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1.2 �J:�b��b3D9�<�	P�  

54.5% (United Nations (2016))

1000 2017 36

‐

2030 60% 41

‐

(Oke (1967); Oke (1981); Fujibe 2009)

CO2

(The United States Environmental Protection Agency, 

Rosenfield et al.(1998); Konopacki et al.(2002); Oki et al.(2006); Nakayoshi et al.(2015))

  

CO2

CO2 90%

(Svirejeva-Hopkins et al. (2004))
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‐ (McCarthy et 

al.(2010); the 5th assessment of the Intergovernmental Panel on Climate Change)

 

(Vörösmarty et al.(2000); Kalnay et al.(2003); McCarthy et 

al.(2010))

(Roth (2000))

( )

(Varquez (2016))  
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�Jb�GYFop  

1

(Varquez (2016))

 

WRF	ARW(Weather research and 

forecasting–Advanced research WRF) Model

(Salamanca et al. (2001)) WRF NCAR (National Center for Atmospheric Research)

NOAA (the National Oceanic and Atmospheric Administration), FSL (the Forecast 

Systems Laboratory), AFWA (the Air Force Weather Agency), Naval Research Laboratory, FAA 

(the Federal Aviation Administration)

3 (Skamarock et al.(2008)) WRF
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WRF 1) 

2) 

Noah Land surface model (Noah LSM)

(urban canopy model, UCM)

Noah LSM

(Pan and Mahrt (1987); Chen et al.(1996); Chen and Dudhia (2001); Ek et 

al.(2003))  

UCM (Kusaka et al.(2001); Martilli (2002); Chen et 

al.(2004)) ‐

( , )

( )

(Grimmond and Oke (1998); Grimmond and Oke (1999); Kanda et al. (2013))

UCM

 

3

( (2013); Yucel 

et al.(2016)) WRF

‐ —

( (2009); (2013); Varquez et al.(2014); Varquez et 

al.(2015))  

 
1.4 �/1&.�Jb�G����YFop<�>�e  

(Allen et al.(2011); Lindberg et al.(2013); Dong et al.(2017); Wanming et al.(2017))

2

 

i) 3  
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ii) 

 

i) World Urban Database and Access Portal Tools (WUDAPT)

WUDAPT

(Mills et al.(2015); Ching et al.(2014); Ching et al.(2016)) WUDAPT

0 2

3 3

LiDAR(Light Detection And Ranging)

(Rottensteiner et al.(2002))  

ii)

(2013)

Google map

Darmanto et al. (2017) LandSat

 

2 i)

3

LiDAR

ii)
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Table 1-1. Available global database related to urban studies 

Database Authour 

The large scale urban consumption of energy Model 
v2013a 

Allen et al.(2011); Lindberg et al. (2013) 

Global anthoropogenic heat flux database Dong et al.(2017) 

Global anthoropogenic heat  Wanming et al.(2017) 

World urban database, WUDAPT 
Mills et al.(2015); Ching et al.(2014); Ching 

et al.(2016) 
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2.2 �J�+%(1*#.  

(Urban 

Canopy Model, UCM) 1 UCM Single-layer UCM

3

UCM   

•  

•  

•  

UCM

(Kusaka and Kimura (2004); Chen et al.(2011); Kusaka et al.(2012))

UCM

 

AHE SVF z0, d

UCM SVF z0 d
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Figure 2-1. (Chen et al.(2010)) 

2.3 NfOS',)1  

z0 d SVF

5

 

•  Have 

•  λp 

•  λf 

•  Hmax 

•  σH 

Hmax, σH 3 Have λp λf

(Kanda et al.(2013))  

 

!! = 1.05!!"# − 3.7. (2.1) 

!!"# = 12.51!!!.!! (2.2) 

 

Have λp λf 3

3

 

!!"# =
!!ℎ!!
!!!

 (2.3) 



 
 

 10 

!! =
!!!
!!

 (2.4) 

!! ! = !!"##
!!

 (2.5) 

 Ai, hi, At, Awall i A, h, Awall, 

At  

 

Have Ai λf

8 λf

 

 

 
Figure 2-2. Have, λp, λf  

 

2.4 Eqg , SVF 

(SVF)

Kanda et al.(2005) Siegel and Howell’s (1972)

(2003) 3

 

 

!"# = !!"#!!"# (2.6) 

!!"# = !"# !"#!! 2! ! 2 − 4 ! !"#!! !"# !"#!! 2! !  (2.7) 

!!"# = 0.1120!!!!"# − 0.4817!! + 0.0246!!"# + 0.9570. (2.8) 

!
! =

!!
!! 1 − !!

  (2.9) 

 

H L (Figure 2-2 (a) ) Vloc

Figure 2-2 (b)   
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Figure 2-3. (a)  (b) fish-eye (Kanda et al.(2005)) 

 

2.5 z0 d 

(U)

  

! ! = !∗
! !"

!
!!

 (2.10) 

u* κ z0 κ 0.4

 

 

! ! = !∗
! !"

! − !
!!

 (2.11) 

d 0

 

Macdonald et al.(1998) z0 d  

 

!
!!"#

= 1 + !!!! !! − 1  (2.12) 

!! !"#
!!"#

= 1 − !
!!"#

!"# − 0.5! !!"!! 1 − !
!!"#

!!
!!.!

 (2.13) 

A, β 4.43, 1.0 Clb κ 1.2, 0.4

 

Kanda 

et al.(2013) Large Eddy Simulation
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Macdonald et al.(1998) z0 d  

 

!
!!"#

= !!!! + !!!!!! − !! ! (2.14) 

!!
!!(!"#)

= !!!! + !!! + !! (2.15) 

!ℎ!"! ! = !! + !!"#
!!"#

, 0 ≤ ! ≤ 1.0,! = !!!!
!!"#

, 0 ≤ !  

a0, b0, c0, a1, b1 c1 1.29, 0.36, -0.17, 

0.71, 20.21, -0.77 . 
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Figure 3-1
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Lidar Google map

2 3 2
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0 0
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100 /km2

Have, λp, λf (2.1) (2.1) σH, Hmax

 

(2.9), (2.14), (2.15)

z0, d, SVF

UCM

 

 

3.3 s 3r���  

100 /km2 Kanda et al.(2013) (2.9), 

(2.14), (2.15)  

UCM
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23 3

MAPCUBE ︎ MAPCUBE 2

1m

 

2

( (2013)) 2

1km2

 

 

4-2-2)  

2 Yucel et al.(2016)

2005 3  

1km  
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Figure 4-1. ESRI  a) Have, b) λp and c) λf  

 

  

Frontal area density, λf �Plane area density, λp �
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Figure 4-2. 2005 a) Have, b) λp, c) λf  

 

  

Average building height, Have [m]�

Plane area density, λp � Frontal area density, λf �

a)�

b)� c)�
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4.3 5i#1  

 

4-3-1) (Population density adjusted by DMSP-OLS) 

1) LandScanTM

2013 2) Global Radiance Calibrated 

Nighttime Lights

‐  

 

 LandScanTM 2013 

LandScanTM 

195 30

24

2013

 

(Figure 3-3)

 

 

 Global Radiance Calibrated Nighttime Lights, DMSP-OLS 

 

(Welch (1980); Welch and Zupko (1980))

(the National Oceanic and Atmospheric Administration's National 

Geophysical Data Centre (NOAA/NGDC))

(the Defense Meteorological Satellite Program's, DMSP) 1992 2013
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0.4 1.1µm

Operational Linescan System (OLS) 5km (

DMSP-OLS ) Figure 3-3

 

600 /km2

(Dong et al. (2017))  

 

Figure 4-3. a) , b) DMSP-OLS, c)   

Population density adjusted by DMSP-OLS [people/km2]�

Population density [people/km2] � DMSP-OLS�

a)� b)�

c)�
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4.4 5i�Jz�#1 `u  

Figure 4-4

DMSP-OLS 2

  

 

4-4-1)  Have 

2 Have DMSP-OLS

Have

Have

Have

Have

Eminönü Besiktas

1970

Have Have

 

2 Have DMSP-OLS

 

 

!!"# = 0.0002×!"#$%&'(") !"#$%&' !"#$%&'" !" !"#$_!"# + 6.1773 (4.1) 

  

4-4-2)  λp 

λp λf DMSP-OLS

λp 2 λp

0.36
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λp  

 

!! = 2.0×10!!×!"#$%&'(") !"#$%&' !"#$%&'" !" !"#$_!"# + 0.035 
(4.2) 

(!"#$%&'(") !"#$%&' !"#$%&'" !" !"#$_!"# ≤ 14160.175) 
!! = 0.36 (!"#!"#$%&' !"#$%&' !"#$%&'" !" !"#$_!"# > 14160.175) (4.3) 

 

4-4-3)  λf 

λf

2 λf

λp 11636.177 /km2 λf

λf

λf

 

λf  

 

!! = 3.0×10!!×!"#$%&'(") !"#$%&' !"#$%&'" !" !"#$_!"# + 0.0285 
(4.4) 

(!"#$%&'(") !"#$%&' !"#$%&'" !" !"#$_!"# ≤ 11636.177  
!! = 0.33 (!"#$%&'(") !"#$%&' !"#$%&'" !" !"#$_!"# > 11636.177) (4.5) 

 

 

 
Figure 4-4.  (a) Have, b) λp, c) λf) 

 

Population density adjusted by DMSP-
OLS [people/km2]�

Population density adjusted by DMSP-
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H
av
e [

m
]�

λ p
�

λ f�



 
 

 24 

4-4-4)  

(4.1)~(4.5)

Have, λp, λf

Figure 4-5

 

Have

7.5m 10m λp λf

λp

0.15

 

 

 

4.5 s 4r���  

DMSP-OLS

 

Have

1

λp λf

1  
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Figure 4-5. a) Have, b) λp, c) λf   

a)�

b)�

c)�

Average building height [m]�

Frontal area density�

Plane area density�
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DMSP-OLS

8

 

 

5.2 =�J����NfRB   

Table 5-1

7
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2 3

 

 

5-2-1)  

 

 

5-2-2)  

National Urban Database and Access Portal Tool (NUDAPT)

3 (Burian et al. (2007); Ching et al. (2007))  NUDAPT

33

NUDAPT 1) 

’Original data’ 2) 3 ’Derived data’ 2

1) Original data

Derived data 1)

UCM

2) Derived data

1km  

 

5-2-3)  

Digital Globe

3 (Figure 5-2) Digital Globe 1) 

1998 2) (DSM) (DEM)

DSM

3 DEM 3

1)

DSM DEM

DSM DEM

( (2015))  

LiDAR Digital Globe
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The Skyscraper Center(http://www.skyscrapercenter.com/city/jakarta)

EMPORIS 3

15m Digital Globe Skyscraper EMPORIS

  

Google map Open street map

ArcGIS shape

 

shape

Have λp λf  

 

5-2-4)  

City of Melbourne Melbourne 

Data Melbourne Data shape

Melbourne Data 2014 website

:  
https://data.melbourne.vic.gov.au/Property-Planning/Building-outlines-2014/qe9w-cym8/data  

Melbourne Data

ArcGIS 1km (Figure 5-3)  

 

4-2-5)  

λp

Google map λp  

Google map 3

Google 

map ArcGIS QGIS

building footprint footprint

building footprint map

λp  
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Table 5-1.  

 

Cities Climate classification Building data Based Year Number of grids 
Tokyo (Cfa) ArcGIS 2005, 2012 9956 

Istanbul 
(Csa), 
(Cfa), 

(Cfb) 
2005 Survey 2005 1136 

New York (Cfa) NUDAPT 2010 992 

Jakarta (Am) Digital Globe 2015 67 

Melbourne (Cfb) Melbourne Data 2014 65 

Paris (Cfb) Google map 2015 104 

Taipei (Cfa) Google map 2015 92 

 

 

 
Figure 5-1. National Urban Database and Access Portal Tool (Ching et al. (2007)) 
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Figure 5-2. Lidar Google map  

 

 
Figure 5-3.  

 

Source: Esri, DigitalGlobe, GeoEye, i-cubed, Earthstar Geographics,
CNES/Airbus DS, USDA, USGS, AEX, Getmapping, Aerogrid, IGN, IGP,
swisstopo, and the GIS User Community

Legend

mel_20171019.tif

Value
High : 298.82

Low : 0.05



 
 

 31 

 

 

 

 

 

 

 

 

 
Figure 5-4. Google map λp  

 

 

 

 

 

 

 

 

 

  



 
 

 32 

5.3 5i#1  

 

5-3-1) (Population density adjusted by VIIRS) 

DMSP-OLS

 

1) blooming effect 

2)  

1) DMSP-OLS 5km

DMSP-OLS

blooming effect Visible Infrared 

Imaging Radiometer Suite (VIIRS) (Xie et al. 

(2014); Elvidge et al. (2017)) VIIRS 2014 NOAA

742m DMSP-OLS 5km

blooming effect 0.06

(Figure 5-2) DMSP-OLS VIIRS Table 5-2  

2) DMSP-OLS

 

2014 2015

VIIRS 25

VIIRS (Figure 5-5)  

 
Figure 5-5. a) DMSP-OLS b) VIIRS

a)� b)�
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Table 5-2. DMSP-OLS SNPP-VIIRS  

 DMSP-OLS SNPP-VIIRS 

Operator U.S. Air Force NASA-NOAA 

Orbit 
Polar: 850km altitude, 98.8 

degree inclination, 102 minutes 

Polar: 827km altitude, 98.7 

degree inclination, 102 minutes 

Swath 3000km 3000km 

Nighttime overpass ~19:30 ~01:30 

Additional spectral bands Thermal infrared (10µm) 
21 additional bands spanning 

0.4 to 13µm 

Spatial resolution 5 km × 5 km at nadir 742 m × 742 m at nadir 

Quantization 6 bit 14 bit 

Low light imaging detection 

limit 
~5 × 10-10 Watts/cm2/sr ~2 × 10-11 Watts/cm2/sr 

Calibration 
None for low light imaging 

band 

Solar diffuser was used for 

daytime DNB data. 

 

Figure 5-6. a) , b) VIIRS, c)  

Population density adjusted by VIIRS [people/km2]�

VIIRS [W/km2]�Population density [people/km2] �

a)� b)�

c)�
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5-3-2) (Vegetation fraction) 

(Dickinson et al. (1986); Sellers et al. (1996); Dai et al. (2003))

(Deardorff (1978))

(United States Geological Survey, USGS)

Moderate Resolution Imaging Spectrometer(MODIS)

(MODIS-based Maximum Green Vegetation Fraction, Vegetation fraction)

(Broxton et al. (2014)) Vegetation fraction 1km2

0% 100%

2001 2012 12 12

 

Figure 5-7 Vegetation fraction

80%

 

 

 

 

 

Figure 5-7. 2001 2012  
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5-3-3)  (Constructed impervious surface area, ISA) 

(Stankowski (1972))  

Figure 5-8

40%

100%

— 15%

 (Impervious surface 

area, ISA)  

Elvidge et al.(2007) USGS ISA

LandScanTM 2004 DMSP-OLS 2

 

 

!"#$"%& !"#$% !" !"# = 0.0795(!"#$"%&') + 0.00868(!"!#$%&'"( !"#$%) (5.1) 

radiance DMSP-OLS population count LandScanTM 

2004 1km  

 

(5.1) ISA

ISA ISA 100%

100% ISA

(Figure 5-9) ISA

1km url

. 

https://ngdc.noaa.gov/eog/dmsp/download_global_isa.html.  
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Figure 5-8.  (Environmental Protection Agency 1993)． 

 

 
Figure 5-9.  (Edlive et al.(2007))  
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5-3-4) (Gross Domestic Product, GDP) 

1 GDP GDP World Bank

(https://data.worldbank.org/indicator/NY.GDP.MKTP.CD)

World Bank 264 GDP 1960

2013  

World Bank The World Bank Atlas method (Gross National 

Income, GNI) GNIcapita High-income, Upper middle-income, 

Lower middle-income, low-income 4

 

• High-income economies: !"#!"#$%" ≥ $12,236 

• Upper middle-income economies: $3,956 ≤ !"#!"#$%" ≤ $12,235 

• Lower middle-income economies: $1,006 ≤ !"#!"#$%" ≤ $3,955 

• Low-income economies: !"#!"#$%" ≤ $1,005 

 

 @A GDP, GDPcity 

GDP GDP(GDPcity)

GDPcity  

 

!"#!"#$ = !"#× !"!#$!"#$%!"#$
!"!#$%&'"(!"#$%&'

 (5.2) 

 

populationcity populationcountry  

GDPcity 2013

( ) ( ) (Economic Research: 

https://fred.stlouisfed.org/series/NYNGSP)

(http://www.invest.vic.gov.au/resources/statistics/economic-indicators)

GDP(GDP_public) GDPcity GDPcity GDP

GDP GDPcity R2=0.82

(Figure 5-10) 1

GDPcity  
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Figure 5-10. GDP GDPcity 

GDP_public  

  

New York state�

Tokyo�

Aichi�

Victoria�

R2=0.82�
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5.4 5i�J@z�#1 `u  

9956 Google map building 

footprint Digital Globe

 

 

5-4-1)  Have 

5-4-1-1) Have  

4 Have

Have 3

5 Have VIIRS

 

Have Figure 5-11

Have

Have

  

Have

4

(Figure 5-12)

Have Have

 

Have



 
 

 40 

EMPORIS 2013

(Figure 5-13) Have

Picuture 5-1

1 Have

Have  

 

 
Picture 5-1.  

 

Have Have

 

 

!!"# = !!×!"#$%&'()*+",-&%.'"/ !"#$%&' !"#$%&'" !" !""#$ + !! (5.3) 

  

(5.3) α1 β1

Have Have

GDPcity  GDPcity

α1 GDPcity α1

(Figure 5-14) β1 α1 GDPcity

GDPcity  

α1 β1 GDPcity

GDPcity

(-6.18, 106.82)�

(-6.19, 106.82)�
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2

β1 GDPcity

 

 

!! = 3.16×!"#!"#$×10!!! + 12.15 (5.4) 

!! = −2.00×!"#!"#$×10!!" + 10.24 (5.5) 

  

5-4-1-2) Have  

Have

β1 GDPcity

β1

 

 

!! = 4.0 .  (5.6) 

 

β1 4m 1 3 5m

3m 1m 4m

 

α1 (5.2) (5.3)

GDPcity

( (5.5)) GDPcity

α1 GDPcity α1

(Figure 5-14)  

 

!! = 3.13×!"#!"#$×10!!! + 22.90 (5.7) 
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Figure 5-11. Have  

 

 

 

Figure 5-12. Have 

 



 
 

 43 

 

Figure 5-13. 

Have  

 

 
Figure 5-14. 5-4-1-1) Slope α1, β1 GDPcity ( a), b)) 

5-4-1-2) Slope α1 GDPcity ( c)) 

  

New York�
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Istanbul�

New York�Tokyo�
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5-4-2)  λp 

λp Vegetation fraction ISA GDP

2  

5-4-2-1) Vegetation fraction λp  

7 λp

λp

— Cwb

λp Google map  

8 λp Vegetation fraction

(Figure 5-15 )  

 

!! = 1.05×10!!×!"#$%$&'( !"#$%&'(! − 3.61×!"#"$%$&'( !"#$%&'( + 0.37 (5.8) 

 

λp 100%

100%  

 

100%

λp

100%

Vegetation fraction 1km
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5-4-2-2) ISA GDP λp  

7 λp ISA

λp ISA

λp ISA

  

 

!! = !!×!"# + !!×!"#$%&'(") !"#$%&' !"#$%&'" !" !""#$ (5.9) 

 

α2 β2

GDP GDP (GDPcapita)

α2 β2

GDPcapita 2  

 

!! = 1.34×10!!"×!"#!"#!"#! − 1.60×10!!×!"#!"#$%"
+ 0.06 (62000 > !"#!"#$%") (5.10) 

!! = 8.72×10!! (62000 < !"#!"#$%" < 70395.44531) 
!! = 3.72×10!!"×!"#!"#$%"! − 1.53×10!!!×!"#!"#$%" + 1.04×10!! (5.11) 

 

α2 GDPcapita

(Figure 5-16) α2

GDPcapita

α2

α2 β2

ISA λp

GDPcapita GDPcapita ‐

  

λp λp 1

λp
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(λp_max ) GDPcapita λp

 

 

!!_!"# = −0.96×10!!×!"#!"#$%" + 0.57 (5.12) 

 

λp_max GDPcapita 7 0.55-0.6

(Figure 5-17) 0.42

0.18

GDP λp

 

 

 

 

 

Figure 5-15. 

λp  

 

λ p
�

MODIS vegetation fraction [%]�
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Table 5-3. λp ISA  

 
Coefficient 

R 
T stat H0 (5%) 

ISA PopVIIRS ISA PopVIIRS ISA PopVIIRS 

Tokyo 0.00184 8.761×10-6 0.99613 10.01209 10.76412 re re 

Istanbul 0.00472 8.341×10-7 0.93591 7.58464 0.48720 re ac 

New York 0.00112 6.327×10-6 0.95932 8.44202 12.76907 re re 

Jakarta 0.00577 -9.012×10-7 0.93855 14.13857 -1.81280 re ac 

Melbourne 0.00057 0.00002 0.90898 0.94293 4.59535 ac re 

Paris 0.00218 5.8210×10-6 0.90134 2.90713 1.81109 re ac 

Taipei 0.00069 7.6123×10-6 0.93215 2.43108 8.55409 re re 

 

Figure 5-16. Slope α2, β2 GDPcapita  

 

Figure 5-17. λp_max GDPcapita   

New York�

Tokyo�

Melbourne�

Istanbul�

Jakarta� Paris�
Taipei�
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5-4-3)  λf 

λf

5 1) 

λp 2) Have λp

 

5-4-3-1) λp λf  

Kanda et al.(2013) λf λp 2

 

 

!! = 1.42!!! + 0.4!!    0.45 > !! > 0.05  (5.13) 

 

Kanda et al.(2013) 5 5

GNIcapita

(High-income economies)

(Upper middle-income, Lower middle-income economies)

 

λf λp

λf λp

(Figure 5-18)  

 

!! = 1.34!!! + 0.64!!    0.45 > !! > 0.05  (5.14) 

!! = 0.08!!! + 0.79!!    0.45 > !! > 0.05  (5.15) 

 

(5.14) High-income economies

(5.15) Upper middle-income Lower middle-income, Lower-income economies

λf

2

λf

5-4-3-2) Have λp λf
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5-4-3-2) Have λp λf  

λf

1) ‐ 2)

1)

Have 2)

λp λf Have λp

α3 β3 Have λp

α3 β3  

 

!! = !!×!!"# + !!×!! (5.16) 

!! = 0.65×10!!"×!"#!"#$ + 2.08×10!! (5.17) 

!! = 1.35×10!!× ln !"#
!"#$%&'" + 0.09  (5.18) 

LandArea  

 

α3 GDPcity β3 GDP/LandArea

GDPcity α3

Have α3 Have

1

λp GDP

GDP ‐

GDP

λf λp GDP

λf Have λp

β3 log  

λf  

 

!! = 0.72. (5.19) 

 

λf  
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Figure 5-18. λf λp  

Table 5-4. λf Have, λp

 

 Coefficient R T stat H0 (5%) 

Have λp Have λp Have λp 

Tokyo 0.00297 0.95688 0.98531 14.66584 102.35035 re re 

Istanbul 0.00245 0.62799 0.95150 5.04193 24.90000 re re 

New York 0.01084 0.57372 0.95485 27.72603 23.28406 re re 

Jakarta 0.00458 0.67485 0.98518 5.81606 19.29406 re re 

Melbourne 0.00364 0.46163 0.94115 4.97277 6.96753 re re 

 

Figure 5-19. a) α3 GDPcity, b) β3 GDP/LandArea   



 
 

 51 

5-4-4)  

100 /km2 (5.2)~(5.19)

Have, λp, λf

Figure 5-20, Figure 5-21  

Have Have

β1 GDPcity

Have

Have

Have Have

 

4m Have

Have

15m Have

10m Have

‐

 

λp vegetation fraction λp ISA

VIIRS λp

λp

0% λp

λp

ISA VIIRS λp

 

λf λf λp

0.15 Have λp

λp

Figure 5-18

λp λf 2
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λp λf λf

λf 0.15

 

 

5.4 s 5r���  

7

 

Have 4

Have

Have

4

Have

GDPcity 4m

α2 Have

β1 GDPcity

10m   

λp

λp

λp

λp

λp

 

λf λp Kanda et al.(2013) Have

λp

λp

λf

λp λf Have λp

λf λp λf
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λf
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Figure 5-20.  (a) Have,  

b) Have , c) λp)  

Average building height [m]�

Average building height [m]�

Plane area density�

a)�

b)�

c)�
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Figure 5-21. (a) ISA λp, b) λp λf, 

 c) Have, λp λf   

Plane area density�

Frontal area density�

Frontal area density�

a)�

b)�

c)�
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6.1 ����  

5 (5-4-1-2), (5-4-2-2), (5-4-3-2)

3

Have, λp, λf  

37

 

 

6.2 NfRB   

Table 6-1

13

719.1km2

 

 

6-2-1)  

building footprint shape

Model-based city planning and 

application in climate change (MOSAIK)  

Voronoi cell Bottema and Mestayer (1998)

100m (Moral et al. 

(2017)) ArcGIS Spatial Analysis

1km  
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6-2-2)  

ArcGIS 2012 (2013)

  

 

Table 6-1. Building information of Berlin, Singapore and Osaka 

Cities Climate classification Building data Based Year 

Berlin (Cfb) MOSAIK 2017 

Singapore — (Af) 2010 Survey 2010 

Osaka (Cfa) ArcGIS 2012 

 

Figure 6-1.  

 

Figure 6-2.  

Source: Esri, DigitalGlobe, GeoEye, i-cubed, Earthstar Geographics,
CNES/Airbus DS, USDA, USGS, AEX, Getmapping, Aerogrid, IGN, IGP,
swisstopo, and the GIS User Community

Legend

test2.tif

Value
High : 159

Low : 0

test2.tif

Value
High : 159

Low : 0

Source: Esri, DigitalGlobe, GeoEye, i-cubed, Earthstar Geographics,
CNES/Airbus DS, USDA, USGS, AEX, Getmapping, Aerogrid, IGN, IGP,
swisstopo, and the GIS User Community

Have

dMeanHtest21.tif

Value
High : 181.56

 

Low : 0
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6.3=�-!$����VH4�t84a�  

Prediction

Observation

 

 

6-3-1)  

 Observation Prediction  

Observation Prediction

(Figure 6-3)  

Have Prediction

Observation Have 35m

Prediction 30m

Prediction Have

10m 15m

Have  

λp λf Have

Observation λp λf 0.2 Prediction

λp 0.2 λp 0.3 0.6 λf

0.4 0.6

λf Have λf

 

  

Projection Observation Map 6-1

Figure 6-4

 

Projection Observation Mitte

Mitte
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Charlottenburg-Wilmersdorf, 

Friedrichshain-Kreuzberg, Panknow 3

Friedrichshain-Kreuzberg

 

Mitte

Have Observation

λp λf

Senate Department for Urban 

Development and the Environment

1.0 1.2

0.1 0.05

‐

1956

‐  

 

 

 

 

 

 

Figure 6-3. Observation Prediction  

(a) Have, b) λp, c) λf) 

R2=0.14� R2=0.30� R2=0.31�



 
 

 60 

 

 

 

 
Map 6-1.  (http://www.berlin-germany-fanclub.com/berlin-map.html) 

 

 

Figure 6-4. Have λp λf Observation Prediction  
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6-3-2)  

 Observation Prediction  

Observation Prediction

λp λf Prediction

(Figure 6-5) Have Prediction Observation

100m

 

1) 

2) 

rain tree( : ) (Picture 6-1) rain tree

30m 20 30m

(Picture 6-2). Figure 6-6

  

 

  

Prediction

(Map 6-2, Figure 6-7 ) Observation

‐ Orchard Downtown Core Clarke Quay

Geylang Geylang

Hougang Bukit Timah Tuas

Pioneer Boon Lay Projected
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Bukit Timah Geylang Tuas Pioneer Boon Lay

Prediction λp λf Paya Leber, Changi Bay

 

Paya Leber, Changi Bay Changi Air Base, Paya Lebar Air Base

ISA λp

Paya Leber, Changi Bay

Sembawang Air Base Sembewang

λp λf

 Urban 

Redevelopment Authority

λp Have

Prediction

Have λp λf

website  

https://www.ura.gov.sg/uol/master-plan/View-Control-Plans/Building-Height-Plan. 

 

 

 

 

 

 

Figure 6-5. Observation Prediction  

(a) Have, b) λp, c) λf) 

R2=0.0004� R2=0.02� R2=0.10�
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Picture 6-1. Rain Tree (https://www.nparks.gov.sg/) 

 

Picture 6-2. ‐ HDB  (https://encounteringurbanization.wordpress.com) 

 

Figure 6-6. a) b) c) VIIRS 

nighttime light [W/km2]�

c)�

a)� b)�

population density [population/km2]�
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Map 6-2. (http://www.street-directory.com/aic2/) 

 

 

 

Figure 6-7. Have λp λf Observation Prediction  
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6-3-3)  

 Observation Prediction  

Observation Prediction Figure 6-7

λf

Prediction Have

Prediction Observation 4m λp Prediction

Observation Prediction

Observation R2 λp λf 0.77

  

2

ISA

 

  

Figure 6-8 Observation Have

λp λf 0.35

Prediction

Have 10m

4m λp λf

 

Have Have GDPcity

GDPcity

Have

10m

3

Have  

λp λf Have
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Figure 6-8. Observation Prediction  

(a) Have, b) λp, c) λf) 

 

 

 

Map 6-3. (http://sumai.osaka-anshin.com) 

 

 

R2=0.31� R2=0.77� R2=0.77�
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Figure 6-9. Have λp λf Observation Prediction  
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6.4 )��"�����5i�J@z�#1 x}|^  

6-4-1) 5  

37

60%

(Figure 6-10, 

Table 6-2 ) 70%

 

5

5 (Figure 6-11)   

5 4

4

 

λp

Darmanto et al.(2017)

λp 5

λp

λp

λp
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Figure 6-10. 2017  (United Nation 2017)  

 

 

Figure 6-11. λp  (a: Manila, b: Rio de Janeiro, c: Tehran, d: Lagos, Cairo) 

 

South	America	
•  Lima	

•  Rio	de	Janeiro	
•  Sao	Paulo	
•  Buenos	Aires� South	Asia	
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•  Bangalore	

•  Delhi	
•  Lahore	
•  Mumbai	
•  Karachi�

East	Asia	
•  Tokyo	
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•  Seoul	

•  Shanghai	
•  Tianjin	
•  Beijing	
•  Shenzhen	
•  Guangzhou	
•  Chengdu	

North	America	
•  New	York	
•  Los	Angeles	
•  Mexico	city	

Europe	
•  London	
•  Moscow	
•  Paris	
•  Istanbul	

Africa	
•  Cairo	
•  Lagos	
•  Kinshasa	

West	Asia	
•  Tehran	

Southeast	Asia	
•  Manila	

•  Ho	Chi	Minh	

•  Jakarta	
•  Bangkok	
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Table 6-2. 37  (source: United Nation 2017) 

City Country Population Population density [people/km2] 

Tokyo-Yokohama Japan 37,900,000 4,400 

Jakarta Indonesia 31,760,000 9,600 

Delhi India 26,495,000 12,000 

Manila Philippines 24,245,000 13,600 

Seoul-Incheon South Korea 24,105,000 8,800 

Karachi Pakistan 23,545,000 23,300 

Shanghai China 23,390,000 6,000 

Mumbai India 22,885,000 26,000 

New York United States 21,445,000 1,700 

Sao Paulo Brazil 20,850,000 6,900 

Beijing China 20,415,000 4,900 

Mexico city Mexico 20,400,000 8,600 

Guangzhou-Foshan China 19,075,000 5,000 

Osaka-Kobe-Kyoto Japan 17,075,000 5,300 

Dhaka Bangladesh 16,820,000 45,700 

Moscow Russia 16,710,000 2,900 

Cairo Egypt 16,225,000 8,500 

Bangkok Thailand 15,645,000 5,100 

Los Angeles-Riverside United States 15,500,000 2,300 

Buenos Aires Argentina 15,335,000 4,800 

Kolkata India 14,950,000 11,100 

Tehran Iran 13,805,000 7,900 

Istanbul Turkey 13,755,000 10,100 

Lagos Nigeria 13,360,000 9,400 

Tianjin China 13,245,000 4,800 

Shenzhen China 12,775,000 7,300 

Rio de Janeiro Brazil 11,900,000 5,900 

Kinshasa Congo 11,855,000 20,300 

Lima Peru 11,150,000 12,500 

Chengdu China 11,050,000 6,400 

Paris France 10,950,000 3,700 

Lahore Pakistan 10,665,000 12,700 

Bangalore India 10,535,000 9,000 

London United Kingdom 10,470,000 5,600 

Ho Chi Minh city Viet Nam 10,380,000 6,600 

Chennai India 10,265,000 9,900 

Nagoya Japan 10,070,000 2,600 
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6-4-2) 37  

37

Table 6-2

37

Have, λp, λf Figure 6-11  

Have λp

Have λf λp

 

Have (5.2)-(5.3),(5-6)-(5.7)

GDPcity

Have 50m

Have

4m

 

λp  λp

(5.12)

Have

λp ISA

ISA GDP

GDP λp

 

λf Have

λf Have λp

2

Have λp λf
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37
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Have GDPcity
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7.1 ����  

6

2  

•  

•  

WRF-ARW model version 3.3.1

 

5

  

 

7.2 �+�. ����b�C7hQ|^  

7-2-1)  

WRF-ARW model version 3.3.1

1 4

96 km, 32 km, 8km, 2km

4 (Figure 7-1) 1

2 3

4

one-way
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the Final Operational Global 

Analysis data (FNL) (Sea Surface Temperature, SST)  NCEP

SST WRF

MODIS Land-use category  Microphysics New Thompson 

et al. scheme (Thompson et al.(2008)) Longwave Shortwave Radiation Rapid radiative 

transfer model (Mlawer (1997)), Goddard Scheme (Chou and Suarez (1999); Chou and Suarez 

(2001)), Land surface Noah Land Surface Scheme, Planetary boundary layer

Mellor-Yamada Nakanishi and Niino Level 2.5 scheme (Nakanishi and Niino (2006); Nakanishi 

and Niino (2009)), Cumulus Parameterization Kain-Frisch Scheme (Kain (2004))

 

2

NEW UCM

CNTL NEW

(4-4-1), (4-4-2-1), (4-4-3-1) Have  λp  λf Kanda et al.(2013)

z0 d, SVF Dong et al.(2016) AHE (

Figure 7-2 ) Dong et al.(2016) AHE

top-down

UCM Table 7-1  

10 spin up time 2012 3 21 5 31 2

TSUBAME 2.5 (Tokyo-tech Supercomputer and UBiquitously Accessible Mass-storage 

Environment)  

 

7-2-2)  

NOAA OGIMET ( url

: https://www.ogimet.com/home.phtml.en)

Jakarta Observatory

2 Jakarta Observatory

7
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Jakarta Observatory 2 Figure 7-3

Table 7-2 OGIMET Jakarta Observatory 3

( )

2

NEW CNTL

CNTL

 

  

 

 

 
Figure 7-1.  

 

 

Jakarta�

Domain 1�

Domain 2�

Domain 3�

Domain 4�
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Figure 7-2.  

Table 7-1. CNTL NEW  

 CNTL NEW 

WRF version Default WRF version 3.3.1 Modified WRF version 3.3.1 

Roughness length Fixed 0.33m Distributed z0 

Displacement height Fixed 5.71m Distributed d 

Average building height Fixed 15m Distributed Have 

Plane area density Fixed 0.5 Distributed λp 

Frontal area density Fixed 0.4 Distributed λf 

Sky view factor Fixed value calculated from λp and λf Calculated from λp and λf 

 
Figure 7-3.   

Plane area density, λp� Frontal area density, 
λf�

Average building 
height, Have�

Displacement height, 
d�

Roughness length, z0�
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7.3 ;���0];���)��"������Jd[:P�x}m|^  

7-3-1)  

(7-2-1)

4 (

) Table 7-2

 

3

URB ( )

VEG (Varquez et 

al.(2015), Shouzhen and Shi(2009)) URB 5

z0, d, SVF AHE SST

7-2-1) Table 

7-3 Figure 7-4

Figure 7-5  

2012 3 21 5 31 2

—

 

 

 

Table 7-2.  

Cities Koppen-Geiger Climate classification 
Observation site 

(latitude, longitude, altitude) 

Dhaka  (Aw) 
Dhaka 

23.46N 90.23E 8m 

Jakarta  (Am) 
Jakarta/ Observatory 
6.11S 106.50E 8m 

Karachi  (BWh) 
Karachi Airport 

24.54N 67.08E 21m 

Mumbai  (Aw) 
Bombay/ Santacruz 
19.07N 72.51E 8m 

New Delhi  (BWh) 
New Delhi/ Safdarjung 
28.35N 77.12E 211m 



 
 

 80 

 

Table 7-3. URB VEG  

 URB VEG 

WRF version Modified WRF version 3.3.1 

Replace urban area to grassland 
 

Roughness length Distributed z0 

Displacement height Distributed d 

Average building height Distributed Have 

Plane area density Distributed λp 

Frontal area density Distributed λf 

Sky view factor Calculated from λp and λf 

 

 

Figure 7-4.  

 

 

Figure 7-5. d, Have, λp  

 

Jakarta�

Karachi� New Delhi�

Dhaka�

Mumbai�

First: 96 km�
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7-3-2) —  

OGIMET

OGIMET Table 7-2

Picture 7-1( )

 

Figure 7-6 Figure 7-7 OGIMET URB VEG 5

10mm

OGIMET

4 3

6

(Figure 7-4 )  

URB
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URB VEG
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— (Figure 7-8, 7-9)

2

5/1

5 5/16 10

— 2012

4 5
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Picture 7-1.  

 

Figure 7-6. ( : , : URB, : VEG) 

 

Figure 7-7. ( : , : URB, : VEG) 
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Figure 7-8.  
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Figure 7-9.  
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Table 7-4. AHE, z0, d URB VEG  

Cities AHE [W/m2] z0 [m] d [m] 
Precipitation [mm] 

URB Case 
Precipitation [mm] 

VEG Case 

Dhaka 5.8 1.9 20.3 184.6 194.1 

Jakarta 12.2 1.2 14.4 878.7 797.3 

Karachi 4.2 1.2 10.5 2.3 14.7 

Mumbai 14.2 1.9 20.2 6.7 9.3 

New Delhi 22.9 2.6 25.6 24.4 17.8 

 

Figure 7-12.  
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Appendix A  
A-1. Tiff (python ) 
#!/usr/bin/env python 
 
import gdal, glob, struct, os, numpy, math, array, re 
#import arcpy 
#from arcpy import env 
#from arcpy.sa import * 
from gdalconst import * 
from array import * 
from numpy import * 
#arcpy.CheckOutExtension("Spatial") 
directory="/Volumes/GUC-para/UrbanParameters/Defence/" 
print "test" 
#arcpy.env.workspace=(r'%s' % (directory)) 
#env.workspace=(r'%s' % (directory)) 
tif_file=glob.glob(directory+"nagoya4.tif") 
for dataf in tif_file: 
 dataset=gdal.Open(dataf,GA_ReadOnly) 
 wor_dir = "/Volumes/GUC-para/UrbanParameters/wrf_bin/Final_20180104/" 
 print wor_dir 
 if not os.path.exists(wor_dir): 
        os.makedirs(wor_dir) 
# Get dimensions 
 col   = dataset.RasterXSize 
 row   = dataset.RasterYSize 
 bands = dataset.RasterCount 
 driver= dataset.GetDriver().LongName 
 
 geotransform = dataset.GetGeoTransform() 
 print geotransform 
 print row,col,bands,driver 
 
 band = dataset.GetRasterBand(1) 
 #bandtype = gdal.GetDataTypeName(band.DataType) 
 
 scanline = 
band.ReadRaster(0,0,band.XSize,1,band.XSize,1,band.DataType) 
 value = struct.unpack('h' * band.XSize, scanline) 
 
 # From here we read by blocks 
 bSize = 1200 
 for i in range(0, row, bSize): 
  fnamey = row - i 
  if i + bSize < row: 
     numRows = bSize 
  else: 
     numRows = row - i 
 
  for j in range(0, col, bSize): 
     fnamex = col - j 
     if j + bSize < col: 
         numCols = bSize 
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     else: 
         numCols = col - j 
     data = band.ReadAsArray(j, i , numCols, 
numRows).astype(numpy.float32) 
     if numCols != bSize and numRows != bSize: 
        datav = ndarray((bSize-numRows,1200),numpy.float32) 
        datah = ndarray((numRows,bSize-numCols),numpy.float32) 
        data = numpy.hstack((data,datah)) 
        data = numpy.vstack((data,datav)) 
        del datah,datav 
     if numCols != bSize and numRows == bSize: 
         datah = ndarray((1200,bSize-numCols),numpy.float32) 
         data = numpy.hstack((data,datah)) 
         del datah 
     if numCols == bSize and numRows != bSize: 
         datav = ndarray((bSize-numRows,1200),numpy.float32) 
         data = numpy.vstack((data,datav)) 
         del datav 
     #print data.shape,numRows,numCols,data[830,720] 
     rev_dat=data[::-1] 
     rev_dat[rev_dat<-9998.]=0.000 
     rev_dat=rev_dat/0.001 
     oneddat=rev_dat.flatten() 
     oneddat=oneddat.astype(int) 
     oneddat[oneddat<0]=0 
     #oneddat=re.sub('[^0-9]',"0",oneddat) 
     #print(oneddat[10000]) 
     xstart = j + 1 
     xend = xstart + bSize - 1 
     ystart = (math.floor(row/bSize))*bSize - i + 1 
     yend = ystart + bSize - 1 
     #From here we write to binary files 
     fname = "%05d-%05d.%05d-%05d" % (xstart,xend,ystart,yend) 
     #fname = 
"%0.00833333333d-%0.008333333330d.%0.00833333333d-%0.00833333333d" % 
(xstart,xend,ystart,yend) 
     print "Processing: ",fname," at ",dataf 
     f = open(wor_dir+fname,"wb") 
     f.write(struct.pack(">1440000L",*oneddat)) 
     f.close() 
     del rev_dat,oneddat 
 # End of read by blocks 
 print "Note new LL corner (lat): 
",geotransform[3]+(math.floor(row/bSize)+1)*bSize*geotransform[5]," 
",math.floor(row/bSize)*bSize 
 raw_input("Press any key to continue.") 
 



 
 

 99 

A-2 VIIRS  
#!/cygdrive/c/Python27/ArcGIS10.3/python.exe 
import subprocess 
#import winsound 
#import 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 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,lf,a,b,thres,lowest_lim): 
    
x[numpy.logical_and(numpy.logical_and(numpy.logical_or(R<lf,R>uf),y>th
res),y>lowest_lim)] = 
(y[numpy.logical_and(numpy.logical_and(numpy.logical_or(R<lf,R>uf),y>t
hres),y>lowest_lim)]-b)/a 
    return x 
 
def full_adjustment2(iad,directory): 
    print "Conducting full_adjustment2 for IAD=",iad 
    file_list = glob.glob(directory+'trimmed/%5.5d_t*_adm.tif'%(iad)) 
    #Acquire the relevant admin boundaries 
    pd_data = numpy.empty([]) 
    nl_data = numpy.empty([]) 
    for ifil in file_list: 
        dataset  = gdal.Open(ifil,gdal.GA_ReadOnly) 
        cols     = dataset.RasterXSize 
        rows     = dataset.RasterYSize 
        dataset  = None 
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        data     = acquire(ifil,0,0,cols,rows) 
        index    = numpy.argwhere(data.flatten()==iad) 
        del data,cols,rows 
        dataset  = gdal.Open(ifil.replace("adm","pd"),gdal.GA_ReadOnly) 
        cols     = dataset.RasterXSize 
        rows     = dataset.RasterYSize 
        dataset  = None 
        data     = acquire(ifil.replace("adm","pd"),0,0,cols,rows) 
        select   = data.flatten()[index] 
        pd_data = numpy.append(pd_data,select) 
        del data, select,cols,rows 
        dataset  = gdal.Open(ifil.replace("adm","nl"),gdal.GA_ReadOnly) 
        cols     = dataset.RasterXSize 
        rows     = dataset.RasterYSize 
        dataset  = None 
        data     = acquire(ifil.replace("adm","nl"),0,0,cols,rows) 
        select   = data.flatten()[index] 
        nl_data = numpy.append(nl_data,select) 
        del data, select,index 
    ## Necessary assumptions 
    nl_data[pd_data<100.] = 0.0 ## Necessary business district areas ought 
to increase must have lower threshold 
    nl_data[nl_data>0.01] = 0.0 ## 0.01 is found to be too large 
    llimit = 0.0012 
    #plt.plot(pd_data,nl_data,'r.') 
    #plt.show() 
    slope1     =regres(pd_data,nl_data)[0] 
    intercept1 =regres(pd_data,nl_data)[1] 
    r_value1   =regres(pd_data,nl_data)[2] 
    if slope1==0: 
        slope1=float('nan') 
    R = nl_data-pd_data*slope1-intercept1 
    if numpy.all(numpy.isnan(R)) == True: 
        # create a new raster 
        for ifil in file_list: 
            sel           = 
gdal.Open(ifil.replace("adm","pd"),gdal.GA_ReadOnly) 
            new_pop       = 
acquire(ifil.replace("adm","pd"),0,0,cols,rows) 
            proj          = sel.GetProjection() 
            col          = sel.RasterXSize 
            row          = sel.RasterYSize 
            geogtransform = sel.GetGeoTransform() 
            outfile       = ifil.replace("adm","adj_pd") 
            outdriver     = gdal.GetDriverByName("GTiff") 
            outdata       = 
outdriver.Create(outfile,col,row,1,gdal.GDT_Float32) 
            outdata.GetRasterBand(1).WriteArray(new_pop) 
            outdata.SetGeoTransform(geogtransform) 
            outdata.SetProjection(proj) 
            sel           = None 
            outdata       = None 
        del pd_data,nl_data 
    else: 
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        Q1   = numpy.percentile(R[~numpy.isnan(R)],25) 
        Q3   = numpy.percentile(R[~numpy.isnan(R)],75) 
        IQ   = Q3-Q1 
        R_l  = Q1-1.5*IQ 
        R_u  = Q3+1.5*IQ 
        work_pd_in = pd_data[numpy.logical_and(R>=R_l,R<=R_u)] 
        work_nl_in = nl_data[numpy.logical_and(R>=R_l,R<=R_u)] 
        nl_extra = nl_data[R>R_u] 
        if nl_extra.shape[0]<10: ##Assumption 
            thres = 0.0012 
        else: 
            thres = numpy.percentile(nl_extra,58.2887700535) 
        slope2     =regres(work_pd_in,work_nl_in)[0] 
        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 work_pd_in,work_nl_in,pd_data,nl_data 
        for ifil in file_list: 
            dataset  = 
gdal.Open(ifil.replace("adm","pd"),gdal.GA_ReadOnly) 
            cols     = dataset.RasterXSize 
            rows     = dataset.RasterYSize 
            dataset  = None 
            pd_dat     = acquire(ifil.replace("adm","pd"),0,0,cols,rows) 
            dataset  = gdal.Open(ifil,gdal.GA_ReadOnly) 
            cols     = dataset.RasterXSize 
            rows     = dataset.RasterYSize 
            dataset  = None 
            data     = acquire(ifil,0,0,cols,rows) 
            store    = numpy.copy(pd_dat) #backup 
            pd_dat[~(data==iad)] = numpy.nan 
            dataset  = 
gdal.Open(ifil.replace("adm","nl"),gdal.GA_ReadOnly) 
            cols     = dataset.RasterXSize 
            rows     = dataset.RasterYSize 
            dataset  = None 
            nl_dat     = acquire(ifil.replace("adm","nl"),0,0,cols,rows) 
            nl_dat[~(data==iad)] = numpy.nan 
            nl_dat[pd_dat<100.] = 0.0 ## Necessary business district areas 
ought to increase must have lower threshold 
            nl_dat[nl_dat>0.01] = 0.0 ## 0.01 is found to be too large 
            llimit = 0.0012 
            del R 
            R = nl_dat-pd_dat*slope1-intercept1 
            if numpy.isnan(slope2): 
               new_pop=numpy.copy(pd_dat) 
            #percentage=100 
            else: 
               new_pop = 
adjust(pd_dat,nl_dat,R,R_u,R_l,slope2,intercept2,thres,llimit) 
            new_pop[new_pop<0]=0. 
            new_pop[numpy.isnan(new_pop)]=0. 
            new_pop[~(data==iad)] = 0.0#numpy.nan 
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            ## Set limit of increase depending on the maximum population of 
region 
            new_pop[new_pop>2.5*numpy.nanmax(store)] = 
store[new_pop>2.5*numpy.nanmax(store)] 
            print numpy.nanmax(new_pop),numpy.nanmax(store) 
            # create a new raster 
            sel           = 
gdal.Open(ifil.replace("adm","pd"),gdal.GA_ReadOnly) 
            proj          = sel.GetProjection() 
            geogtransform = sel.GetGeoTransform() 
            outfile       = ifil.replace("adm","adj_pd") 
            outdriver     = gdal.GetDriverByName("GTiff") 
            outdata       = 
outdriver.Create(outfile,cols,rows,1,gdal.GDT_Float32) 
            outdata.GetRasterBand(1).WriteArray(new_pop) 
            outdata.SetGeoTransform(geogtransform) 
            outdata.SetProjection(proj) 
            sel           = None 
            outdata       = None 
            del pd_dat,nl_dat,data,store,new_pop 
     
def full_adjustment(pop,nig,ad,iad,file_in,file_out): 
    ## Necessary assumptions 
    nig[pop<100.] = 0. 
    nig[nig>0.01] = 0. 
    llimit        = 0.0012 
     
    store = numpy.copy(pop) 
    work_pd = pop[ad==iad].flatten() # 1-d of pd within the admin 
    work_nl = nig[ad==iad].flatten() # 1-d of nl within the admin 
    #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" 
    slope1     =regres(work_pd,work_nl)[0] 
    intercept1 =regres(work_pd,work_nl)[1] 
    r_value1   =regres(work_pd,work_nl)[2] 
    if slope1==0: 
        slope1=float('nan') 
    #print "ID:",iad 
    #print "slope1: ",slope1,"intercept1: ",intercept1,"r-squared1: ", 
r_value1**2 
 
    R = work_nl-work_pd*slope1-intercept1 
    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) 
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        IQ   = Q3-Q1 
        R_l  = Q1-1.5*IQ 
        R_u  = Q3+1.5*IQ 
        #print "ID:",iad, "lower fence:",R_l,"upper fence:",R_u 
        # remove outlier 
        work_pd_in = work_pd[numpy.logical_and(R>=R_l,R<=R_u)] 
        work_nl_in = work_nl[numpy.logical_and(R>=R_l,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] 
        intercept2 =regres(work_pd_in,work_nl_in)[1] 
        r_value2   =regres(work_pd_in,work_nl_in)[2] 
       #print "ID:",iad,"slope2: ",slope2,"intercept2: 
",intercept2,"r-squared2: ", r_value2**2 
        #print iad,slope2,slope1,slope2/slope1 
        if slope2==0: 
            slope2=float('nan')         
 
        del R 
        R = nig-pop*slope1-intercept1 
        if numpy.isnan(slope2): 
            new_pop=numpy.copy(pop) 
            #percentage=100 
        else: 
            new_pop = 
adjust(pop,nig,R,R_u,R_l,slope2,intercept2,thres,llimit) 
            
#percentage=len(work_pd_in)/len(work_pd[~numpy.isnan(work_pd)])*100 
 
        del Q1,Q3,IQ,R_l,R_u 
 
        #print "ID:",iad,"percentage of retained data=",percentage,"%" 
        del work_pd_in, work_nl_in 
         
    # statistics about negative pd_new 
    #ng=len(pdnp1d[pdnp1d<0]) 
    #total=len(pdnp1d[~numpy.isnan(pdnp1d)]) 
    #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 
    new_pop[~(ad==iad)] =0.0# numpy.nan 
    ### Assumption, no new_pop grid must exceed twice that of the original 
pop grid max. 
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    #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)] 
##    plt.plot(new_pop[ad==iad].flatten(),nig[ad==iad].flatten(),'b.') 
##    plt.plot(store[ad==iad].flatten(),nig[ad==iad].flatten(),'r.') 
##    plt.title("%5.5d"%(iad)) 
##    plt.show() 
##    raw_input("Continue?") 
    # create a new raster 
    sel           = gdal.Open(file_in,gdal.GA_ReadOnly) 
    proj          = sel.GetProjection() 
    col          = sel.RasterXSize 
    row          = sel.RasterYSize 
    geogtransform = sel.GetGeoTransform() 
    outfile       = file_out 
    outdriver     = gdal.GetDriverByName("GTiff") 
    outdata       = outdriver.Create(outfile,col,row,1,gdal.GDT_Float32) 
    outdata.GetRasterBand(1).WriteArray(new_pop) 
    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() 
 
    xOrigin     = transform[0] 
    yOrigin     = transform[3] 
    pixelWidth  = transform[1] 
    pixelHeight = -transform[5] 
    data = band.ReadAsArray(int(xst), int(yst), int(xcol), int(yrow)) 
    new_x = xOrigin + xst*pixelWidth 
    new_y = yOrigin - yst*pixelHeight 
    #data[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 
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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 
 
directory = '/Volumes/HDPC-UT/VIIRS/' 
 
###End collecting data 
##### Processing individual admin regions to nightlights ############ 
admins,jmins,jmaxs,imins,imaxs = 
numpy.loadtxt('/Volumes/HDPC-UT/VIIRS/admin_coords2.txt',dtype=numpy.i
nt32) 
nl       = directory+'normalized/SVDNB_npp_trimmed_mean.avg_rade9.tif' 
pd       = directory + 'popden2013.tif' 
adm      = directory+'popden2013_admin.tif' 
dataset  = gdal.Open(admins[0],gdal.GA_ReadOnly) 
band     = dataset.GetRasterBand(1) 
cols     = dataset.RasterXSize 
rows     = dataset.RasterYSize 
dataset  = None 
band     = None 
 
## Precondition coordinates 
jmins   = numpy.delete(jmins,numpy.argwhere(admins>4000)) 
imins   = numpy.delete(imins,numpy.argwhere(admins>4000)) 
jmaxs   = numpy.delete(jmaxs,numpy.argwhere(admins>4000)) 
imaxs   = numpy.delete(imaxs,numpy.argwhere(admins>4000)) 
admins   = numpy.delete(admins,numpy.argwhere(admins>4000)) 
newcols = jmaxs - jmins 
newrows = imaxs - imins 
newcols[newcols<2] = 2 #Some administrations are very small 
newrows[newrows<2] = 2 
 
for adtarget in admins: 
    print adtarget 
    if newcols[admins==adtarget][0]>8000: 
       # print 
adtarget,newcols[admins==adtarget][0],imins[admins==adtarget][0], 
imaxs[admins==adtarget][0], yBSize 
        count = 0 
        yBSize = 5000 
        xBSize = 5000 
        for i in range(imins[admins==adtarget][0], 
imaxs[admins==adtarget][0], yBSize): 
                if i + yBSize < imaxs[admins==adtarget][0]: 
                    nRows = yBSize 
                else: 
                    nRows = imaxs[admins==adtarget][0] - i 
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                for j in range(jmins[admins==adtarget][0], 
jmaxs[admins==adtarget][0], xBSize): 
                    if j + xBSize < jmaxs[admins==adtarget][0]: 
                        nCols = xBSize 
                    else: 
                        nCols = jmaxs[admins==adtarget][0] - j 
                    data = acquire(adm,j,i,nCols,nRows) 
                     
                    if numpy.count_nonzero(data.flatten()==adtarget)>0: 
                        count = count + 1 
                        file_out = 
directory+'trimmed/%5.5d_t%3.3d_pd.tif'%(adtarget,count) 
                        clip_selection(j,i,nCols,nRows,pd,file_out) 
                        file_out = 
directory+'trimmed/%5.5d_t%3.3d_nl.tif'%(adtarget,count) 
                        clip_selection(j,i,nCols,nRows,nl,file_out) 
                        file_out = 
directory+'trimmed/%5.5d_t%3.3d_adm.tif'%(adtarget,count) 
                        clip_selection(j,i,nCols,nRows,adm,file_out) 
                    del data 
        full_adjustment2(adtarget,directory) 
        continue 
    else: 
        file_out = directory+'trimmed/%5.5d_pd.tif'%(adtarget) 
        ref = file_out 
        
clip_selection(jmins[admins==adtarget][0],imins[admins==adtarget][0],n
ewcols[admins==adtarget][0],newrows[admins==adtarget][0],pd,file_out) 
        popden = 
acquire(pd,jmins[admins==adtarget][0],imins[admins==adtarget][0],newco
ls[admins==adtarget][0],newrows[admins==adtarget][0]) 
        file_out = directory+'trimmed/%5.5d_nl.tif'%(adtarget) 
        
clip_selection(jmins[admins==adtarget][0],imins[admins==adtarget][0],n
ewcols[admins==adtarget][0],newrows[admins==adtarget][0],nl,file_out) 
        niglit = 
acquire(nl,jmins[admins==adtarget][0],imins[admins==adtarget][0],newco
ls[admins==adtarget][0],newrows[admins==adtarget][0]) 
        file_out = directory+'trimmed/%5.5d_ad.tif'%(adtarget) 
        
clip_selection(jmins[admins==adtarget][0],imins[admins==adtarget][0],n
ewcols[admins==adtarget][0],newrows[admins==adtarget][0],adm,file_out) 
        admini = 
acquire(adm,jmins[admins==adtarget][0],imins[admins==adtarget][0],newc
ols[admins==adtarget][0],newrows[admins==adtarget][0]) 
        file_out = directory+'trimmed/%5.5d_adj_pd.tif'%(adtarget) 
        full_adjustment(popden,niglit,admini,adtarget,ref,file_out) 
         
end = time.time() 
print "Time duration (sec.): ",(end-start) 
 
raw_input("Press enter to continue..") 
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A-3 VIIRS  
#!/cygdrive/c/Python27/ArcGIS10.3/python.exe 
from shutil import copyfile 
import subprocess 
#import winsound 
import gdal 
from gdalconst import * 
#from arcpy import env 
#from arcpy.sa import * 
import os 
import numpy,glob,sys 
import time 
#from osgeo import gdal, utils 
from osgeo.gdalconst import * 
import matplotlib.mlab as mlab 
import matplotlib.pyplot as plt 
from scipy import stats 
try: 
    from osgeo import gdal 
except ImportError: 
    import gdal 
 
def merge(files): 
    """ 
    This utility will automatically mosaic a set of images. 
    All the images must be in the same coordinate system and 
    have a matching number of bands, but they may be overlapping, 
    and at different resolutions. In areas of overlap, 
    the last image will be copied over earlier ones. 
 
    :param first: 
    :param second: 
    :param out_file: 
    :return: 
    """ 
    subprocess.call( 
        files, 
        shell=True 
    ) 
 
 
start_time = time.time() 
gdal.AllRegister() 
directory = '/Volumes/HDPC-UT/VIIRS/trimmed/' 
os.chdir(directory) 
#arcpy.env.workspace = (directory) 
#list_adj=arcpy.ListRasters("*adj_pd.tif") 
#dataset= glob.glob(directory+'*adj_pd.tif') 
dataset = gdal.Open(directory+'%5d_adj_pd.tif', gdal.GA_ReadOnly ) 
print dataset 
cols     = dataset.RasterXSize 
rows     = dataset.RasterYSize 
transform = dataset.GetGeoTransform() 
data = dataset.ReadAsArray(int(xcols), int(yrows)) 
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#data = dataset.ReadAsArray(float(file_list)) 
#file_list = glob.glob(directory+'*adj_pd.tif') 
out_file = driver.Create(directory+'popdens2013_adj_viirs.tif', cols, 
rows, 3, gdal.GDT_UFloat32) 
#out_file = directory + 'popdens2013_adj_viirs.tif' 
#data = band.ReadAsArray(float(file_list), float(out_file)) 
 
#out_file2 = float(str(out_file)) 
subprocess.call(['gdal_merge','-o',out_file,dataset]) 
#subprocess.call(['gdal_merge',out_file,file_list]) 
#gdal_merge.py -n 0 -v -o popdens2013_adj_viirs.tif --optfile 
tiff_list.txt 
#arcpy.MosaicToNewRaster_management(file_list,directory,"popdens2013_a
dj_viirs.tif","#","32_BIT_FLOAT","#","1","MAXIMUM","FIRST") ## 
#gdal_merge.py -o popdens2013_adj_viirs.tif -of tif -ot Float32 -init 1 
file_list 
##Final step below to combine with existing. 
#arcpy.Mosaic_management(inputs="popdens2013_adj_viirs.tif", 
target="F:/VIIRS/popden2013_new_adj.tif", mosaic_type="LAST", 
colormap="FIRST", background_value="0", nodata_value="0", 
onebit_to_eightbit="NONE", mosaicking_tolerance="0", 
MatchingMethod="NONE") 
 
elapsed_time = time.time() - start_time 
 
print len(file_list) 
print 'Merge completed... ',elapsed_time 
raw_input('Completed after 1000 years!') 
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A-4 shapefile Have λp λf (python ) 
 
import glob 
import os 
import arcpy 
from arcpy import env 
import re 
import time 
import cv2 
import numpy as np 
import math 
from PIL import Image 
 
def avg_hgt(y): 
    return np.mean(y[y>0]) 
 
def max_hgt(y): 
    return np.max(y[y>0]) 
 
def pai(y,res,len): 
    ysize,xsize=y.shape 
    return np.count_nonzero(y[y>0])*res*res/len/len 
 
def std_hgt(y): 
    temp=y[y>0] 
    return np.std(temp) 
 
def fai(y,res,len): 
    #y=y 
    y[y>1000.] = 0. 
    y[y<0.] = 0. 
    ysize,xsize=y.shape 
    z=np.zeros((ysize,1),dtype=np.double) 
    resid=np.hstack((y,z))-np.hstack((z,y)) 
    print np.sum(resid[resid>0]) 
    return np.sum(resid[resid>0])*res/len/len 
 
def rota(y,angle): 
    y[y>65000]=0 
    #print y.shape 
    #cv2.imwrite('trial.jpg',y) 
    rowst,colst = y.shape 
    len = math.sqrt(rowst*rowst+colst*colst) 
    longest=max(rowst,colst) 
    top = int (math.ceil((len-rowst)/2.)) 
    bottom = int (math.ceil((len-rowst)/2.)) 
    left = int (math.ceil((len-colst)/2.)) 
    right = int (math.ceil((len-colst)/2.)) 
    inc = 
cv2.copyMakeBorder(y,top,bottom,left,right,cv2.BORDER_CONSTANT,value = 
0.) 
    rows,cols = inc.shape 
    centerx = cols/2 
    centery = rows/2 
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    M = cv2.getRotationMatrix2D((centerx,centery),angle,1) 
    dst1 = cv2.warpAffine(inc,M,(cols,rows),flags=cv2.INTER_NEAREST) 
    return dst1 
 
def purge(dir, pattern): 
    for f in os.listdir(dir): 
     if re.search(pattern, f): 
      os.remove(os.path.join(dir, f)) 
 
arcpy.CheckOutExtension("Spatial") 
directory  = os.path.dirname(os.path.realpath(__file__)) 
os.chdir(directory) 
 
#file_list=glob.glob("F:¥¥makabe_ESRI¥¥km¥¥SBA jp_1km 
1¥¥SBA.gdb¥¥*.shp") 
 
 
#print(file_list) 
 
env.workspace="D:¥¥LA_buildings_2008¥¥SBA¥¥SBA 
fishnetpop_final20170626¥¥SBA.gdb" 
file_list=arcpy.ListFeatureClasses() 
 
filename = "D:¥¥LA_buildings_2008¥¥tif2¥¥" 
try: 
  purge(filename, "temp2") 
except OSError: 
  pass 
 
start_time = time.time() 
f = open('los_result.txt', 'w') 
f.write('index,ID,HAVG,HMAX,STDEV,PAI,FAI0,FAI15,FAI30,FAI45,FAI60,FAI
75,FAI90,FAI105,FAI120,FAI135,FAI150,FAI165,FAI180,FAI195,FAI210,FAI22
5,FAI240,FAI255,FAI270,FA285,FAI300,FAI315,FAI330,FAI345,FAI360¥n') 
for j in range(0,len(file_list)): 
  fil=file_list[j].replace("Id_","") 
  if not os.path.isfile("D:¥¥LA_buildings_2008¥¥tif2¥¥"+fil+".tif"): 
      arcpy.Clip_analysis("D:¥¥LA_buildings_2008¥¥union_20170628.shp", 
"Id_"+fil,"D:¥¥LA_buildings_2008¥¥tif2¥¥temp2.shp") 
      result = 
arcpy.GetCount_management("D:¥¥LA_buildings_2008¥¥tif2¥¥temp2.shp") 
      store = int(result.getOutput(0)) 
      size=os.path.getsize('D:¥¥LA_buildings_2008¥¥tif2¥¥temp2.shp') 
      if  (store > 0) and (size > 1000): 
          
arcpy.PolygonToRaster_conversion("D:¥¥LA_buildings_2008¥¥tif2¥¥temp2.s
hp", "HAVG","D:¥¥LA_buildings_2008¥¥tif2¥¥"+fil+".tif", "CELL_CENTER", 
"value", 0.5) 
      filename = "D:¥¥LA_buildings_2008¥¥tif2¥¥" 
      try: 
        purge(filename, "temp2") 
      except OSError: 
        pass 
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  image_file = "D:¥¥LA_buildings_2008¥¥tif2¥¥"+fil+'.tif' 
  print image_file 
  if os.path.isfile(image_file): 
    resol = 0.5 # meters 0.5 
    sarea = 1. # actual surface edge length meters 
    img = cv2.imread(image_file,-1) 
    if img.dtype == 'uint16': 
        img[img>65000]=0 
    if img.dtype == 'uint8': 
        img[img>254]=0 
    if img[img!=0].shape[0]==0: 
        del img,image_file 
        continue 
    info = '%09i' % (j) 
    info = info +","+fil 
    info = info + "," + '%08.3f' % (avg_hgt(img)) 
    info = info + "," + '%08.3f' % (max_hgt(img)) 
    info = info + "," + '%08.3f' % (std_hgt(img)) 
    info = info + "," + '%08.6f' % (pai(img,resol,sarea)) 
    for i in np.arange(0.,361.,15.): 
        info = info + "," + '%08.6f' % (fai(rota(img,i),resol,sarea)) 
    f.write(info+"¥n") 
    print(info) 
    del img,image_file,info 
f.close 
elapsed_time = time.time() - start_time 
print elapsed_time 
raw_input("Completed.") 
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