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How can knowledge in computer science and physics help in solving major challenges
related to urban sustainability?

How can machine learning be used to predict outdoor conditions in an urban area in
combination with physics?

How can the reliability of urban building energy models be improved using machine learning?

How can climate risk be assessed using machine learning?
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Building energy simulator

Middleware

Urban canopy simulator




EnergyPlus

Define building parameters and weather data

a0l x| 57oneAutoDXVA!
— . . T ) Tox +
e e y—
fat=ill L ST ) 0[] w06t | Diw0ti | _0ui0ti | comcsi ;
'!. g Class Lint Cormemests fom IDF -
! T lalx T o]
i Comet Inguts
e e
| rerortius Rendering ST} ame: porrsss NORTH AMERICA
i x| 1 i
7 | ”!.I Sl ey e
erC x e [ o -
v@® LR A ¥ vt Tt Bk s % 300
4 — [obma ry
n s Surfoces: 8 Sub Surfaces: 47 n
o3 o s 3 7]
- Unk Ploor Ares:  €00.0(m?) Total Ploor Aves:  600.0 (m) WAL TOP1 CHP [
SE b i N et wa T ome o Aom
RO L FLENUM FLENUM- PLENUNA F
3 2 comt Tent N Ot Oudics Suloen <
= > cii ¢
3 . C 3, 1-Zore Name Sufwomd  Nofum v
AR BOE e
R® 25,0000, 1-X Crgn o o ¢
0.0000, - ¥ Orign  Hbes [l 4 . €
K :‘zl,l;w:lww\ Wit 1 - o ns £l [} ] =8 i
Vot Vemrinats - o o 12 152 52 ) i
o Lot ks ot s - : H : 5 ; 5 !
% o - o ns N5 o o s 5
T Boee it Camesction Aot Vo2 corots i o o 2 a2 ° h 1 Indian Ocean
F= md tomrks = % % = L 2 L
5 -k v ot 3Xcotudonts 5 25 S5 o o %8 o
XA Vet Yorinsis - 52 2 0 o 0 ¢
Veie2Zcondots - 2 2 2 2 : 2 i
Vot emrinate - s s o h 0s )
Vot Yeocudons 5 o 2 2 o i )
Vet Zomnns 5 » b h ) ’ b 1
Vota5 candoms 5
o Y cononte .
Vet Zeocndnte 5 3 2
- e . ©2024 0SM ©2024 TomTom ¥ Microsoft Azure  [©
SR 4 gy 183 | EnergyPus 300025 WAL

Ellis et al. (2008)

Define building geometry using

a graphical interface Run simulation

. R genon
3 Wreriptes

Olocarciy Corsumpnor (VW




Energy and mass balance (or RC model)

atmospheric model
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White box Grey box Black box
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Urban surface scheme

Energy and mass balance
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High computational cost
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Building energy simulations Weather simulations
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Heat and Convective heat and Sensible and latent
water mass mass transfer heat releases by
stored by between surfaces and buildings and traffic

the street canyon the air volume
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Climate model

Atmospheric
conditions . A;,By,Cy, Dy

v
Discrete linear state space

Land surface Input vector Measurements
temperature :

Xn+1 = Agq-Xxp+Bgiu, < min d(3,, y,, )k

Yn+1 = Cq-xp+Dgiu, hq..hy Sl

Genetic
éé‘) Algorithm

Wall and window surface temperature
Sensible and latent waste heat releases
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Zhang et al. (2018)
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What parameters significantly
affect the energy consumption?
(sensitivity analysis)

Building energy model




Uncertain parameters

Black box models
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Urban building energy model
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Sensitivity analysis

199
202
205
208

Sampling generation

Surrogate modelling

c .. Chen et al. (2020)
Optimization e (a) (b)

Why are interactions between buildings and
their outdoor conditions being ignored in
most urban building energy models?
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Uncertain parameters
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Sampling generation

Surrogate modelling

Optimization

Uncoupled Coupled
"Illl"’ versus g/q 4 ‘”J“H :
Goodness-of-fit
1 Ny, =Y
CV(RMSE) == E*—l (Y )
Y N
Total heating/cooling load
7 —— actual (kWh)
~— modeled (kWh)
6
5
4
3
2
1
» » »
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Sensitivity analysis

Sampling generation

Surrogate modelling

Optimization

S(8,) = ACV(RMSE) /A6,

6  Description 9, 0,

6, Occupancy 1.21 X102 3.03 x 10°
(in people)

6, Lightintensity 1.21x104  1.21x10°
(in W)

6;  Equipmentintensity 1.82 %104 1.82x10°
(in W)

6, Infiltration 0.01 10.00
(in m3/s)

65  Wallthermalresistance 0.05 3.00
(in W/m?2-K)

6s Walldensity 3.00 x 102 1.80 x 108
(in kg/m3)

6, Wall specific heat capacity 4.00 X102 1.50x 108
(in J/kg-K)

g  Wallthermal emissivity 0.01 0.98
(0-1)

6y  Wallsolar absorptivity 0.05 0.90
(0-1)

60 Window-to-wall ratio 0.01 0.90
(0-1)

6,1  Window thermal resistance 0.04 1.50
(in W/m?2-K)

61, Window solar heat gain 0.20 0.90

(0-1)

Std. sensitivity

Std. sensitivity
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Sampling generation Coupled

Uncoupled

True consumption

Surrogate modelling

Energy consumption

Optimization
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Baltimore, MD, urban heat island effect
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White box

Grey box

Detailed building energy model
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Energy and mass balance (or RC model)
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Black box

Statistical models
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Projected Temperature Increase (°C)

°C
3 1
|
4 I
I
3 1
2 I
|
1.__\/__/\/\/-’/ I
1
0 |
I
-1 I
1950 2000 Today !

UCAR

Calibrated model

Coupled

2050
1
\/’
3 7
i ‘
= N g
Q.. B
=t |
S| |

INDOOR

INDOOR

INDOOR

N

Coupled

A
=
e
Ty Comen
o
LA . lawet
am /([ e
/ | A
/ | T
/ | R
B G G G o
Tr Tets Tt o

40



k Outdoor conditions

Staged Coupling IMustration of Methodologies Weather P
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| One Step | Two Step file

Static Coupling
One-Time-Step Dynamic Coupling )

- ES -
Dynamic Coupling

[ Iterate till converge at one specific time step |

Quasi-Dynamic Coupling

N Calibrated

Ist step : 2nd step

.
Training
" Full Dynamic Coupling '

ES pEEgdBS | S 7| CFD i J/

Repeat until
d(Eni1, En) <7

Ist step : Ind step
iterate till converge iterate till converge *

Virtual Dynamic Coupling t,
Different
ES CFD
—- situations - tO

Generate functions database of

AT, and h,, >

Zhang et al. (2018)

Energy consumption (E)

Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec

i e var var
Training @3’) o A g
Qo
Qs Z e Qo Qo
2 Torot  Roof N
g Tk %
€ & Canyon g
- 1£
2 2
S g
&
£

Wall and window surface temperature
Sensible and latent waste heat releases
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Socioeconomic factors
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Atmospheric conditions
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