Obradovich et al., 2017; Rifkin et al., 2018). People

with cardiovascular or respiratory disease, diabetes, chronic mental disorders, or
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other preexisting medical conditions are at greater risk from heat exposure (Kovats
and Hajat, 2008). Higher temperature may also trigger higher rate of tropical
disease such as it gives better environment for malaria and dengue vectors (Rueda
et al., 1990; Whitmire et al., 1987).

Correlation between heat-related mortality and climate change shows that
implication of scenario on low adaptation-mitigation strategy implied on 0.1 -0.6%
heat-related excess deaths in 2050 where Asian countries are the most vulnerable
ones (Hales et al., 2014). Previous studies implied that optimum temperature
(OT) and relative risk of death due to mortality can be featured in V-shaped rela-
tion (Honda et al., 1998, 2007). OT is defined as a temperature value where the
minimum mortality value observed as a function of daily maximum temperature
(Takahashi et al., 2007) or mean temperature (Gasparrini et al., 2015). Following
this definition, OT can also be defined as the most comfortable day by means
of daily mean or maximum temperature. Figure 7.1 illustrates the OT and heat-
related mortality relative risk relationship. First global analysis on the OT and
heat-related mortality relative risk (OT-RR) shows that OT lied on the 84™ per-
centile of annual daily maximum temperature distribution (Honda et al., 2014).
However due to limitation, this study is still limited to developed countries and
data sourced from developing and tropical countries are not included. This con-
dition makes the OT as 84™ percentile rule in the developing tropical countries
become arguable.

Study by Gasparrini et al. (2015) reveals that both heat and cold as func-
tion of daily mean temperature value are affecting temperature-related mortal-
ity risk. The geographical scope of this study is including tropical, subtropical,
mid-latitude, and high-latitude countries. From this study, it is apparent that
in (sub)tropical countries (e.g., Thailand, Brazil, Taiwan) the OT is shifted left-

side to around 60" percentile of daily mean temperature data distribution. In
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Figure 7.1: Heat-related mortality, considered as the shaded area. Taken from Honda et al.
(2014)

(sub)tropical countries however, the temperature mortality relative risk only re-
lated with hot temperatures since the winter season are still above 10°C. Mean-
while, the OT in mid-latitude countries (e.g., Japan, South Korea, China, Canada,
USA) agrees with Honda et al. (2014)’s study, ranging from 81t to 89 percentile
of daily mean temperature distribution. The study also found that in high-latitude
country (e.g., Sweden), the OT is shifted right to 93™ percentile.

Mentioned studies were conducted for global analysis and the they also an-
alyzed the future prospect of temperature-related mortality under climate change
scenarios and population changes. However, due to global application reason, the
spatial resolution of these studies are pretty coarse (i.e., approx. ~ 55km grid
resolution). The coarse resolution is considerably insufficient to analyze up into
district administration level, where the crucial planning on adaptation strategy
is happening. Therefore, this current work aims to project future heat-related

mortality for Greater Jakarta using 1km high-spatial-resolution temperature pro-
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jection data obtained from previous conducted simulations result. We adapt the
V-shape OT-RR analysis method in this study with OT modification to 60" per-
centile following results of Gasparrini et al. (2015) for Bangkok, which is quite re-
semblance of Great Jakarta in geographical and urban-socio-economic condition.
The target year is 2050 following this study’s target year. This study targets
heat-related mortality projection based on two scenarios: (1) No adaptation sce-
nario where the temperature change following the results of RCP8.5&BalU, and
(2) Best adaptation scenario where the temperature change following the results
of RCP2.6&Compact. The effect of humidity is neglected in this study following
the insignificant effect reported in Honda et al. (2000), especially in an area in

less-varied humidity such as Greater Jakarta (Sintorini, 2018).

7.2 DATA AND METHODOLOGY

7.2.1 DAILY TEMPERATURE DATA AND OPTIMUM TEMPERATURE ESTIMATION

In this study, we collected daily temperature data (i.e., mean, minimum, and maxi-
mum) from 3-hourly public weather station report database www.ogimet.com. We
obtained the data for all days from 2006 to 2015 from 2 World Meteorological Sta-
tions in urban area Jakarta: KMO and TPR. These stations are selected due to
their location in the center of urban area which is representative in determining
thermal condition in built-up area. All repositories were downloaded automati-
cally through linux environment system. The original data is in ASCII text form.
Data processing were done using Python script. The final form of the database
is contained with timestamp (i.e., in year, month, day, hour), station code, daily
temperature mean (Tdpean), and daily temperature maximum (Tdpax)-

Once the dataset is configured, statistical analysis using python program-

ming language was conducted to define temperature data distribution on Tdyean
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Figure 7.2: Tdp,x (left) and Tdmean (right) data distribution over 10 years (i.e., all months) aver-
aged from KMO and TPR

and Tdyax. The data distribution results are shown in Figure 7.2. Linear corre-
lation analysis was conducted to find the relationship between Tdpean, and Tdpax
during 2006-2015. The results show that Tdyean = 0.74(Tdmax) + 5.42 with pear-
son correlation value equal to 1.0. This states that the use of Tdpean and Tdpax
are interchangeable in the further analysis.

From the timestamped daily temperature database acquired from KMO
and TPR in daily resolution from 2006 to 2015, the data is further processed
to define the 60™ percentile value. The results show that 60" percentile value is
29.2°C and 32.8°C in function of Tdyean and Tdpay respectively, averaged from both
stations. These temperatures are used as OT reference value in the corresponding

further analysis.

7.2.2 BIAS CORRECTION METHOD

In the results of Chapter 5, it is found that the model has positive bias on tem-
perature value when compared with stations’temperature data. Since the OT
for heat-related mortality analysis is calculated from observation stations’ data,
thus the model result need to be adjusted to be comparable with referenced OT.

For temperature bias adjustment, statistical bias adjustment method (Piani et al.,
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2010a) is used. This method was developed to correct general climate model result
on temperature and precipitation prediction/ projection to real observed values
(Piani et al., 2010b). Therefore, the statistical bias adjustment method is quite
suitable to be applied in this study.

The concept of bias statistical correction method is involving a develop-
ment of transfer function derived from cumulative distribution functions (CDFs)
of observations and model simulations. The corrected variable X is a function
of the modeled counterpart, Xcor = f(Xmoa). The transfer function (henceforth,
TF) is such that the intensity histogram of the corrected variable X, matches the
intensity histogram of the observed X,ps. The first step includes creating probabil-
ity density function (PDF) from histogram of 10-year daily temperature data in
each grid. In case of temperature, the PDF usually formed as bell-shaped func-
tion, thus representing normal distributed data. The TF as function of Xpyeq (i-e.,
TF(Xmoq)) can be derived by first calculating the cumulative distribution functions

(CDF) and then associating to each value of Xpeq the value Xqps such that,

CDFmod<Xmod) = CDFobs(Xobs) (71)

As mentioned before, temperature distribution PDF resembles a bell-shaped
curve or following Gaussian distribution. When this holds, the TF to correlate
between histogram of observed and model can be well represented by linear TF
which is in function of mean and standard deviation. Therefore, TF(Xpoq) for

present temperature can be expressed as follow.

TF(Xmod,present) = CDFo_bls (CDFmod,present (Xmod,present) ) (7 2)

Figure 7.3 illustrated the bias correction process.

Figure 7.5 shows the simulations’ adjusted temperature compared with
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Figure 7.3: lllustration of bias correction in an urban grid.

observation point. Compared with Figure 5.4, bias corrected simulation result is
now closer to observation value, especially on higher temperature which is very
much sensitive in this chapter. The result of statistical bias adjustment for Td
averaged for 10-year August is as illustrated in Figure 7.4. Using linear TF for
bias correction, the results show that city center will have the highest 10-year
averaged Tdp,x compare with outskirt surrounding areas.

For future case which includes shifting of temperature to right tail in the
future temperature histogram, a straight forward assumption using shifting of
mean and standard deviation is used (Piani et al., 2010b) and is expressed as

follows.

correct Oobs

p‘mod,future = Hops T —(umod,future - p‘mod,present)
0-mod,present (7 3)
correct _ Oobs
0-mod,future - 0-mod,future

0-mod,present

Therefore, TF for future will be expressed as,

_ —1 correct correct
TF(Xmod,present) - CDFmod,future(p‘mod,futurm Gmod,future) (74)
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Figure 7.5: Temperature bias correction result (y-axis) compared with observation (x-axis). Blue
dots show simulation result before bias correction and orange dots after correction.

7.2.3 OPTIMUM TEMPERATURE AND HEAT-RELATED RELATIVE RISK CALCU-

LATION

Projecting heat impact on the future population cannot be conducted without
considering how the age distribution will be in 2050. This is very crucial since
Jakarta has distinct population characteristic as the middle-class population is
emerging in present (2010s). The population of Jakarta in 2050 is expected to
have balance proportion from old ages to young ones. National Development Plan-
ning Agency Republic of Indonesa (Bappenas) of Jakarta issued the prediction of
population pyramid for every 5 years since 2020 to 2035 (Badan Pusat Statistik,

2013) as shown on Figure 7.6. From this local dataset we found empiral function
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Figure 7.6: Projected population pyramid for estimating the future proportion of population >
65yrs. old

of age >65 is as follow.

Res,... = 4 x 107*® x exp(0.00525 x year) (7.5)

where, year = target year. Daily crude rate per 1000 population is expressed
as 0.0095/1000 population and 0.0306/1000 population for 2014 and 2050 respec-
tively. Combining these factors then we can estimate the proportion projection
for > 65yrs. old population.

As mentioned previously, there is a certain discrepancy of estimating OT
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in mid-latitude and tropical countries. In this study, the OT is estimated as 60
percentile of Tdp,, data from 10-year daily temperature maximum data averaged
from KMO and TPR. Based on the calculation, the result showed that 32.8°C is the
estimated OT value for Tdp,y (i.e., OTrq,,, ).To define OT-RR correlation function,
reconstruction of result from Gasparrini et al. (2015) for Bangkok, Thailand was

done. The function is described as follows.

RR;; = 0.0125(x;;)* + 0.025(x;;) + 1
(7.6)
XiJ = Tdmaxiyj — OTTdmax

where RR;j is the relatve risk of mortality at temperature (Tdmax — OTrq,,,) and
i,j refer to grid coordinate.

Finally, the heat-related mortality is calculated using empirical function
of Hales et al. (2014); Honda et al. (2014) and modified with Bangkok, Thailand
(Gasparrini et al., 2015) is as follow.

Heat related deaths = D,, x 0.60 x (RR;; — 1) )
7.7

D,y = daily crude mortalityyear X Resyear

where D,, is the daily average number of deaths in > 65yrs. old population.

Details on programs for OT-RR calculation is presented in Appendix B.

7.3 RESULTS AND DISCUSSION

This study remarks the prime approach on heat-related mortality due to global
climate change and local urbanization effect in a rapidly developing megacities.
The target year of 2050 is an intermediate future target which is necessary for mid-
term adaptation strategy. By applying empirical relationship on optimum daily
maximum temperature and relative risk mortality due to temperature, we can

project the heat-mortality risk in the future based on projected future temperature
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done in Chapter 6.

In Greater Jakarta, the results of future Tdy,. in statistical histogram and
spatial distribution is shown in Figure 7.7 and Figure 7.8, respectively. The me-
dian value of present Tdp. is 33.2°C, and for the future is 34.6°C and 33.8°C
for RCP8.5&BalU and RCP2.6&Compact respectively. Based on the distribution,
future maximum Tdp,y is located at 36.0°C in no-adaptation RCP&8.5&BalU sce-
nario. Following study by Takahashi et al. (2007), the extreme temperature is
achieved when the temperature fulfill OT + 5 or equal to 37.8°C for current study
on Greater Jakarta. Thus, assuming current applied scenarios, Greater Jakarta
will not experience any extreme condition on heat-related mortality. In addition,
such extreme weather or heat wave is naturally difficult to occur in tropical area
where Greater Jakarta is located due to low-pressure area, even in the future
climate.

In this study, we adapt the OT-RR empirical relation to project high-
resolution heat-related mortality number for population older than 65 years old
using the methods defined previously. Future population projection has been done
previously in Chapter 5. Then, the ratio of population > 65 year old is calculated
as defined in section 7.2.3 of this chapter. Figure 7.9 shows the spatial distri-
bution of projected heat-related mortality in Greater Jakarta in 2050 using two
scenarios: (1) RCP8.5&BalU comprises no-mitigation-adaptation strategy, and (2)
RCP2.6&Compact comprises best mitigation-adaptation strategy. Figure 7.10 il-
lustrated the heat-related mortality risk per 100,000 population. It is expected
that best mitigation-adaptation strategy can reduce the heat-mortality risk to
around 40-50% from no-mitigation-adaptation scenario.

The report of WHO (Hales et al., 2014) showed that in 2050 the heat-
related mortality around Greater Jakarta area without any mitigation strategy

is more that 75 annual deaths for population more than 65 years old. However,
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Figure 7.7: Projected Tdpax histogram distribution averaged from 2046-2005 for Greater Jakarta
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Figure 7.8: Projected Tdpax spatial distribution averaged from 2046-2005 for Greater Jakarta

this result is very much coarse as it is conducted in 0.5° x 0.5°(~ 55km). This
number is approximately equal to 0.0037 daily deaths/km?. However, downscaling
to 1.2km resolution as conducted in this study, the value can be varied much with
WHO results where the risk value can reach more than 0.005 daily deaths/km?
(Figure 7.9). Hence, assuming scenario conducted in current study, stakeholders
can have better spatial recognition on higher vulnarable district regarding future

heat risk.

7.4 SUMMARY

People adaptation ability is quite related with background climates. Tropical
area people may suffer less to heat increase than those who are settled in higher
latitude. This is represented by the shifting of OT to the left-tail of temperature
distribution data to 60™ percentile from 84™ percentile in mid-latitude countries.
The reader should bear in mind that the OT for (sub)tropical countries are limited
to data collected in Thailand, Brazil, and Taiwan following study of Gasparrini

et al. (2015). Future studies in gaining data for more broad range of tropical
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Figure 7.9: Spatial distribution of projected heat-related mortality in Greater Jakarta in 2050
(i.e., multiplied by gridded projected 2050's > 65yrs. old population)
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countries and cities are very much worthwhile.

Even though global study on predicting future heat risk on mortality is
strongly importance, it’s coarse resolution could be an obstacle in defining a de-
tailed, district-scale study of local adaptation strategy which is more practicable
for local stakeholders. Thus, higher resolution approach is very much important.
The downscaling approach should maintain the presence of global climate change
impact, urbanization effect, and population projection including age distribution
projection (i.e., older population that is expected higher in risk).

The findings of this chapter makes a prime study on OT-RR empirical func-
tion implication on 1km high-resolution to project future heat-related mortality in
target area of Greater Jakarta. This study provides an insight of how mitigation-
adaptation strategies could leverage the heat-related mortality risk in urban area.
No-mitigation-adaptation scenario assumed in this study as RCP8.5&BalU sce-
nario, may escalate heat-mortality risk to 0.03 daily deaths/km?/100,000 pop-
ulations > 65 yrs. old or up to 0.005 daily deaths/km? for projected future
> 65 yrs. old populations. On the other hand, a best mitigation-adaptation strat-
egy assumed as RCP2.6&Compact scenario is potentially reducing this values to

40-50%.
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Concluding remarks

8.1 INTRODUCTION

This chapter is aimed to summarize all the work done in previous chapters and
conclude the findings of this research. The general objective of this research is to
find a solution on how to predict and project present and future urban climate in a
tropical megacity in developing country through numerical simulations, and how
it impact the future populations. The challenges of conducting such urban climate
study in developing countries are related to data scarcity and selection of realis-
tic future scenarios affecting urban climate without local stakeholders’ support.
Furthermore, this study targets a generic, representative, repeatable, and realistic
framework of urban climate study global approach. The findings should make
important contribution to scientific and general communities in communicating

and building public awareness on urban climate problem.
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8.2 RESEARCH FINDINGS

There are several new findings addressed in this study as mentioned in each chapter
previously. To summarize the discussions, the major findings of this study is as

follows.

1. In representing realistic urban morphological features, global coverage and
zero-cost satellite imageries can achieve sufficient 1km resolution of bulk

urban parameters: A, ,A¢ , Haye ,d , 2.

2. Empirical equations were derived to estimate A, and A¢ from Landsat 8 im-
ages. Good agreement was achieved when they were compared with the ac-
tual A, and Af values. Using a neural network, subtracted ASTER-GMTED
data were combined with the DMSP-OLS nightlight image to define a func-

tion for deriving H,ye in 1km resolution.

3. Including urban parameters derived from global datasets in the simulation
provided better agreement, especially with regard to wind speed, than did a
simulation that used the default parameters provided in the WRF /SLUCM
model. The improved representation of wind speed and thereby improving
temperature, especially improvement in nighttime wind speed over the urban

area.

4. Application of satellite-derived urban parameters in WRF/SLUCM simula-
tion gives evidence of simple and zero-cost solution in conducting mesoscale
urban climate analysis in developing cities that mostly lack of actual build-

ing database, such as Asian megacities.

5. Using PGW dynamical downscaling from GCM and applied it in RCM is
sufficiently providing future meteorological boundaries on background cli-

mate condition and mitigation scenarios. On the other hand global SSP
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model results provide a general country’s socio-demographic parameters in
the future which can be derived to predict future city’s population and en-
ergy consumption. Using empirical function on GDP and population with
urban morphological parameters, future urban parameters are projected ac-

cordingly.

. The results of this study imply that urban effects can reach the same mag-
nitude as global effects in tropical city. Even though urban signals dom-
inated the climate signal by an average factor of 12.2 (13.0) under the
RCP2.6&Compact (RCP8.5&BaUl) scenario, the findings showed that the
urban signal distribution values were highly and significantly spatially di-

verse.

. Lower restrictions on urban planning could realize the RCP8.5&BalU sce-
nario, which could increase urban temperatures up to 1.47 4+ 1.38°C from
present conditions. Otherwise, best mitigation-adaptation strategy promot-
ing urban resiliency of RCP2.6&Compact planning could minimize the tem-

perature increase to 0.66 4 0.67°C.

. Mitigation and adaptation efforts based on urban planning in Greater Jakarta
should strive to meet the conditions of the RCP2.6&Compact, since temper-
ature change trends will otherwise follow the RCP8.5&BaU scenario, with
no strict regulation on urban planning. The implications of the adapta-
tion efforts under the RCP2.6&Compact scenario could reduce the effects

of warming in newly urbanized areas.

. This study provides an insight of how mitigation-adaptation strategies could
leverage the heat-related mortality risk in urban area. Without any miti-
gation and adaptation scenario assumed in this study as RCP8.5&BaU sce-

nario, may escalate heat-mortality risk to 0.03 daily deaths/km?/100,000
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populations > 65 yrs. old or up to 0.005daily deaths/km? for projected
future > 65 yrs. old populations. On the other hand, a best mitigation-
adaptation strategy assumed as RCP2.6&Compact scenario is potentially
reducing this values to 40-50%.

8.3 RECOMMENDATIONS FOR FURTHER RESEARCH

There is abundant room of improvement for further progress in present and future
urban climate analysis and how its impact to the urban resiliency and society.

Following are several recommendations for further works.

1. This study opens up huge opportunity on application of data sciences (i.e.,
big data, artificial intellegence, data mining) in the scope of urban climate
study. We expect that through data sciences and advancements of smart
cities, near-future global urban climate studies and practical application
pursuing high-resilience cities can be accomplished. Using the advancements
of big data and data processing, the empirical relationships to determine

urban parameters also can be significantly improved.

2. Currently, we only used 3 cities to estimate present urban parameters and
we understand that it is far from sufficient. Currently, our team are focusing
on building database of urban parameters on 30 megacities, most of them
are located in (sub)tropical area (e.g., Mumbai, Beijing, Delhi, Dhaka). To

realize this, we challenge several approaches including;:

o Estimating urban parameters data based on socio-demographic param-
eters as mentioned in Kawano (2018), and Varquez et al. (2018). How-
ever, as socio-demographic parameter is not a direct physical relation-

ship with geomorphological urban surface parameter, other supporting
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parameter such as energy or nightlight, cultural, economy, or other

possible parameter need to be research more.

o Using faster algorithm than what stated in this paper. Currently spec-
tral angle mapping is used for urban land cover classification in A,, us-
ing random forest combined with cloud computing strategy can reach

both speed and global approach (i.e. Google Earth Engine).

o For building height estimation, commercially available higher resolu-
tion stereo satellite such as TanDEM-X (Kent et al., 2019) can be
useful to get a better result. For current improvement work, our team
is using high-resolution satellite imageries from Pleiades (i.e. acquired

from Pasco) for 30 megacities.

« International network such as WUDAPT (www.wudapt.org) project
(level 1 and 2) which is collecting urban database including urban mor-
phological data can be a good entrance. Using big data, we can ac-
quire more input regarding building height in cities around the globe
and application of machine learning to classified which parameters and
inter-comparison of buildings height based on culture (i.e. related to
architectural, height limitation, exclusive area), social entity, and re-

gional common similarity.

3. The positive bias -especially during daytime- on current study simulation
results are apparently related with systematical error due to urban surface
energy balance model in SLUCM and land surface model of NOAH-LSM
implemented in the model. This bias is amplified in tropical area due to
large error on latent heat flux estimation. Improvement on urban surface
model is very much worthwhile although currently it is out of scope of this

study.
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4. A simple yet efficient empirical relationship on optimum temperature and
heat-related mortality risk in city-scale can leverage the importance of ur-
ban climate impact assessment. However, more research on OT-RR in wider
range of background climates and cities’ configuration needs to be under-
taken. This is important to achieve more precise estimation of the location
of OT and RR as function of temperature, since it is strongly depend on

climate and people adaptability to climate.

5. Even though it is very much intereseting to analyze year to year trend of
urban meteorological condition in span of 2006-2015 for present and 2046-
2055 for future, the average condition is more to emphasize in such climate

study.

6. There is a concern regarding supercomputing resource that was used for
simulation calculation presented in this study may be a challenge to be ap-
plied in developing countries. To cope with this problem, several strategies
that could be applied as solution to computational resource challenges in de-
veloping countries. Since WRF/SLUCM itself is an open-source software,
the solutions mainly focusing on computational hour reduction and use of

market-available computing hardware / electronics as follows.

e Reduce simulation period, including reduction on spin-up period.

o Use less target year for each present and future simulation (i.e. cur-

rently uses 10 years)

o Decide representative few days in the target month before conducting
the simulation. This method can be done using statistical analysis
based on meteorological station data. Thus, one can reduce simulation

days but still maintaining representativeness of the target month.
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o Use of commercially available work station with an excellent system

specification can be one of the solution.

« Related to point 4, approach on WRF/SLUCM for GPU computing
is highly recommended. Recent GPU from NVIDIA or AMD which is
originally intended for game performance can be tweaked to serve the
purpose of weather simulation. However, there is challenge on adapting
current environment setting since this research are done in Tsubame’s

CPU system.

8.4 SUMMARY

Overall, the author wishes that this study could provide a comprehensive research
on mesoscale urban climate study in present and future, also its implication to ur-
ban population. We are hoping that this study could facilitate a global cross-fields
networks of scientists (e.g., meteorologist, climatologits, enviromental scientists)
and design stakeholders (e.g., urban planners, architects, government officials, pol-
icy makers) in understanding more about the urban environment and be a base

of future urban planning considerations.
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Python programs for processing future
urban parameters and AHE

A.1 CALCULATING FUTURE Ay, Af AND Hgye

#This program is based upon by the results of Kawano (2018), Varquez et
al. (2017, 2018)

#which reveals dependency of urban parameters to existing global
datasets

#such as the LandScan and VIIRS nightlights

#modified by Nisrina Setyo Darmanto using SSP data

import gdal

import arcpy

from arcpy import env
from arcpy.sa import *
import os

import numpy,glob
import time

def acquire(file):
op = gdal.Open(file,gdal.GA_ReadOnly)
band = op.GetRasterBand (1)
DATA = band.ReadAsArray(0,0,band.XSize,band.YSize)
op = None
del band
return DATA
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def est_havg(pdfile,gdp,pdcountry,pdcityfile,outfile,pdnlfut): #put
2050 pdnl input
pdnl = acquire(pdfile)
pdnlmax = numpy.max(pdnl)
pdnlfut = acquire(pdnlfut)
pdnlfutmax = numpy.max(pdnlfut)
npopviirs = pdnl/pdnlfutmax
pdcity = numpy.sum(acquire(pdcityfile))

gdpcity = gdp#*pdcity/pdcountry
alphaH = 2.0e-11*gdpcity+9.80
betaH = —2e-12%gdpcity+9.18
havg = alphaH*npopviirs+betaHl

havg[(npopviirs==0.) | (pdnl<2000.)] = 0.
#Create geotiff

sel = gdal.Open(pdfile,gdal.GA_ReadOnly)

proj = sel.GetProjection()

col = sel.RasterXSize

row = sel.RasterYSize

geogtransform = sel.GetGeoTransform()

outfile = outfile

outdriver = gdal.GetDriverByName("GTiff")

outdata = outdriver.Create(outfile,col,row,1,gdal.GDT_Float32)

outdata.GetRasterBand (1) .WriteArray(havg)
outdata.SetGeoTransform(geogtransform)
outdata.SetProjection(proj)

sel = None

outdata = None

return havg

def est_paifai(pdfile,outfilel,pdnlfut): #put 2050 pdnl input

pdnl acquire(pdfile)

pdnlmax numpy .max (pdnl)

pdnlfut = acquire(pdnlfut)

pdnlfutmax = numpy.max(pdnlfut) #max (pd max 2050 adjusted data)

npopviirs = pdnl/pdnlfutmax

npopviirs[npopviirs>0.90086887835703]=0.90086887835703 #Must not
drop after peak curve

pai = -0.2532*npopviirs*npopviirs+0.4562*npopviirs+0.1125
pail[(npopviirs==0.) | (pdnl<2000.)] = 0.
paif = numpy.copy(pai) #Conditions for the frontal area index and

plane area index relation
paif[paif>0.45] = 0.45
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paif [paif<0.05] = 0.05

fai = 1.42%paif*paif+0.4*paif
fai[(npopviirs==0.) | (pdn1<2000.)] =
#Create geotiff

sel = gdal.Open(pdfile,gdal.GA_ReadOnly)
proj = sel.GetProjection()
col = sel.RasterXSize

row sel.RasterYSize
geogtransform = sel.GetGeoTransform()

outfile = outfilel
outdriver = gdal.GetDriverByName("GTiff")
outdata = outdriver.Create(outfile,col,row,1,gdal.GDT_Float32)

outdata.GetRasterBand (1) .WriteArray(pai)
outdata.SetGeoTransform(geogtransform)
outdata.SetProjection(proj)

outdata = None
#outfile = outfile2
#outdriver = gdal.GetDriverByName ("GTiff")

#outdata outdriver.Create(outfile,col,row,1,gdal.GDT_Float32)
#outdata.GetRasterBand (1) .WriteArray(fai)
#outdata.SetGeoTransform(geogtransform)
#outdata.SetProjection(proj)

outdata = None

sel
return pai,fai

None

##### Case for SSP3, No-change/business-as-usual scenario (historical)
#GDP2014MER = 368917900000 #SSP3_BaU_NoCC
#GDP2014PPP = 909291900000 #SSP3_BaU_NoCC
#INDPOP2014 = 239870900 #SSP3_BaU_NoCC
#GDP2050MER = 1122367000000 #SSP3_BaU_NoCC
#GDP2050PPP = 2766358000000 #SSP3_BaU_NoCC
#INDPOP2050 = 285081600 #SSP3_BaU_NoCC
directory = 'F:\\JakartaNewInputData\\'
pop = directory+'historicalStrategy\\PrePop_Historical_2050.tif'
popviirs = directory+'historicalStrategy\\historical_adj_2050.tif"
pdnl_2050 = directory+'historicalStrategy\\historical_adj_2050.tif"'
#put 2050 data here
file_out = directory+'historicalStrategy\\historical_havg_2050.tif'
havg =
est_havg(popviirs,GDP2050PPP, INDPOP2050,pop,file_out,pdnl_2050)
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arcpy.env.overwriteOutput = True

file_outl = directory+'historicalStrategy\\historical_pai_2050.tif"'

#file_out2 = directory+'historicalStrategy\\historical_fai_2050.tif'

pai,fai = est_paifai(popviirs,file_outl,pdnl_2050)
#(pdfile,outfilel,pdnlfut)

hst = 1.05%havg-3.7
hst [havg==0.] = 0.
hmx = 12.51*numpy.power (hst,0.77)

# ##### Case for SSP1, Sustainability, taking the green road (compact)
GDP2014MER = 368941700000 #SSP1_BaU_NoCC
GDP2014PPP = 909350600000 #SSP1_BaU_NoCC

INDPOP2014 = 239870900 #SSP1 BaU NoCC
#GDP2050MER = 1356944000000 #SSP1_BaU_NoCC
#GDP2050PPP = 3344533200000 #SSP1_BaU NoCC
#INDPOP2050 = 270466100 #SSP1_BaU_NoCC

directory = 'F:\\JakartaNewInputData\\compactStrategy\\'

pop = directory+'PrePop_Compact_2014.tif'

popviirs = directory+'compact_adj_2014.tif'

pdnl_2050 = directory+'compact_adj_2050.tif'

file_out = directory+'compact_havg_2014.tif'

havg =
est_havg(popviirs,GDP2014PPP, INDPOP20,pop,file_out,pdnl_2050)

file_outl = directory+'compact_pai_2014.tif'

#file_out2 = directory+'compact_fai_2014.tif'

pai = est_paifai(popviirs,file_outl,pdnl_2050)
#(pdfile,outfilel,pdnlfut)

hst = 1.05%havg-3.7

hst [havg==0.] = 0.

hmx = 12.51*numpy.power (hst,0.77)

A.2 CALCULATING FUTURE d AND Zg

#This program is based upon by the results of Kawano (2018), Varquez et
al. (2017, 2018)

#which reveals dependency of urban parameters to existing global
datasets

#such as the LandScan and VIIRS nightlights

#modified by Nisrina Setyo Darmanto using SSP data
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import gdal

import arcpy

from arcpy import env
from arcpy.sa import *
import os

import numpy,glob
import time

def acquire(fff,numCols,numRows):

nd = gdal.Open(fff,gdal.GA_ReadOnly)
band = nd.GetRasterBand (1)

xsize = numCols

ysize = numRows

DATA = band.ReadAsArray(0,0,xsize,ysize)
nd = None

del band

return DATA

def est_dz(pdfile,havg,pai,fai,hst,hmx,outfilel,outfile2):
#Affix constants

a0 = 1.29
b0 = 0.36
c0 = -0.17

with numpy.errstate(divide='ignore', invalid='ignore'):
X = numpy.true_divide (hst+havg,hmx)
X[ ~ numpy.isfinite(X)]=0

#X = (hst+havg) /hmx

#X = 0.
X[X>1.0] = 1.0
X[X<0.0] = 0.0

d = (cO*X*X+(a0*numpy.power (pai,b0)-c0)*X)*xhmx
d[havg==0.] = 0.0
dmac = (l+numpy.power(4.43,-1.0%pai)*(pai-1))*havg
dmac [havg<3.53] = 0.0
with numpy.errstate(divide='ignore', invalid='ignore'):
dmachavg = numpy.true_divide(dmac,havg)
zmac = havg+*(1-(dmachavg))* \
numpy . exp (1. *numpy . power (0.5%(1.2/0.4/0.4) x(1-(dmachavg) ) *fai,-0.5))
dmachavg[~ numpy.isfinite(dmachavg)] = 0
zmac [havg<3.53] = 0.0
al = 0.71
bl = 20.21
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cl = -0.77

with numpy.errstate(divide='ignore', invalid='ignore'):
Y = numpy.true_divide(paix*hst,havg)
Y[ ~ numpy.isfinite(Y)]=0

Y[Y<0.0] = 0.0

z = zmac*(bl*YxY+cilxY+al)

if z.any()>havg.any():
z=0

else:
z=z

#z[z>havg] = 0.0

#Create geotiff

sel = gdal.Open(pdfile,gdal.GA_ReadOnly)
proj = sel.GetProjection()

col = sel.RasterXSize

row = sel.RasterYSize

geogtransform = sel.GetGeoTransform()

outfile = outfilel

outdriver = gdal.GetDriverByName("GTiff")

outdata outdriver.Create(outfile,col,row,1,gdal.GDT_Float32)
outdata.GetRasterBand (1) .WriteArray(d)
outdata.SetGeoTransform(geogtransform)

outdata.SetProjection(proj)

outdata = None

outfile = outfile2

outdriver = gdal.GetDriverByName("GTiff")

outdata = outdriver.Create(outfile,col,row,1,gda1.GDT_Float32)

outdata.GetRasterBand (1) .WriteArray(z)
outdata.SetGeoTransform(geogtransform)
outdata.SetProjection(proj)

outdata = None

sel = None

return d,z

##### Case for SSP3, No-change/business-as-usual scenario (historical)
#GDP2014MER = 368917900000 #SSP3_BaU_NoCC

#GDP2014PPP 909291900000 #SSP3_BaU_NoCC

#INDPOP2014 239870900 #SSP3_BaU_NoCC

GDP2050MER = 1122367000000 #SSP3_BaU_NoCC

GDP2050PPP 2766358000000 #SSP3_BaU_NoCC

INDPOP2050 285081600 #SSP3_BaU_NoCC

directory = 'F:\\UrbanParam\\urban_para_WRF\\to_convert\\'

dir1l = 'F:\\UrbanParam\\'
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#pop =
directory+'future_pop\\differ_historical\\Pop_predict_20-50.tif"

popviirs = dirl+'historical_adj_2050.tif"

pdnl_2050 = dirl+'historical_adj_2050.tif'

nd = gdal.Open(pdnl_2050,gdal.GA_ReadOnly)
band = nd.GetRasterBand (1)

numCols = nd.RasterXSize

numRows = nd.RasterYSize

pai = directory+'pai_lonlat_2050_new.tif'
fai = directory+'fai_lonlat_2050_new.tif'
pai = acquire(pai,numCols,numRows)

fai = acquire(fai,numCols,numRows)

havg = directory+'havg_lonlat_2050_new.tif'
havg = acquire(havg,numCols,numRows)

hst = 1.05%havg-3.7

hst [havg<3.53] = 0.

hmx = 12.51*numpy.power (hst,0.77)

file_outl = directory+'historical_d_2050_new2.tif'
file_out2 directory+'historical_z0_2050_new2.tif'
d,z = est_dz(popviirs,havg,pai,fai,hst,hmx,file_outl,file_out2)

A.3 CALCULATING FUTURE AHE

#This program is based upon by the results of Dong et al. (2017),
Varquez et al. (2017)

#which reveals dependency of AHE to existing global datasets

#such as the LandScan and DMSP-OLS Nightlights

#VIIRS nightlights is used to substitute DMSP-0LS

#modified by Nisrina Setyo Darmanto using SSP data

import subprocess
import winsound

import arcpy

from arcpy import env
from arcpy.sa import *
import os

import numpy,glob
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import time
try:

from osgeo import gdal, osr
except ImportError:

import gdal, osr
import matplotlib.mlab as mlab
import matplotlib.pyplot as plt
from scipy import stats
#import pandas

start = time.time()

def regres(x,y):
x[x==0.] = numpy.nan

if numpy.nansum(x) > 20:

slope, intercept, r_value, p_value, std_err = \

stats.linregress(x[~numpy.isnan(x)],y[~numpy.isnan(x)])

else:

slope = numpy.nan

intercept = numpy.nan

r_value = numpy.nan

p_value = numpy.nan

std_err = numpy.nan
return slope, intercept, r_value, p_value, std_err

def adjust(x,y,R,uf,1f,a,b,thres,lowest_lim):
x [numpy . logical_and (numpy.logical_and \
(numpy.logical_or (R<1f,R>uf),y>thres),y>lowest_lim)] = \
(y [numpy . logical_and(numpy.logical_and(numpy.logical_or (R<1f,R>uf),y>thres)
\
,y>lowest_lim)]-b)/a
return x

def full_adjustment(pop,nig,file_in,file_out):
## Necessary assumptions
nig[pop<100.] = 0.
nig[nig>0.01] = 0.
1limit = 0.0012

store = numpy.copy(pop)
work_pd = pop.flatten() # 1-d of pd within the admin
work_nl = nig.flatten() # 1-d of nl within the admin
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#print "Admin ID: ",iad," 1-d Size of Grids:",work_pd.shape

# get first regress line

print numpy.sum(work_pd) ,work_pd.shape,"sum"

print numpy.sum(work_nl) ,work_nl.shape,"night_sum"

slopel =regres (work_pd,work_nl) [0]

interceptl =regres(work_pd,work_nl) [1]

r_valuel =regres(work_pd,work_nl) [2]

if slopel==0:
slopel=float('nan')

#print "ID:",iad

#print "slopel: ",slopel,"interceptl: ",interceptl,'"r-squaredl: ",
r_valuel**2

R = work_nl-work_pd*slopel-interceptl

print R[~numpy.isnan(R)]

if numpy.all(numpy.isnan(R)) == True:
new_pop = numpy.copy(pop)

elif pop.shape[0]<3 and pop.shape[1]<3: #No change over very small
administrative units
new_pop = numpy.copy (pop)

else:
# get upper fence and lower fence
Q1 = numpy.percentile(R[~numpy.isnan(R)],25)
Q3 = numpy.percentile(R[~numpy.isnan(R)],75)

IQ = Q3-Q1
R_1 = Q1-1.5*IQ
R_u = Q3+1.5*IQ

#print "ID:",iad, "lower fence:",R_1,"upper fence:",R_u
# remove outlier
work_pd_in = work_pd[numpy.logical_and(R>=R_1,R<=R_u)]
work_nl_in = work_nl [numpy.logical_and(R>=R_1,R<=R_u)]
nl_extra = work_nl[R>R_u]
if nl_extra.shape[0]<10: ##Assumption
thres = 0.0012
else:
# print nl_extra.shape[0]
thres = numpy.percentile(nl_extra,58.2887700535)
#thres=600;
#if iad==1215:
# print "Jakarta",thres

# get second regress line after removing
slope2 =regres(work_pd_in,work_nl_in) [0]
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intercept2 =regres(work_pd_in,work_nl_in) [1]
r_value2 =regres(work_pd_in,work_nl_in) [2]
if slope2==0:

slope2=float('nan')

del R
R = nig-pop*slopel-interceptl
if numpy.isnan(slope2):
new_pop=numpy . copy (pop)
#percentage=100
else:
new_pop =
adjust (pop,nig,R,R_u,R_1,slope2,intercept2,thres,llimit)
#percentage=len(work_pd_in)/len(work_pd[~numpy.isnan(work_pd)])*100

del Q1,Q3,IQ,R_1,R. u

#print "ID:",iad,"percentage of retained data=",percentage,"’)"
del work_pd_in, work_nl_in

# statistics about negative pd_new
#ng=1len (pdnp1d [pdnp1d<0])
#total=len(pdnpld[~numpy.isnan(pdnpld)])
#print '"negative pixel: ",ng
#print "total pixel of valid data:", total
#print "negative percentage:",ng/total*100,"%"
new_pop [new_pop<0]=0
new_pop [numpy . isnan (new_pop)]=0
### Assumption, no new_pop grid must exceed twice that of the
original pop grid max.
#print numpy.nanmax(new_pop) ,numpy.nanmax (store)
new_pop [new_pop>2.5*numpy .nanmax (store)] =
store [new_pop>2.5*numpy . nanmax (store)]
# create a new raster

sel = gdal.Open(file_in,gdal.GA_ReadOnly)
proj = sel.GetProjection()
col = sel.RasterXSize

sel.RasterYSize

geogtransform = sel.GetGeoTransform()

outfile = file_out

gdal.GetDriverByName ("GTiff")
outdriver.Create(outfile,col,row,1,gdal.GDT_Float32)
outdata.GetRasterBand (1) .WriteArray(new_pop)

row

outdriver

outdata
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outdata.SetGeoTransform(geogtransform)
outdata.SetProjection(proj)

sel = None

outdata = None

def clip_selection(xst,yst,xcol,yrow,file_in,file_out):
driver = gdal.GetDriverByName('GTiff')
filename = file_in
output_file = file_out
dataset = gdal.Open(filename,gdal.GA_ReadOnly)

band = dataset.GetRasterBand (1)
cols = dataset.RasterXSize
rows = dataset.RasterYSize

transform= dataset.GetGeoTransform()

x0rigin = transform[0]

yOrigin = transform[3]

pixelWidth = transform[1]

pixelHeight = -transform[5]

data = band.ReadAsArray(int(xst), int(yst), int(xcol), int(yrow))

new_x = x0Origin + xst*pixelWidth

new_y = yOrigin - yst*pixelHeight

#datal[data<=0] = numpy.nan

new_transform = (new_x, transform[1], transform[2], new_y,
transform[4], transform[5])

dst_ds = driver.Create(output_file, xcol, yrow, 1, gdal.GDT_Float32)
#writting output raster

dst_ds.GetRasterBand (1) .WriteArray(data)

dst_ds.SetGeoTransform(new_transform)

wkt = dataset.GetProjection()

srs = osr.SpatialReference()

srs. ImportFromWkt (wkt)

dst_ds.SetProjection( srs.ExportToWkt() )

del data

dataset = None

dst_ds = None

def acquire(fff,j,i,numCols,numRows):

nd = gdal.Open(fff,gdal.GA_ReadOnly)
band = nd.GetRasterBand (1)

xsize = numCols

ysize = numRows

DATA = band.ReadAsArray(j,i,xsize,ysize)
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nd = None
del band
return DATA

def acquire_area(dts):

xsize = dts.RasterXSize
ysize = dts.RasterYSize
DATA = band.ReadAsArray(0,0,xsize,ysize)

return DATA

directoryl = 'F:\\UrbanParam\\jakarta_futre_analyses\\urb\\'
directory2 = "F:\\UrbanParam\\future_pop\\differ_historicall\\"
directory = "F:\\UrbanParam\\"

PP = directory2+'Pop_predict_20-50.tif'

nl = directoryl+'VIIRS\\avg_jkt_viirs.tif'
dataset = gdal.Open(pp,gdal.GA_ReadOnly)

band = dataset.GetRasterBand (1)

cols = dataset.RasterXSize

rows = dataset.RasterYSize

#file_out = directory+'historical_adj_2050.tif'
#cor_11 lon
#cor_11 lat
#cor_ur_lon
#cor_ur_lat
#pop = acquire(pp,0,0,cols,rows)

#area= acquire_area(dataset)

#popden = pop/((0.008333333333%110.57)*(0.008333333333*111.32))
#niglit = acquire(nl,0,0,cols,rows)

#full_adjustment (popden,niglit,pp,file_out)

#popden_2050_noadj = popden
popadj = directory+"historical_adj_2014.tif"
popden_adj = acquire(popadj,0,0,cols,rows)
popden_adj =
popden_adj/ ((0.008333333333%110.57)*(0.008333333333%x111.32))

#SSP3 data fujimori for whole Indonesia
energy_prim = 13.8199
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energy_fin = 11.3701

ratio_loss = 1.000-(energy_fin/energy_prim)
fin_crt = 3.7426+2.6006

r_crt = fin_crt/energy_prim

fin_ia = 5.0269

r_ia = fin_ia/energy_prim
T

#SSP3 2010 data fujimori for whole Indonesia
energy_prim = 7.6731

energy_fin = 6.4564

ratio_loss = 1.000-(energy_fin/energy_prim)
fin_crt = 2.8149+1.2753

r_crt = fin_crt/energy_prim

fin_ia = 2.3662

r_ia = fin_ia/energy_prim

#pop_2050 = 285.0816%1000000
pop_2010 = 239.8709%1000000
area_indo = 1917306.000000 #unit km2
unit = 1.0e18/(1000*1000*365%24*3600)

#calculating Q loss
Q_L = (energy_prim*ratio_loss/area_indo)*unit

#calculating Q CRT
#Q_CRT = q_crt()
#lspop_no_adj = numpy.array(popden)
lspop_adj = numpy.array(popden_adj)
#sum_lspop_no_adj = numpy.sum(lspop_no_adj)
sum_lspop_adj = numpy.sum(lspop_adj)
Q_CRT =
(energy_prim*r_crt/((0.008333333333%110.57)*(0.008333333333%111.32)))
\
xunit* (sum_lspop_adj/pop_2010)*(lspop_adj/sum_lspop_adj)

#calculating Q IA

land_cover_ssp3 = 133.6593%x1000000/100
cropland_ssp3 = 29.9094%1000000/100
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harvested_ssp = 3.4847%1000000/100
land_cover_ssp3 = 133.6593%1000000/100
cropland_ssp3 = 26.6482*1000000/100
harvested_ssp = 2.856%1000000/100

land_cover_IA_ssp3 = cropland_ssp3+harvested_ssp #in km2

Q_IA_ssp = (energy_prim*r_ia/land_cover_IA_ssp3)*unit
#Q_TIA_landscan = Q_TA_ssp*'''#luas area landscan
PD'''/land_cover_IA_ssp3
Q_TIA_grid = numpy.zeros([rows,cols])
for i in range(0,rows-1):
for j in range(0,cols-1):
if 1spop_adjli,jl>0:
Q_IA gridli,j] = (Q_IA_ssp*((0.008333333333%110.57)* \
(0.008333333333*111.32)) /1land_cover_IA_ssp3)
else:
Q_IA_grid[i,jl =0

AHE_grid = Q_CRT+Q_IA_ssp

AHE_grid = numpy.array(AHE_grid)+Q_L

file_out2 = directory+'AHE_historical_adj_2014.tif'

#sel2 = gdal.Open(popden_adj,gdal.GA_ReadOnly)

proj2 = dataset.GetProjection()

#col = sel.RasterXSize

#row = sel.RasterYSize

geogtransform2 = dataset.GetGeoTransform()

outdriver2 = gdal.GetDriverByName("GTiff")

outdata2 = outdriver2.Create(file_out2,cols,rows,1,gdal.GDT_Float32)

outdata2.GetRasterBand (1) .WriteArray (AHE_grid)
outdata2.SetGeoTransform(geogtransform2)
outdata2.SetProjection(proj2)

#sel = None

outdata2 = None

end = time.time()
print "Time duration (sec.): ", (end-start)
raw_input ("Press enter to continue..")
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A.4 CALCULATING FUTURE AHE: MONTHLY VALUE

from __future__ import division
import arcpy,numpy,time

from arcpy import env

from arcpy.sa import *

# Check out extension license
arcpy.CheckOutExtension("Spatial")

directoryl = "F:\\AHE\\Temperature"
arcpy.env.workspace=(r'%s' % (directory))

Tyr = Raster("temp_yravg.tif")

Tyr_jkt = arcpy

list_tempmonth=arcpy.ListRasters("*temp_mask.tif")

dmn_boundary = "F:\\AHE\\Population\\domain_boundary.shp"

ahe_anl = Raster("F:\\AHE\\Population\\AHE_historical_adj_2050_2.tif")

start = time.time()

for templ in list_tempmonth:
temp = Raster(templ)
outrasl = Con(((Tyr<=9.0) & (temp >16.0) ), 0.0027, \
Con(((Tyr<=9.0) & (temp<=16.0)),0.03, \
Con(((Tyr>9.0) & (Tyr<=20.0) & (temp>16.0)),
(0.0239+Tyr*Tyr-0.404*Tyr+1.9741) /100, \
Con(((Tyr>9.0) & (Tyr<=20.0) &
(temp<=16.0)), (-0.0194*Tyr*Tyr+0.03368*Tyr+1.5172) /100, \
Con(((Tyr>20) &

(temp>16)),0.03,Con (((Tyr>20.0)&(temp<=16.0)),0.0027))))))
outras2=Abs(temp - 16.)*outrasi+1
outras2.save(templ+"_ratio.tif")
del temp,outrasl,outras2

meanratio = (Raster("aprtemp_mask.tif_ratio.tif")+\
+Raster ("augtemp_mask.tif _ratio.tif")+\
+Raster("dectemp_mask.tif ratio.tif")+\
+Raster("febtemp_mask.tif_ratio.tif")+\
+Raster("jantemp_mask.tif_ratio.tif")+\
+Raster("jultemp_mask.tif _ratio.tif")+\
+Raster("juntemp_mask.tif_ratio.tif")+\
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+Raster ("martemp_mask.tif ratio.tif")+\
+Raster("maytemp_mask.tif_ratio.tif")+\
+Raster("novtemp_mask.tif ratio.tif")+\
+Raster("octtemp_mask.tif _ratio.tif")+\
+Raster("septemp_mask.tif_ratio.tif"))/12

for templ in list_tempmonth:
name = templ.replace("temp_mask.tif","")
temp = Raster(templ)
sense = Con(((Tyr<=9.0) & (temp >16.0) ), 0.0027,
Con(((Tyr<=9.0) & (temp<=16.0)),0.03, \
Con(((Tyr>9.0) & (Tyr<=20.0) & (temp>16.0)),
(0.0239*Tyr*Tyr-0.404*Tyr+1.9741) /100, \
Con(((Tyr>9.0) & (Tyr<=20.0) &
(temp<=16.0)), (-0.0194*Tyr*Tyr+0.03368*Tyr+1.5172) /100, \
Con(((Tyr>20) &
(temp>16)),0.03,Con(((Tyr>20.0)&(temp<=16.0)),0.0027))))))
ratio = Abs(temp - 16.)*sense+1
weigh = ratio/meanratio
ahe_mon = ahe_anl*weigh
ahe _mon.save("G:/AHEv2/"+name+" ahe.tif")
del name,temp,sense,ratio,weigh,ahe_mon

end = time.time()
print "Time duration (sec.): ", (end-start)

raw_input ("Press enter to continue..")

A.5 CALCULATING FUTURE AHE: HOURLY VALUE

from __future__ import division
import arcpy,numpy,time

from arcpy import env

from arcpy.sa import *

arcpy.CheckOutExtension("Spatial")

directory = "F:/AHE/Temperature/jakarta_temp"
arcpy.env.workspace=(r'Ys' % (directory))

popdenl = Raster("F:/UrbanParam/historical_adj_2050.tif")#/1000000
popden =
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(popden1/((0.008333333333%110.57)*(0.008333333333%111.32)))/1000000
#popden_adj/((0.008333333333*110.57)*(0.008333333333*111.32))
start = time.time()

list_tempmonth=arcpy.ListRasters("*temp_mask_jkt.tif")
for templ in list_tempmonth:
name = templ.replace("temp_mask_jkt.tif","")
temp = Raster(templ)
ahe = Raster("F:/UrbanParam/AHE_jakarta/"+name+"_2050_ahe.tif")

outrasO = ahe * Con((temp<=12.4),0.608215,Con(((temp > 12.4) &
(temp <=16.95)),0.557478, \
Con(((temp > 16.95) & (temp <=
20.95)),0.508126,Con((temp>20.95),0.438995)))) + popden * 84
outrasl = ahe * Con((temp<=12.4),0.434346,Con(((temp > 12.4) &
(temp <=16.95)),0.39479, \
Con(((temp > 16.95) & (temp <=
20.95)),0.370016,Con( (temp>20.95) ,0.338244)))) + popden * 70
outras2 = ahe * Con((temp<=12.4),0.289504,Con(((temp > 12.4) &
(temp <=16.95)),0.336615, \
Con(((temp > 16.95) & (temp <=
20.95)),0.343788, Con( (temp>20.95),0.315746)))) + popden * 70
outras3 = ahe * Con((temp<=12.4),0.259544,Con(((temp > 12.4) &
(temp <=16.95)),0.293129, \
Con(((temp > 16.95) & (temp <=
20.95)),0.294209,Con((temp>20.95),0.26177)))) + popden * 70
outras4 = ahe * Con((temp<=12.4),0.294717,Con(((temp > 12.4) &
(temp <=16.95)),0.34431, \
Con(((temp > 16.95) & (temp <=
20.95)),0.352713, Con( (temp>20.95),0.312785)))) + popden * 70
outrasb = ahe * Con((temp<=12.4),0.337675,Con(((temp > 12.4) &
(temp <=16.95)),0.405552, \
Con(((temp > 16.95) & (temp <=
20.95)),0.418111,Con((temp>20.95),0.357215)))) + popden * 70
outras6 = ahe * Con((temp<=12.4),0.45107,Con(((temp > 12.4) & (temp
<=16.95)), \
0.566222,Con(((temp > 16.95) & (temp <=
20.95)),0.591728,Con((temp>20.95) ,0.499174)))) + popden * 84
outras7 = ahe * Con((temp<=12.4),0.804371,Con(((temp > 12.4) &
(temp <=16.95)),0.861609, \
Con(((temp > 16.95) & (temp <=
20.95)),0.849874,Con((temp>20.95),0.709469)))) + popden * 105
outras8 = ahe * Con((temp<=12.4),1.411348,Con(((temp > 12.4) &

156



(temp <=16.95)),1.13571, \
Con(((temp > 16.95) & (temp <=
20.95)),0.954737,Con( (temp>20.95),0.840674)))) + popden * 122.5
outras9 = ahe * Con((temp<=12.4),1.316703,Con(((temp > 12.4) &
(temp <=16.95)),1.188195, \
Con(((temp > 16.95) & (temp <=
20.95)),1.1498,Con((temp>20.95),1.178221)))) + popden * 140
outrasl0 = ahe * Con((temp<=12.4),1.355483,Con(((temp > 12.4) &
(temp <=16.95)),1.386827, \
Con(((temp > 16.95) & (temp <=
20.95)),1.430585, Con( (temp>20.95),1.53088)))) + popden * 140
outrasll = ahe * Con((temp<=12.4),1.323806,Con(((temp > 12.4) &
(temp <=16.95)),1.392018, \
Con(((temp > 16.95) & (temp <=
20.95)),1.463298,Con((temp>20.95),1.587226)))) + popden * 140
outras12 = ahe * Con((temp<=12.4),1.314536,Con(((temp > 12.4) &
(temp <=16.95)),1.408568, \
Con(((temp > 16.95) & (temp <=
20.95)),1.481697,Con ( (temp>20.95) ,1.593552)))) + popden * 140
outras13 = ahe * Con((temp<=12.4),1.29899,Con(((temp > 12.4) &
(temp <=16.95)),1.38327, \
Con(((temp > 16.95) & (temp <=
20.95)),1.461458,Con ( (temp>20.95) ,1.584948)))) + popden * 140
outrasl4 = ahe * Con((temp<=12.4),1.328093,Con(((temp > 12.4) &
(temp <=16.95)),1.403093, \
Con(((temp > 16.95) & (temp <=
20.95)),1.47728,Con( (temp>20.95),1.604017)))) + popden * 140
outrasl5 = ahe * Con((temp<=12.4),1.307997,Con(((temp > 12.4) &
(temp <=16.95)),1.428007, \
Con(((temp > 16.95) & (temp <=
20.95)),1.519798,Con((temp>20.95),1.646218)))) + popden * 140
outrasl6 = ahe * Con((temp<=12.4),1.30695,Con(((temp > 12.4) &
(temp <=16.95)),1.430827, \
Con(((temp > 16.95) & (temp <=
20.95)),1.523604,Con((temp>20.95),1.654345)))) + popden * 140
outrasl7 = ahe * Con((temp<=12.4),1.393122,Con(((temp > 12.4) &
(temp <=16.95)),1.450605, \
Con(((temp > 16.95) & (temp <=
20.95)),1.528128,Con((temp>20.95) ,1.646944)))) + popden * 140
outras18 = ahe * Con((temp<=12.4),1.463495,Con(((temp > 12.4) &
(temp <=16.95)),1.485231, \
Con(((temp > 16.95) & (temp <=
20.95)),1.532506,Con ( (temp>20.95) ,1.581719)))) + popden * 140
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outrasl9 = ahe * Con((temp<=12.4),1.433388,Con(((temp > 12.4) &
(temp <=16.95)),1.398923, \
Con(((temp > 16.95) & (temp <=
20.95)),1.345529,Con((temp>20.95),1.290567)))) + popden * 140
outras20 = ahe * Con((temp<=12.4),1.19949,Con(((temp > 12.4) &
(temp <=16.95)),1.149193, \
Con(((temp > 16.95) & (temp <=
20.95)),1.08802,Con ((temp>20.95),0.996295)))) + popden * 140

outras21

= ahe x*

Con((temp<=12.4),1.210262,Con(((temp > 12.4) &

(temp <=16.95)),1.086298, \
Con(((temp > 16.95) & (temp <=
20.95)),0.982672,Con((temp>20.95),0.875675)))) + popden * 140
outras22 = ahe * Con((temp<=12.4),0.992553,Con(((temp > 12.4) &
(temp <=16.95)),0.816803, \
Con(((temp > 16.95) & (temp <=
20.95)),0.725456,Con((temp>20.95),0.636464)))) + popden * 122.5
outras23 = ahe * Con((temp<=12.4),0.8647332,Con(((temp > 12.4) &
(temp <=16.95)),0.696604, \
Con(((temp > 16.95) & (temp <=
20.95)),0.60609,Con((temp>20.95),0.521858)))) + popden * 105

print "WARNING: Currently Building AHE ",name," by Yue"

outrasO.
outrasl
outras?2.
outras3.
outras4.
outrasb.
outras6
outras?.
outras8.
outras9.

outrasio.
outrasil.

outrasi2
outrasi3

outrasi4.
outrasib.
outrasil6.

outrasi7

outrasi18.
outrasi19.

outras20

save("F:

.save("F:

save("F:
save ("F:
save ("F:
save ("F:

.save("F:

save ("F:
save("F:
save ("F:
save ("F

save ("F:
.save("F:
.save("F:
save ("F:
save ("F:
save ("F:
.save("F:
save ("F:
save ("F:
.save("F:

/UrbanParam/AHE_jakarta_new/"+name+"_2050_ahe_00
/UrbanParam/AHE_jakarta_new/"+name+"_2050_ahe_01
/UrbanParam/AHE_jakarta_new/"+name+"_2050_ahe_02.
/UrbanParam/AHE_jakarta_new/"+name+"_2050_ahe_03.
/UrbanParam/AHE_jakarta_new/"+name+"_2050_ahe_04.
/UrbanParam/AHE_jakarta_new/"+name+"_2050_ahe_05.
/UrbanParam/AHE_jakarta_new/"+name+"_2050_ahe_06
/UrbanParam/AHE_jakarta_new/"+name+"_2050_ahe_07.
/UrbanParam/AHE_jakarta_new/"+name+"_2050_ahe_08.
/UrbanParam/AHE_jakarta_new/"+name+"_2050_ahe_09.

: /UrbanParam/AHE_jakarta_new/"+name+"_2050_ahe_10.

/UrbanParam/AHE_jakarta_new/"+name+"_2050_ahe_11
/UrbanParam/AHE_jakarta_new/"+name+"_2050_ahe_12

/UrbanParam/AHE_jakarta_new/"+name+"_2050_ahe_17
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/UrbanParam/AHE_jakarta_new/"+name+"_2050_ahe_13.
/UrbanParam/AHE_jakarta_new/"+name+"_2050_ahe_14.
/UrbanParam/AHE_jakarta_new/"+name+"_2050_ahe_15.
/UrbanParam/AHE_jakarta_new/"+name+"_2050_ahe_16.

/UrbanParam/AHE_jakarta_new/"+name+"_2050_ahe_18.
/UrbanParam/AHE_jakarta_new/"+name+"_2050_ahe_19.
/UrbanParam/AHE_jakarta_new/"+name+"_2050_ahe_20.

Ltif")
Stif™)

tif")
tif")
tif")
tif")

Jtif")

tif")

tif")

tif")

tif")
Ltif")
Ltif™)
tif")
tif")
tif")
tif")
Ltif™)
tif")
tif")
tif")



outras2l.save("F:/UrbanParam/AHE_jakarta_new/"+name+"_2050_ahe_21.tif")
outras22.save("F:/UrbanParam/AHE_jakarta_new/"+name+"_2050_ahe_22.tif")
outras23.save("F:/UrbanParam/AHE_jakarta_new/"+name+"_2050_ahe_23.tif")

end = time.time()
print "Time duration (sec.): ", (end-start)

raw_input ("Press enter to continue..")
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Python programs for heat related
mortality estimation

B.1 BIAS ADJUSTMENT (EXAMPLE FOR RCP8.5&BAU TEMPERATURE BIAS
ADJUSTMENT)

#This program is to correct temperature from simulation to be similar
with observation

#Current program is for RCP8.5\&BaU temperature bias adjustment case

#Program created by Nisrina Setyo Darmanto

import numpy as np

import pandas as pd

import scipy

import scipy.stats

from scipy.stats import norm
import matplotlib

import matplotlib.pyplot as plt
import matplotlib.mlab as mlab
from scipy.stats import linregress as 1ln
from netCDF4 import Dataset
import glob

def Fit(y):
dist_results = []
params = {}
dist_names = ['norm'l#, 'expon', 'pareto', 'weibull max']
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for dist_name in dist_names:
dist = getattr(scipy.stats, dist_name)
param = dist.fit(y)

params [dist_name] = param

#Applying the Kolmogorov-Smirnov test

D, p = scipy.stats.kstest(y, dist_name, args=param);
dist_results.append((dist_name,p))

#select the best fitted distribution

sel_dist,p = (max(dist_results,key=lambda item:item[1]))
#store the name of the best fit and its p value
DistributionName = sel_dist

PValue = p

#self.isFitted = True
return DistributionName, PValue, params

def assign_norm(data_to_be_fit):

data_fit = Fit(data_to_be_fit)

param_norm = data_fit[2] [data_fit[0]]

pdf_data = norm.pdf (data_to_be_fit, loc = param_norm[0], scale =
param_norm[1])

cdf_data = pdf_data.cumsum()

cdf_data /= cdf_datal[-1]
return param_norm, pdf_data, cdf_data

def fitting to_obs(data_to_fit, locs, scales, delta):

locs = locs + delta
scales = scales
pdf_fit = norm.pdf (data_to_fit, loc=locs, scale = scales)

cdf_fit pdf_fit.cumsum()
cdf_fit /= cdf_fit[-1]

(]

list_ppf

for item in xrange(cdf_fit.size):
ppf_data = norm.ppf(cdf_fit[item], loc=locs, scale = scales)
if ppf_data==float('Inf'):
ppf_data = norm.ppf(cdf_fit[item-1], loc=locs, scale = scales)
list_ppf.append (ppf_data)
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else:
list_ppf.append(ppf_data)

df _ppf = pd.DataFrame(list_ppf)

return pdf_fit, cdf_fit, df_ppf
del list_ppf

def find_nearest(array,value):
idx = (np.abs(array-value)).argmin()
return array[idx]

def temp_200(current_start, target_lon, target_lat,current_list):

lons = current_start.variables['XLONG'][:]

lonsid = lomns[O,:]

lats = current_start.variables['XLAT'][:]

latsld = lats[:,0]

ilon = np.where(lonsld==find_nearest(lonslid,target_lon)) [0] [0]
#x-coordinate

jlat = np.where(latsld==find_nearest(latsld,target_lat)) [0] [0]
#y-coordinate

print len(current_list)
single_file =
current_start.variables['T_200ZR_URB2D'][:,jlat,ilon]-273.15

df = pd.DataFrame(single_file)

for i in xrange(len(current_list)-1):

list_file = Dataset(current_list[i+1], mode = 'r')

temp = list_file.variables['T_200ZR_URB2D'][:,jlat,ilon]-273.15
df2 = pd.DataFrame (temp)

print i

df _append = df.append(df2)
df = df_append

del df2
#temp_mat.append([temp_mat])

#temp_10yrs = np.stack(temp_mat)
#del temp_mat

del df

return df_append
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folder = 'F:/WRFResult/code/' #raw_input("input file folder: ")
folder + 'df_TPR_temp200.csv' #raw_input('input file name:

filenamel
")
filename2 = folder + 'df_CGK_temp200.csv'

filename3 = folder + 'df_KMY_temp200.csv'
df _tpr = pd.read_csv(filenamel)
df _cgk = pd.read_csv(filename?2)
df _kmy = pd.read_csv(filename3)

data_obs_tpr = df_tpr.iloc[:,1:11].values.ravel()
data_obs_cgk = df_cgk.iloc[:,1:11] .values.ravel()
data_obs_kmy = df_kmy.iloc[:,1:11].values.ravel()

data_mod_tpr = df_tpr.iloc[:,12:23].values.ravel()
data_mod_cgk = df_cgk.iloc[:,12:23].values.ravel()
data_mod_kmy = df_kmy.iloc[:,12:23].values.ravel()

#kasih condition if disini untuk value inside range 0-50.0, if no give
null value

obs_ave = np.nanmean( np.array([data_obs_tpr, data_obs_cgk,
data_obs_kmy]), axis=0 )

mod_ave = np.nanmean( np.array([data_mod_tpr, data_mod_cgk,
data_mod_kmy]), axis=0 )

df _data_all =
pd.DataFrame (columns=['index_orig', 'KMO_obs','KMO_mod','TPR_obs',
'"TPR_mod ',
'"CGK_obs', 'CGK_mod', 'Ave_obs', 'Ave_mod'])

df _data_all['KMO_obs'] = data_obs_kmy
df _data_all['KMO_mod'] = data_mod_kmy
df _data_all['TPR_obs'] = data_obs_tpr
df _data_all['TPR_mod'] = data_mod_tpr
df _data_all['CGK_obs'] = data_obs_cgk
df _data_all['CGK_mod"'] = data_mod_cgk
df _data_all['Ave_obs'] = obs_ave

df data_all['Ave_mod'] = mod_ave

df _data_all['index_orig']l = np.array(df_data_all.index)
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current_t200_list =
sorted(glob.glob('F:/WRFResult/tempor_curr/CURR_20*_variables_t200.nc'))
current_t200 =
Dataset ('F:/WRFResult/tempor_curr/CURR_2006_variables_t200.nc',
mode = 'r')#['T_200ZR_URB2D'][:] - 273.15
cmpc_t200_list =
sorted(glob.glob('F:/WRFResult/tempor/CMPC_20*_variables_t200.nc'))
cmpc_t200 =
Dataset ('F:/WRFResult/tempor/CMPC_2006_variables_T200.nc', mode
='r")
hist_t200_list =
sorted(glob.glob('F:/WRFResult/tempor_hist/HIST_20%_variables_t200.nc'))
hist_t200 =
Dataset ('F:/WRFResult/tempor_hist/HIST_2006_variables_t200.nc',
mode ='r')

#curr_fit
#param_curr

Fit(curr_point)
curr_fit[2] [curr fit[0]]

#print 'mean and sigma current: ', str(param_curr)

lon_TPR = 106.8778

lat TPR = -6.11

lon_KMY = 106.8333

lat_KMY = -6.18333

lon_CGK = 106.65

lat_CGK = -6.1167

KMO_hist = temp_200(hist_t200, lon KMY, lat_KMY, hist t200_list)

df _KMO hist = KMO_hist

TPR_hist = temp_200(hist_t200, lon_TPR, lat_TPR, hist_t200_list)
df TPR_hist = TPR_hist
CGK_hist = temp_200(hist_t200, lon_CGK, lat_CGK, hist_t200_list)
df CGK_hist = CGK hist

#normal distribution assigning to observed data

obs_KMO_mask = df_data_all['KMO_obs'] [df_data_all['KMO_obs']<40.0]
obs_TPR_mask = df _data_all['TPR_obs'] [df_data_all['TPR_obs']<40.0]
obs_CGK_mask = df_data_all['CGK_obs'] [df_data_all['CGK_obs']<40.0]

param_obs_KMO, obs_KMO_pdf, cdf_KMO_obs = assign_norm(obs_KMO_mask)
param_obs_TPR, obs_TPR_pdf, cdf_TPR_obs assign_norm(obs_TPR_mask)
param_obs_CGK, obs_CGK_pdf, cdf_CGK_obs assign_norm(obs_CGK_mask)
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param_mean_0BSAve = np.mean(
np.array(
[param_obs_KMO[0],
param_obs_TPR[0],
param_obs_CGK [0]
]
)
)

param_std_0OBSAve = np.mean(
np.array(
[param_obs_KMO[1],
param_obs_TPR[1],
param_obs_CGK[1]
]
)
)

param_mod_KMO, mod_KMO_pdf, mod_KMO_cdf
assign_norm(df_data_all['KMO_mod'])
param_mod_TPR, mod_TPR_pdf, mod_TPR_cdf
assign_norm(df_data_all['TPR_mod'])
param_mod_CGK, mod_CGK_pdf, mod_CGK_cdf
assign_norm(df_data_all['CGK_mod'])

param_mean_MODAve = np.mean(
np.array(
[param_mod_KMO[O0],
param_mod_TPR[O],
param_mod_CGK [0]
]
)
)

param_std_MODAve = np.mean(
np.array(
[param_mod_KMO[1],
param_mod_TPR[1],
param_mod_CGK[1]
]
)
)
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param_hist_KMO, hist_KMO_pdf, hist_KMO_cdf
param_hist_TPR, hist_TPR_pdf, hist_TPR_cdf
param_hist_CGK, hist_CGK_pdf, hist_CGK_cdf

assign_norm(df_KMO_hist)
assign_norm(df_TPR_hist)
assign_norm(df_CGK_hist)

param_mean_ HISTAve = np.mean(
np.array(

[param_hist_KMO[O],

param_hist_TPR[0],
param_hist_CGK[O0]
]

)

)

param_std_HISTAve = np.mean(
np.array(

[param_hist_KMO[1],

param_hist_TPR[1],
param_hist_CGK[1]
]

)

)

index_modKMO
i:i[1])
df _indexKMO
index_modTPR
i:i[1])
df _indexTPR
index_modCGK
i:i[1])
df _indexCGK

index_histKMO

= sorted(enumerate(df_data_all['KMO_mod']) ,key=lambda

= pd.DataFrame (index_modKMO0)
= sorted(enumerate(df_data_all['TPR_mod']),key=lambda

= pd.DataFrame (index_modTPR)
= sorted(enumerate(df_data_all['CGK_mod']),key=lambda

= pd.DataFrame (index_modCGK)

= sorted(enumerate(df_KMO_hist[0]) ,key=lambda i:i[1])

df_index_hist_KMO = pd.DataFrame(index_histKMO)

index_histTPR
df _index_hist
index_histCGK
df _index_hist

= sorted(enumerate (df _TPR_hist[0]),key=lambda i:i[1])

_TPR = pd.DataFrame(index_histTPR)

= sorted(enumerate(df_CGK_hist[0]) ,key=lambda i:i[1])

_CGK = pd.DataFrame(index_histCGK)

Parameters #

—————— Normal Correction

H
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stdCOR_hist_KMO = (param_obs_KMO[1] / param_mod_KMO[1]) *
param_hist_KMO[1]

meanCOR_hist_KMO = param_obs_KMO[0] + ( (param_obs_KMO[1] /
param_mod_KMO[1]) * (param_hist_KMO[O] - param_mod_KMO[O]))

stdCOR_hist_TPR = (param_obs_TPR[1] / param_mod_TPR[1]) *
param_hist_TPR[1]

meanCOR_hist_TPR = param_obs_TPR[0] + ( (param_obs_TPR[1] /
param_mod_TPR[1]) * (param_hist_TPR[0] - param_mod_TPR[0]))

stdCOR_hist_CGK = (param_obs_CGK[1] / param_mod_CGK[1]) =*
param_hist_CGK[1]

meanCOR_hist_CGK = param_obs_CGK[0] + ( (param_obs_CGK[1] /
param_mod_CGK[1]) * (param_hist_CGK[0] - param_mod_CGK[0]))

# FITTING TO CORRECTED MEAN AND
STD======= #

mod_KMO_pdf_fit, cdf_KMO_mod_fit, ppf_KMO_mod_fit
df KMO_hist[0],
locs = meanCOR_hist_KMO,
scales = stdCOR_hist_KMO,
delta = 0)

fitting_ to_obs(

mod_TPR_pdf_fit, cdf_TPR_mod_fit, ppf_TPR_mod_fit
df _TPR_hist[0],
locs = meanCOR_hist_TPR,
scales = stdCOR_hist_TPR,
delta = 0)

fitting_to_obs(

mod_CGK_pdf_fit, cdf_CGK_mod_fit, ppf_CGK_mod_fit
df_CGK_hist[0],
locs = meanCOR_hist_CGK,
scales = stdCOR_hist_CGK,

fitting_to_obs(

delta = 0)
# RETURN FUNCTION #
df_combine = pd.DataFrame(columns=['index_orig', 'data_mod','cdf_mod',

'ppf_mod'])
df_combine['index_orig'] = pd.concat([df_index_hist_KMO[0]])
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df _combine['data_mod'] = pd.concat([df_index_hist_KMO[1]])
a = pd.DataFrame(mod_KMO_pdf_fit)

b = pd.DataFrame (ppf_KMO_mod_fit)

df _combine['cdf_mod'] = pd.concat([a])

df _combine['ppf_mod'] = pd.concat([b])

slopeKMO, interceptKMO, r_valueKMO, p_valueKMO, std_errKMO =
1n(df_combine['data_mod'], df_combinel['ppf_mod']) #orig, ppf

orig = df_KMO_hist [0]
tf_fun_KMO = slopeKMO*orig + interceptKMO

param_TF_KMO_cmpc, mod_KMO_pdf_TF_cmpc, mod_KMO_cdf_TF_cmpc =
assign_norm(tf_fun_KM0O)

del df_combine

df _combine = pd.DataFrame(columns=['index_orig', 'data_mod','cdf_mod',
'ppf_mod'])

df _combine['index_orig'] = pd.concat([df_index_hist_TPR[0]])

df _combine['data_mod'] = pd.concat([df_index_hist_TPR[1]])

a = pd.DataFrame(mod_TPR_pdf_fit)

b = pd.DataFrame (ppf_TPR_mod_fit)

df_combine['cdf_mod'] = pd.concat([a])

df _combine['ppf_mod'] = pd.concat([b])

slopeTPR, interceptTPR, r_valueTPR, p_valueTPR, std_errTPR =
1n(df_combine['data_mod'], df_combinel['ppf_mod']) #orig, ppf

orig = df_TPR_hist [0]
tf_fun_TPR = slopeTPR*orig + interceptTPR

param_TF_TPR, mod_TPR_pdf_TF, mod_TPR_cdf_TF = assign_norm(tf_fun_TPR)

del df_combine

df _combine = pd.DataFrame(columns=['index_orig', 'data_mod','cdf_mod',
'ppf_mod'])

df _combine['index_orig'] = pd.concat([df_index_hist_CGK[0]])

df _combine['data_mod'] = pd.concat([df_index_hist_CGK[1]])

a = pd.DataFrame(mod_CGK_pdf_fit)

b = pd.DataFrame (ppf_CGK_mod_fit)

df _combine['cdf _mod'] = pd.concat([a])

df _combine['ppf_mod'] = pd.concat([b])
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slopeCGK, interceptCGK, r_valueCGK, p_valueCGK, std_errCGK =
1n(df_combine['data_mod'], df_combine['ppf_mod']) #orig, ppf

orig = df_CGK_hist [0]
tf_fun_CGK = slopeCGK*orig + interceptCGK

param_TF_CGK, mod_CGK_pdf_TF, mod_CGK_cdf_TF = assign_norm(tf_fun_CGK)

average_slope_hist = np.mean(np.array([slopeKMO, slopeTPR, slopeCGK]))

print 'slope BaU: ', str(average_slope_hist)

average_intercept_hist = np.mean(np.array([interceptkKMO, interceptTPR,
interceptCGK]))

print 'intercept BaU: ', str(average_intercept_hist)

B.2 ESTIMATING OPTIMUM TEMPERATURE FROM DAILY MAXIMUM AND MIN-
IMUM TEMPERATURE FROM SYNOP DATA

#This program is to estimate optimum temperature from daily maximum and
minimum temperature from synop data
#Program created by Nisrina Setyo Darmanto

import numpy as np

import glob

import pandas as pd

from netCDF4 import Dataset

import numpy as np

import matplotlib

import matplotlib.pyplot as plt

from mpl_toolkits.basemap import Basemap

import os.path

from matplotlib.font_manager import FontProperties

from matplotlib import rcParams

import matplotlib.pylab as pylab

params = {'legend.fontsize': 'large',
'axes.labelsize': 'large',
'axes.titlesize':'large',
'xtick.labelsize':'large',
'ytick.labelsize':'large'}

pylab.rcParams.update (params)
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import glob

try:
import archook #The module which locates arcgis
archook.get_arcpy ()
import arcpy
except ImportError:
print 'error on importing arcpy'
from arcpy import env
from arcpy.sa import *

import os
import numpy,glob
import time
try:
from osgeo import gdal, osr
except ImportError:
import gdal, osr
import seaborn as sns

#import pandas

def acquire(fff,j,i,numCols,numRows):

nd = gdal.Open(fff,gdal.GA_ReadOnly)
band = nd.GetRasterBand (1)

xsize = numCols

ysize = numRows

DATA = band.ReadAsArray(j,i,xsize,ysize)
nd = None

del band

return DATA

def acquire_area(dts):

xsize = dts.RasterXSize
ysize = dts.RasterYSize
DATA = band.ReadAsArray(0,0,xsize,ysize)

return DATA

def percentile84(file_list):
dfList = pd.DataFrame([])

for num_file in xrange(len(file_list)):
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file_list[num_file]
open(filename) .readlines()

filename
testlist

print len(testlist)
matches = [s for s in testlist if '333 10' in s]

for i in xrange(len(matches)):

lines = matches[i]

Stnames = lines[0:5]

year = float(lines[6:10])
month = float(lines[11:13])
day = float(lines[14:16])
hour = float(lines[17:19])

index_333 = lines.find('333 10')

tmax = lines[index_333+6 : index_333+10]
tmax = float(tmax) / 10.0

datal = pd.DataFrame([stnames,year,month,day,hour,tmax])
datal = datal.transpose()
dfList = dfList.append(datal, ignore_index=True)

print stnames,year,month,day,hour,tmax

dfList = dfList.rename(columns= {0:'station', 1: 'year', 2: 'month'
3:'day', 4:'hour', 5:'tmax'})

tmax_array = dfList['tmax']
topt_obs = np.percentile(tmax_array, 60.0)

return topt_obs, tmax_array, dfList

def percentile84_mean(file_list):
dfList = pd.DataFrame([])

for num_file in xrange(len(file_list)):
filename = file_list[num_file]
testlist = open(filename).readlines()

print len(testlist)

matches = [s for s in testlist if 'NIL=' not in s]
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for i in xrange(len(matches)):

lines = matches[i]
stnames = lines[0:5]
year = float(lines[6:10])

month float(lines[11:13])
day = float(lines[14:16])
hour float(lines[17:19])

print lines[54:57]

myString = lines([54:57]
print lines[54:57]
if not myString:

tmean = 9999

else:
tmean = float(lines[54:57]1)/10.0
index 333 = lines.find('333 10')

if index_333 == float(-1):

tmax = 9999

else:
tmax = lines[index_333+6 : index_333+10]
tmax = float(tmax) / 10.0

datal = pd.DataFrame([stnames,year,month,day,hour,tmax,tmean])
datal = datal.transpose()
dfList = dfList.append(datal, ignore_index=True)

print stnames,year,month,day,hour,tmax,tmean

dfList = dfList.rename(columns= {0:'station', 1: 'year', 2: 'month'
3:'day', 4:'hour', 5:'tmax',6:'tmean'})

tmax_array = dfList['tmax']
topt_obs = np.percentile(tmax_array, 60.0)

tmean_array = dfList['tmean']
tmean_opt_obs = np.percentile(tmean_array, 60.0)

return topt_obs, tmean_opt_obs, tmax_array, dfList, tmean_array

def plot_map(lon, lat, parameter, vmin, vmax, figname):
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current = Dataset('../tempor_curr/CURR_dayMEAN mean.nc', mode = 'r')

lonl = lon.min()
lon2 = lon.max ()
latl = lat.min()
lat?2 = lat.max()
x_grid = np.size(current.dimensions['x'])
y_grid = np.size(current.dimensions['y'])

del current

m = Basemap(projection='mill',llcrnrlat=latl,urcrnrlat=lat2,\
llcrnrlon=loni,urcrnrlon=lon2,lat_ts=None,resolution ='h')

fig,ax = plt.subplots()

m.drawcoastlines()

parallels = np.arange(-10.,-4.,0.25)
m.drawparallels(parallels, labels=[1,0,0,0], fontsize=10)
meridians = np.arange(104., 108., 0.25)
m.drawmeridians(meridians, labels=[0,0,0,1])#, fontsize=10)
xi,yi = m(lon,lat)

#plt.savefig(figname+'.png')

cs = plt.pcolormesh(xi,yi,parameter, cmap='jet',
shading='gouraud', vmin= vmin, vmax=vmax)

cs.cmap.set_under('w')

cbar = m.colorbar(cs, location='right',extend='max')

plt.title(figname)

plt.savefig('../mortality_image/'+figname+'.png')

plt.close()

def output_tmax(file_list):
all_year_tmax = []
for file_num in xrange(len(file_list)):
current = Dataset(file_list[file_num], mode =
'r')['T_200ZR_URB2D'] [:] - 273.15

all_year_tmax.append(current)

tmax_all = np.stack(all_year_tmax)
del all_year_tmax

return tmax_all
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directoryl = '../ogimet_96741/'

file_list = sorted(glob.glob(directoryl + '20%.txt'))
pr84_tpr = percentile84(file_list)

data_tpr = pr84_tprl[1]

df _tpr = pr84_tpr[2]
directory2 = '../ogimet_96745/"
file_1ist2 = sorted(glob.glob(directory2 + '20%.txt'))

pr84_kmy = percentile84(file_list2)
data_kmy = pr84_kmy[1]
df _kmy = pr84_kmy[2]

topt_obs = (pr84_kmy[0] + pr84_tpr[0])/2

fig, ax = plt.subplots()

a = df_tpr['tmax']
b = pd.to_numeric(a)
b = b[b < 40.0]

n, bins, patch = ax.hist(b, 20, label='Jakarta obs. Tmax 2006-2015"')
ax.legend(loc ='best')
plt.savefig('../mortality_image/data_tmax_hist.png')

plt.close()

del b, df_kmy, df_tpr

H H
H H

#FOR CALCULATING OT BASED ON MEAN DAILY TEMPERATURE#

# comment out when calculating 0T based on Td_max
#

b

+H+

directoryl = '../ogimet_96741/"'

file_list = sorted(glob.glob(directoryl + '20%.txt'))
pr84_tpr = percentile84_mean(file_list)

data_tpr = pr84_tpr[1]

df _tpr = pr84_tpr[3]

directory2 = '../ogimet_96745/"

file_1ist2 = sorted(glob.glob(directory2 + '20%*.txt'))
pr84_kmy = percentile84_mean(file_list2)

data_kmy = pr84_kmy[1]

df _kmy = pr84_kmy [3]
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topt_obs = (pr84_kmy[0] + pr84_tpr[0])/2
tmean_opt_obs = (pr84_kmy[1] + pr84_tpr[1])/2

fig, ax = plt.subplots()

a = df_tpr['tmax']

b = pd.to_numeric(a)
b = b[b < 40.0]

b = b[b > 10.0]

nl, binsl, patchl = ax.hist(b, 20, label='Jakarta obs. Tmax 2006-2015')
ax.legend(loc ='best')
plt.savefig('../mortality_image/data_tmax_hist_181102.png')

plt.close()

del b

a = df_tpr['tmean']
b = pd.to_numeric(a)
b = b[b < 40.0]

b = blb > 10.0]
listl = Db

del b

n =238

list2 = [np.mean(listl[i:i+n]) for i in range(0,len(listl),n)]

b = list2

fig, ax = plt.subplots()

n2, bins2, patch2 = ax.hist(b, 20, label='Jakarta obs. Tmean 2006-2015')
ax.legend(loc ='best')
plt.savefig('../mortality_image/data_tmean_hist_181102.png')

plt.close()

del b, #df_kmy, df_tpr

tmean_opt_obs = np.percentile(pr84_tpr[3], 60.0)

B.3 CALCULATING FUTURE HEAT-RELATED MORTALITY RISK IN RCP2.6&
CoMPACT AND RCP8.5&BAU
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#This program is to estimate future heat-related mortality risk in
RCP2.6\&Compact and RCP8.5\&Bal

#Any required input is result from previous program

#Program created by Nisrina Setyo Darmanto

import numpy as np

import glob

import pandas as pd

from netCDF4 import Dataset

import numpy as np

import matplotlib

import matplotlib.pyplot as plt

from mpl_toolkits.basemap import Basemap

import os.path

from matplotlib.font_manager import FontProperties

from matplotlib import rcParams

import matplotlib.pylab as pylab

params = {'legend.fontsize': 'large',
'axes.labelsize': 'large',
'axes.titlesize':'large',
'xtick.labelsize':'large',
'ytick.labelsize':'large'}

pylab.rcParams.update (params)

import glob

try:
import archook #The module which locates arcgis
archook.get_arcpy()
import arcpy
except ImportError:
print 'error on importing arcpy'
from arcpy import env
from arcpy.sa import *

import os
import numpy,glob
import time
try:
from osgeo import gdal, osr
except ImportError:
import gdal, osr
import seaborn as sns
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#import pandas

def acquire(fff,j,i,numCols,numRows):

nd = gdal.Open(fff,gdal.GA_ReadOnly)
band = nd.GetRasterBand (1)

xsize = numCols

ysize = numRows

DATA = band.ReadAsArray(j,i,xsize,ysize)
nd = None

del band

return DATA

def acquire_area(dts):
xsize = dts.RasterXSize
ysize dts.RasterYSize
DATA band.ReadAsArray(0,0,xsize,ysize)
return DATA

def plot_map(lon, lat, parameter, vmin, vmax, figname):
current = Dataset('../tempor_curr/CURR_dayMEAN mean.nc', mode = 'r')

loni = lon.min()
lon2 = lon.max()
latil = lat.min()
lat2 = lat.max()
x_grid = np.size(current.dimensions['x'])
y_grid = np.size(current.dimensions['y'])

del current

m = Basemap(projection='mill',llcrnrlat=latl,urcrnrlat=lat2,\
llcrnrlon=lonl,urcrnrlon=lon2,lat_ts=None,resolution ='h')

fig,ax = plt.subplots()

m.drawcoastlines()

parallels = np.arange(-10.,-4.,0.25)
m.drawparallels(parallels, labels=[1,0,0,0], fontsize=10)
meridians = np.arange(104., 108., 0.25)

m.drawmeridians (meridians, labels=[0,0,0,1])#, fontsize=10)
xi,yi = m(lon,lat)

#plt.savefig(figname+' .png')

cs = plt.pcolormesh(xi,yi,parameter, cmap='jet',
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shading='gouraud', vmin= vmin, vmax=vmax)
cs.cmap.set_under('w')
cbar = m.colorbar(cs, location='right',extend='max')
plt.title(figname)
plt.savefig('../mortality_image/'+figname+'.png')
plt.close()

def output_tmax(file_list):
all_year_tmax = []
for file_num in xrange(len(file_list)):
current = Dataset(file_list[file_num], mode =
'r')['T_200ZR_URB2D'] [:] - 273.15

all_year_tmax.append(current)

tmax_all = np.stack(all_year_tmax)
del all_year_tmax

return tmax_all

# #
#INPUT OF CLIMATE SIMULATION DATA#
# #

current = Dataset('../tempor_curr/CURR_dayMEAN mean.nc', mode = 'r')

lon = current.variables['XLONG'] [:]

lat = current.variables['XLAT'][:]
loni = lon.min()

lon2 = lon.max ()

lati = lat.min()

lat2 = lat.max()

x_grid = np.size(current.dimensions['x'])
y_grid = np.size(current.dimensions['y'])

del current

# ===t
#===INPUT POPULATION RASTER DATA #
# ===t
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pop_cmpc_curr = '../Compact_SSP1/target_2014_cmpc.tif'
pop_cmpc_2050 = '../Compact_SSP1/target_2050_cmpc.tif'
pop_hist_curr '../Historical_SSP3/target_2014_hist.tif'
pop_hist_2050 '../Historical_SSP3/target_2050_hist.tif'
#test_data = acquire_area(file_temp,0,0,)

dataset = gdal.Open(pop_cmpc_curr,gdal.GA_ReadOnly)
band = dataset.GetRasterBand (1)

cols = dataset.RasterXSize

rows = dataset.RasterYSize

#CURRENT POPULATION
pdCMPC_curr = acquire(pop_cmpc_curr, 0, O, cols, rows)
arr_pdCMPC_curr = pdCMPC_currl[::-1]

#COMPACT POPULATION
pdCMPC_2050 = acquire(pop_cmpc_2050, 0, 0, cols, rows)
arr_pdCMPC_2050 = pdCMPC_2050[::-1]

#BAU POPULATION
pdHIST_2050 = acquire(pop_hist_2050, 0, 0, cols, rows)
arr_pdHIST_2050 = pdHIST_2050[::-1]

del pop_cmpc_curr, pop_cmpc_2050, pop_hist_curr, pop_hist_2050

# INPUT COEFFICIENT
LIST #
cdr_day2014 .0095/1000 #every 1000 population

]
(@]

cdr_day2050 = 0.0306/1000 #every 1000 population
pop_ratio65_2014 = 0.0269
pop_ratio65_2050 = 0.2203

cdr_65_2014 = cdr_day2014*pop_ratio65_2014
cdr_65_2050 cdr_day2050*pop_ratio65_2050

function_coef_thai = 0.60
function_coef_jp = 0.88

# put bias corrected max temp

HHH

here ###

urbCurrent
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Dataset('../geo_em.d03_current.nc',mode='r') ['MOD_FRC_URB2D'] [:]
urbCurrent = urbCurrent [0]

current_Fitted_list =
sorted(glob.glob('./figure_statl/data_currentFitted_20%*.npy'))
cmpc_Fitted_list =
sorted(glob.glob('./figure_statl/data_cmpcFitted20*.npy'))
hist_Fitted_list =
sorted(glob.glob('./figure_statl/data_histFitted20*.npy'))
rcp26_Fitted_list =
sorted(glob.glob('./figure_statl/data_rcp26Fitted20%*.npy'))
rcp85_Fitted_list =
sorted(glob.glob('./figure_statl/data_rcp85Fitted20*.npy'))

df _curr = pd.DataFrame()
df_rcp26 = pd.DataFrame()
df _rcp85 = pd.DataFrame()
df _cmpc = pd.DataFrame()
df_hist = pd.DataFrame()

for year in xrange(len(current_Fitted_list)):
year_mark = 2006 + year

current_Fitted = np.load(current_Fitted_list[year])
cmpc_Fitted = np.load(cmpc_Fitted_list[year])

hist_Fitted = np.load(hist_Fitted_list[year])

rcp26_Fitted = np.load(rcp26_Fitted_list[year])

rcp85_Fitted = np.load(rcp85_Fitted_list[year])

value_curr = [np.max(current_Fitted[j:j+24,:,:]1, axis=0) for j in

range (0, current_Fitted.shape[0], 24)]

value_curr = np.array(value_curr)

value_cmpc = [np.max(cmpc_Fitted[j:j+24,:,:], axis=0) for j in
range (0, cmpc_Fitted.shapel[0], 24)]

value_cmpc = np.array(value_cmpc)

value_hist [np.max(hist_Fitted[j:j+24,:,:], axis=0) for j in
range(0, hist_Fitted.shape[0], 24)]

value_hist = np.array(value_hist)

#plot histogram of current and future tmax [:,60,60]

fig, (axl, ax2, ax3, ax4, axb) = plt.subplots(nrows=5, ncols=1,

180



figsize=(8,25))

nl, binsl, patchesl = axl.hist(value_curr[:,60,65], 25,
range=(31,36), color='blue', label='Present -averaged
Td_max'+str(year_mark))

n2, bins2, patches2 = ax2.hist(value_rcp26[:,60,65], 25,
range=(31,36), color='aquamarine', label='RCP2.6 -averaged
Td_max'+str(year_mark))

n3, bins3, patches3 = ax3.hist(value_rcp85[:,60,65], 25,
range=(31,36), color='salmon', label='RCP8.5 -averaged
Td_max'+str(year_mark))

n4, bins4, patches4 = ax4.hist(value_cmpc[:,60,65], 25,
range=(31,36), color='green', label='RCP2.6&Cmpc. -averaged
Td_max'+str(year_mark))

n5, binsb, patches5 = ax5.hist(value_hist[:,60,65], 25,
range=(31,36), color='red', label='RCP8.5&Bal -averaged
Td_max'+str(year_mark))

axl.legend(loc ='upper left')

ax2.legend(loc ='upper left')

ax3.legend(loc ='upper left')

ax4.legend(loc ='upper left')

ax5.legend(loc ='upper left')

plt.savefig('../mortality_image/data_tmax_model_ '+ str(year_mark)
+'.png')

plt.close()

curr_p = pd.DataFrame(value_curr[:,60,65])
rcp26_p = pd.DataFrame(value_rcp26[:,60,65])
rcp85_p = pd.DataFrame(value_rcp85[:,60,65])
cmpc_p = pd.DataFrame(value_cmpc[:,60,65])
hist_p = pd.DataFrame(value_hist[:,60,65])

df _append_curr = df_curr.append(curr_p)
df _curr = df_append_curr
del curr_p

df _append_rcp26 = df_rcp26.append(rcp26_p)
df_rcp26 = df_append_rcp26
del rcp26_p

df _append_rcp85 = df_rcp85.append(rcp85_p)
df _rcp85 = df_append_rcp85
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del rcp85_p

df _append_cmpc = df_cmpc.append(cmpc_p)
df_cmpc = df_append_cmpc
del cmpc_p

df _append_hist = df_hist.append(hist_p)
df _hist = df_append_hist
del hist_p

===========CALCULATING DAV

=+

#DAV CURRENT
dav_curr = np.zeros_like(value_curr)
death_rate_curr = np.zeros_like(value_curr)

for i in xrange(value_curr.shape[0]):
for j in xrange(value_curr.shape[1]):
for k in xrange(value_curr.shape[2]):

t_max = value_currl[i,j,k]
t_count = t_max - topt_obs
if t_count > 0.0:

print i,j.k

RR = (0.0125*%(t_count**2) + 0.025%t_count + 1) - 1
pop65 = pop_ratio65_2014 * arr_pdCMPC_curr[j,k]

death = cdr_day2014 * pop65

dav = death * function_coef_thai * RR

dav_curr(i,j,k] = dav

a = cdr_65_2014 *1000* function_coef_thai

death_rate_curr[i,j,k] = a * RR #unit
population
else:
continue

dav_curr_sum = np.sum(dav_curr, axis=0)
dav_curr_mean = np.mean(dav_curr, axis=0)
dav_curr_sum_DR = np.sum(death_rate_curr, axis=0)

every 1000

dav_curr_mean_ DR = np.mean(death_rate_curr, axis=0)
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np.save('../mortality_image/dav_curr_sum_'+str(year_mark),
dav_curr_sum)

np.save('../mortality_image/dav_curr_mean_'+str(year_mark),
dav_curr_mean)

np.save('../mortality_image/dav_curr_sum_DR_'+str(year_mark),
dav_curr_sum_DR)

np.save('../mortality_image/dav_curr_mean DR_'+str(year_mark),
dav_curr_mean_ DR)

#DAV COMPACT
dav_cmpc = np.zeros_like(value_cmpc)
death_rate_cmpc = np.zeros_like(value_cmpc)
for i in xrange(value_cmpc.shape[0]):
for j in xrange(value_cmpc.shape[1]):
for k in xrange(value_cmpc.shape[2]):

t_max = value_cmpcli,j,k]

t_count = t_max - topt_obs

if t_count > 0.0:
print 1i,j,k
RR = (0.0125*%(t_count#**2) + 0.025%t_count + 1) - 1
pop65 = pop_ratio65_2050 * arr_pdCMPC_2050[j,k]
death = cdr_day2050 * pop65
dav = death * function_coef_thai * RR
dav_cmpc[i,j,k] = dav
a = cdr_65_2050%1000 * function_coef_thai
death_rate_cmpc[i,j,k] = a * RR #unit : every 1000

population

else:

continue

dav_cmpc_sum = np.sum(dav_cmpc, axis=0)
dav_cmpc_mean = np.mean(dav_cmpc, axis=0)
dav_cmpc_sum_DR = np.sum(death_rate_cmpc, axis=0)
dav_cmpc_mean_ DR = np.mean(death_rate_cmpc, axis=0)

np.save('../mortality_image/dav_cmpc_sum_'+str(year_mark),
dav_cmpc_sum)

np.save('../mortality_image/dav_cmpc_mean_'+str(year_mark),
dav_cmpc_mean)

np.save('../mortality_image/dav_cmpc_sum_DR_'+str(year_mark),
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dav_cmpc_sum_DR)
np.save('../mortality_image/dav_cmpc_mean DR_'+str(year_mark),
dav_cmpc_mean_DR)

#DAV BAU
dav_hist = np.zeros_like(value_hist)
death_rate_hist = np.zeros_like(value_hist)

for i in xrange(value_hist.shape[0]):
for j in xrange(value_hist.shape[1]):
for k in xrange(value_hist.shape[2]):

t_max = value_hist[i,j,k]

t_count = t_max - topt_obs

if t_count > 0.0:
print i,j.,k
RR = (0.0125%(t_count**2) + 0.025*%t_count + 1) - 1
pop65 = pop_ratio65_2050 * arr_pdHIST_2050[j,k]
death = cdr_day2050 * pop65
dav = death * function_coef_thai * RR
dav_hist[i,j,k] = dav
a = cdr_65_2050*%1000 * function_coef_thai
death_rate_hist[i,j,k] = a * RR #unit : every 1000

population

else:

continue

dav_hist_sum = np.sum(dav_hist, axis=0)
dav_hist_mean = np.mean(dav_hist, axis=0)
dav_hist_sum_DR = np.sum(death_rate_hist, axis=0)
dav_hist_mean DR = np.mean(death_rate_hist, axis=0)

np.save('../mortality_image/dav_hist_sum_'+str(year_mark),
dav_hist_sum)

np.save('../mortality_image/dav_hist_mean_'+str(year_mark),
dav_hist_mean)

np.save('../mortality_image/dav_hist_sum_DR_'+str(year_mark),
dav_hist_sum_DR)

np.save('../mortality_image/dav_hist_mean_ DR_'+str(year_mark),
dav_hist_mean_DR)
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#Plotting for risk per 100,000 population

plot_map(lon, lat, dav_curr_mean_ DR*x100, 0.00001, 0.03,
'curr_mor_mean_100000pop'+str(year_mark))

plot_map(lon, lat, dav_cmpc_mean_DR*100, 0.00001, 0.03,
"cmpc_mor_mean_100000pop ' +str(year_mark))

plot_map(lon, lat, dav_hist_mean_ DR*100, 0.00001, 0.03,
'BaU_mor_mean_100000pop'+str(year_mark))

#Plotting Td_max

plot_map(lon, lat, np.mean(value_cmpc, axis=0), 25., 35.
'cmpc_tmax'+str(year_mark))

plot_map(lon, lat, np.mean(value_curr, axis=0), 25., 35.
'curr_tmax'+str(year_mark))

plot_map(lon, lat, np.mean(value_hist, axis=0), 25., 35.
'bau_tmax'+str(year_mark))
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NCL programs for adding pseudo global
warming values to present NCEP-FNL

C.1 ADDING PSEUDO GLOBAL WARMING VALUES TO PRESENT NCEP-FNL

3999999999 9999939999399 333NN

This program is intended to add CMIP-5 PGW metgrid data

;; into the current metgrid files

;3 Please rename/copy PGW files by removing the date and changing it to
PGW for ALL DOMAINS.

ex. met_em.d01.2055-12-16_12:00:00.nc --> met_em.d01.PGW.nc

created by Alvin C.G. Varquez and Nisrina S. Darmanto

39999999 9993333339393 3333333IIIIIIIIDIDIDIDIDIIININD

)

begin
src_directory = "./met_future_ensemble_85_meteo/" ;; INPUT
domains = 3 ;3 INPUT

soilvars = (/"SKINTEMP","SST","SOILT","ST0O00010","ST010035", ~C~

"ST010040","ST035100","ST040100","ST100200", ~C~

"ST010200","STO00007","STO07028","ST028100","ST100255", ~C~

"SOILTOOO","SOILTO05","SOILT020","SOILT040","SOILT160","SOILT300","SOILT050"/)
;3 INPUT

numsoilvars = dimsizes(soilvars)

print (numsoilvars)

do dom=1,domains ;;; Loop for domains

met_files = systemfunc("ls -1 --color=none
"+src_directory+"met_*d0"+dom+"*00:00.nc");
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met_count=dimsizes(met_files)

print("There are "+met_count+" files in domain 0"+dom) ;

;3 Read necessary parameters from the PGW files;
f=addfile(src_directory+"met_em.d0"+dom+" .PGW.nc","r");
PRES_PGW=f->PRES

TT_PGW=f->TT

UU_PGW=£->UU

VV_PGW=£->VV

RH_PGW=f->RH

GHT _PGW=f->GHT

SKINTEMP_PGW=f->SKINTEMP

do ifil=0,dimsizes(met_files)-1 ;;; Loop for met files

print ("Working on: "+met_files(ifil));
targ=addfile(met_files(ifil),"wb");

PRES=targ->PRES

TT=targ->TT

UU=targ->UU

VV=targ->VV

RH=targ->RH

GHT=targ->GHT

XLAT_M = targ->XLAT_M

XLON_M = targ->XLONG_M

XLAT_U = targ->XLAT_U

XLON_U = targ->XLONG_U

XLAT_V = targ ->XLAT_V

XLON_V = targ ->XLONG_V

5535355555 4°D Variables ;5555555555555555
inter_val=int2p_n(PRES_PGW(:,1:,:,:),TT_PGW(:,1:,:,:),PRES,-2,1)
targ->TT = TT+inter_val

delete(inter_val)
inter_val=int2p_n(PRES_PGW(:,1:,:,:),RH_PGW(:,1:,:,:),PRES,-2,1)
targ->RH = RH+inter_val

delete(inter_val)
inter_val=int2p_n(PRES_PGW(:,1:,:,:),GHT_PGW(:,1:,:,:),PRES,-2,1)
targ->GHT = GHT+inter_val

delete(inter_val)

;;for U

PRES_U=1inint2(XLON_M(0,0,:),XLAT_M(0,:,0) ,PRES,False,XLON_U(0,0,:),XLAT_U(0,:,0),0)
dimsnew = dimsizes(PRES_U)

dimsold = dimsizes(PRES)
PRES U(:,:,:,0)=PRES(:,:,:,0)
PRES U(:,:,:,dimsnew(3)-1) = PRES(:,:,:,dimsold(3)-1)

PRES_U_PGW=1linint2(XLON_M(0,0,:),XLAT M(0,:,0), ~C~
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PRES_PGW,False,XLON_U(0,0,:),XLAT_U(0,:,0),0)
PRES_U_PGW(:,:,:,0)=PRES_PGW(:,:,:,0)

PRES_U_PGW(:,:,:,dimsnew(3)-1) = PRES_PGW(:,:,:,dimsold(3)-1)
inter_val=int2p_n(PRES_U_PGW(:,1:,:,:),UU_PGW(:,1:,:,:),PRES_U,-2,1)
targ->UU = UU+inter_val

delete(inter_val)

;;for V
PRES_V=1inint2(XLON_M(0,0,:),XLAT_M(O,:,0),PRES,False,XLON_V(0,0,:),XLAT_V(0,:,0),0)
dimsnew = dimsizes(PRES_V)

dimsold = dimsizes(PRES)

PRES V(:,:,0,:)=PRES(:,:,0,:)

PRES_V(:,:,dimsnew(2)-1,:) = PRES(:,:,dimsold(2)-1,:)
PRES_V_PGW=1inint2(XLON_M(0,0,:),XLAT_M(0,:,0), ~C~
PRES_PGW,False,XLON_V(0,0,:),XLAT_V(0,:,0),0)
PRES_V_PGW(:,:,0,:)=PRES_PGW(:,:,0,:)

PRES_V_PGW(:,:,dimsnew(2)-1,:) = PRES_PGW(:,:,dimsold(2)-1,:)
inter_val=int2p_n(PRES_V_PGW(:,1:,:,:),VV_PGW(:,1:,:,:),PRES_V,-2,1)
targ->VV = VV+inter_val

delete(inter_val)

;soilvars = (/"SKINTEMP","SST","SOILT","ST000010",~C~
"ST010035","ST010040","ST035100","ST040100","ST100200", ~C~
"ST010200","STO00007T","STO07028","ST028100","ST100255", ~C~
"SOILTOO0O","SOILTOO5","SOILTO20","SOILT040","SOILT160","SOILT300","SOILT050"/)
;numsoilvars = dimsizes(soilvars)
;print (numsoilvars)
do ivar=0,numsoilvars-1
if(isfilevar(targ,soilvars(ivar))) then
svar=targ->$soilvars(ivar)$
; printVarSummary (svar)
; printVarSummary (SKINTEMP_PGW)
targ->$soilvars(ivar)$ = svar+SKINTEMP_PGW
delete(svar)
end if
end do

;5 ;for_ ST

do iivar=0,3
svar=targ->ST(:,iivar,:,:)
targ->ST(:,iivar,:,:)=svar+SKINTEMP_PGW
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delete(svar)
end do

delete (XLAT_U)
delete(XLAT_V)
delete (XLAT_M)
delete (XLON_U)
delete (XLON_V)
delete (XLON_M)
delete (PRES_U)
delete(PRES_U_PGW)
delete (PRES_V)
delete(PRES_V_PGW)
delete(targ)
delete (PRES)
delete(TT)

delete (UU)
delete(VV)
delete(RH)

delete (GHT)

end do
delete(met_files)
delete(f)

delete (TT_PGW)
delete (UU_PGW)
delete (VV_PGW)
delete (RH_PGW)
delete (GHT_PGW)

delete (SKINTEMP_PGW)

delete (PRES_PGW)
end do
end
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