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Motivation

Renovate the built environment

Optimize building design and construction

Council Directive (EU) 2018/844 of the European Parliament and of the Council of 30 May [2018] amending Directive
2010/31/EU [2010] on the energy performance of buildings and Directive 2012/27/EU [2012] on energqy efficiency OJ L156/75.
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Building Performance Simulation tools

4+

Time consuming [1] Portability [2] Expertise [3]

[1] Wei, T. (2013). A review of sensitivity analysis methods in building energy analysis. Renewable and Sustainable Energy
Reviews, 20, 411-419.

[2] Crawley, D. B, Hand, J. W., Kummert, M., & Griffith, B. T. (2008). Contrasting the capabilities of building energy
performance simulation programs. Building and Environment, 43(4), 661-673.

[3] Wang, H., & Zhai, Z. (John). (2016). Advances in building simulation and computational techniques: A review between
1987 and 2014. Energy and Buildings, 128, 319-335.
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Multiple Objectives [4, 5] Multiple Algorithms [5, 6]

[4] Evins, R. (2013). A review of computational optimisation methods applied to sustainable building design. Renewable
and Sustainable Energy Reviews, 22, 230-245.

[5] Nguyen, A., Reiter, S., & Rigo, P. (2014). A review on simulation-based optimization methods applied to building
performance analysis. Applied Energy, 113, 1043-1058.

[6] Waibel, C., Wortmann, T., Evins, R., & Carmeliet, J. (2019). Building energy optimization: An extensive benchmark of
global search algorithms. Energy and Buildings, 187, 218-240.
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Analyses and Optimization Processes Building Performance Simulation tools
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Multiple Objectives [4, 5] Multiple Algorithms [5, 6] Time consuming [1] Portability [2] Expertise [3]

How to efficiently integrate AOP with building and urban projects?

Make it quicker Make it portable Make it easier
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Automates Design, Analysis, and Optimization processes. [7]

[7] Aguiar, R., Cardoso, C., & Leitdo, A. (2017). Algorithmic design and analysis - fusing disciplines. Proceedings Catalog of
the 37th Annual ACADIA 2017, 28-37.

[9] Aradjo, G., Pereira, I, Leitdo, A, & Correia Guedes, M. (2021). Conflicts in passive building performance: Retrofit and
regulation of informal neighbourhoods. Frontiers of Architectural Research, 10(3), 625-638.
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[9] Aradjo, G., Pereira, I, Leitdo, A, & Correia Guedes, M. (2021). Conflicts in passive building performance: Retrofit and
regulation of informal neighbourhoods. Frontiers of Architectural Research, 10(3), 625-638.

Surrogate Models
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:RL 1

Quickly predict BPS outputs with fewer inputs. [10]

[10] Wortmann, T., Costa, A., Nannicini, G., & Schroepfer, T. (2015). Advantages of surrogate models for architectural
design optimization. Artificial Intelligence for Engineering Design , Analysis and Manufacturing, 29(4), 471-481.

[17] Alizadeh, R., Allen, J. K., & Mistree, F. (2020). Managing computational complexity using surrogate models: a critical
review. Research in Engineering Design, 31(3), 275-298.
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Algorithmic Design and Analysis
) =
Automates Design, Analysis, and Optimization processes. [7]
BPS are still time-consuming for large models. [8]

Additional expertise to learn a programming language. [7]

[7] Aguiar, R., Cardoso, C., & Leitdo, A. (2017). Algorithmic design and analysis - fusing disciplines. Proceedings Catalog of
the 37th Annual ACADIA 2017, 28-37.

[9] Aradjo, G., Pereira, I, Leitdo, A, & Correia Guedes, M. (2021). Conflicts in passive building performance: Retrofit and
regulation of informal neighbourhoods. Frontiers of Architectural Research, 10(3), 625-638.

urrogate Models

:RL ﬁ‘::

Quickly predict BPS outputs with fewer inputs. [10]
Are usually case-specific and do not apply outside the study’s boundaries. [11]

Reduces BPS expertise but requires expertise to develop and test the models. [10]

[10] Wortmann, T., Costa, A., Nannicini, G., & Schroepfer, T. (2015). Advantages of surrogate models for architectural
design optimization. Artificial Intelligence for Engineering Design , Analysis and Manufacturing, 29(4), 471-481.

[17] Alizadeh, R., Allen, J. K., & Mistree, F. (2020). Managing computational complexity using surrogate models: a critical
review. Research in Engineering Design, 31(3), 275-298.
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Synthetic

J(xy, 20, yxy) =y

X110 Xin
25
Xm1 " Xmn

where m represents combinations of the features’ domain

V1

Ym

Methodology
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Building Features’ Simulation
Archetypes domain

We can develop multiple building models that vary along specified domains of
different features, simulate them, and build a database.

Comprehensive feedback of the features impact in simulation results.
Surrogate Models for multiple analysis and optimization problems.

Highly detailed database.

Simulation and computation times exponentially increase with the
number of features and simulation types, to the point of being
unfeasible.



lterative

f(z1,22,...,2;) = min(01, 02, ...,0;)

where m represents the number of iterations in the optimization

Methodology

3 * oo * A

Variables Objectives Simulation

We can develop building optimization problems and build a database from the
explored solutions’ variables and objectives.

Less computational time than feature domains depending on the
number of iterations.

Can support a high number of features.

Can support a high number of objectives.

Specific to the optimization problem at hand.
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Methodology
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Extract Cleaning Analyses and
Optimization

Extract building features from existing building databases and develop
surrogate models for multiple AOP

Database with real values.
Might not require simulations.

Surrogate Models for multiple analysis and optimization problems.

Noisy and imbalanced data.

Often does not feature many objectives.
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Model type

Key Performance Indicators

Accuracy
Precision

Recall

F1-score

Methodology

Classification Models

Models that predict discrete target outputs.

{' [ ]
=\

Neural Networks  Logistic regression

Ensemble models

Regression Models

11 of 38
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Classification Models

Model type

r -
Key Performance Indicators N
Accuracy Mean Absolute Error (MAE)
Neural Networks  Logistic regression
Precision Mean Squared Error (MSE)
Recall Mean Average Percent Error (MAPE)
F1-score Coefficient of determination (R? score) ! '

Ensemble models

Models that predict discrete target outputs.

Regression Models

Models that predict continuous target outputs.

» °

Neural Networks  Linear regression

Ensemble models Interpolation

11 of 38
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F1-score Coefficient of determination (R? score)
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Feature Engineering

Clean, change, and develop features

Model tuning

Key Performance Indicators || N I +
: +
I

Accuracy Mean Absolute Error (MAE)
Clean outliers Create new features
Precision Mean Squared Error (MSE)
Recall Mean Average Percent Error (MAPE)  —
F1-score Coefficient of determination (R? score) I

Select relevant features

d D
G
e A B

Hyperparameter optimization
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Feature Engineering Hyperparameter optimization

Clean, change, and develop features Optimize the model’s parameters for best suitable KPI

Model tuning

F @'-I Neural Networks Linear regression
Key Performance Indicators | . R solver rolynomial degree
© W Learning rate

Accuracy Mean Absolute Error (MAE) R Hidden layer sizes
Clean outliers Create new features

Precision Mean Squared Error (MSE) Ensemble models Interpolation
Recall Mean Average Percent Error (MAPE)  — Number of estimators Solver
Depth
F1-score Coefficient of determination (R? score) .
Samples split

Select relevant features
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Model deployment )
B
A
Design Construction

3D Models Programming
O =

i (

Web App

&

Synthetic Optimization

Retrofit

i
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Case Studies

o Urban area in Lisbon

b~ S L S u Ve, 0
e @«

W -'-# — il
e
&

s w:%‘%})_ . \‘s' Data is retrieved from GIS file by extraction of the buildings”:
LB o . »

L

. Number  Wall Roof U_Value  Floor Window Wall retrofit  Roof retrofit
CO{ISUUCtIOn U Value (W/m*°C) U_Value U_Value U-value U-value
period (kWhiir?) (WmC)  (Wm**C)  (WmC)  (Wa“C)
<1919 1 278 1.99 1.80 269 0.61 0.63
1919-1945 2 278 1.99 1.80 269 0.61 0.63 Geometry Number of Floors
1946-1960 3 149 1.99 1.80 269 057 0.63
1961-1970 4 1.08 1.99 3.03 269 0.49 0.63
19711980 5 126 1.99 303 269 053 063 p— / /
1981-1990 6 0.50 1.99 3.03 269 032 0.63 en s
1991-1995 7 049 1.99 3.03 269 032 0.63 aew I // i
19962000 8 046 1.99 231 269 029 063
20012005 9 025 1.99 231 269 0.19 0.63

>2006 10 0.25 1.99 231 2.69 0.19 0.63 Age GlaZing ratio
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Case Studies

Synthetic
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Create a dataset that encompasses a grid-based set of feature values.

E(c,n,p,0,9,a) = Annual Energy Loads [kWh/m?]

NUMBER OF FLOORS
~
PROPORTION
ciT N1 P ol g1 aj El ORIENTATION
cg np op1ool g1 FEs
frr. o = . 7
Ci n’t' pl Oi g’L a/i El GLAZING RATIO

FLOOR AREA
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Linear regression Interpolation Ensemble models

Linear Regression Ridge Random Forest  Extra Trees
Mean Error 15.85 1579 -6.06 221
(kWh/m?)
Root Mean Squared Error 1540 1540  9.88 544
(kWh/m’)
R? score 0.64 0.64 0.85 0.95

Count

Case Studies

Regression Models

Results are used to train Surrogate models.

The case study simulation results are used to validate and select the best model:

Linear Regression error =
Ridge error m====
RandomForest error m===m

ExtraTrees error mmmmm
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Linear regression Interpolation Ensemble models
Linear Regression Ridge  Random Fore: Extra Trees

Mean Error 1585 1579 -6.06 -2.21
(kWh/m?)

Root Mean Squared Error 1540 1540 9.88 544
(kWh/m’)

R? score 0.64 064 085

0.95

Count

Case Studies

Regression Models

Results are used to train Surrogate models.

The case study simulation results are used to validate and select the best model:

Linear Regression error =
Ridge error m====
RandomForest error m===m

ExtraTrees error mmmmm




*,annual loads;

n

[kWh/m?]

i=1

Case Studies

ExtraTrees regressor

n
o <U annual loadsi> [kWh/m?]

3D scatter plot of NSGA-II solutions results

0D @

£

(3) Bupimg 241
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Speed up
factor of 85x

elapsed time (seconds)

Case Studies

ExtraTrees regressor

*,annual loads;

U annual loadsi> [kWh/m?]

3D scatter plot of NSGA-II solutions results

0D

E

Dataset simulation Optimization

Surrogate model

0.08
5820.00

791.99
67516.70

(3) Bupimg 241




Below you can download the Example upload file:

Download sample data as CSV

Below are the construction typologies information that you can download via csv file

Download constructions as CSV

Input CSV file with all the buildings you want to test as seen in the example file above

@) Drag and drop file here

Browse files
Limit 200MB per file

Predict annual energy loads

count

40

80
Energy (kWh/sgm)

100

60

Case Studies

ExtraTrees regressor

Model is deployed in a web app prototype

Prediction of input buildings’ energy use

19 of 38


https://goncalo-araujo-energy-plus-sim-app-app-energyplus-y83a4z.streamlit.app/

Building design Optimization

In this section you can select the design variables and their boundaries for a building and optimize its
values for minimum annual energy loads

Select the design variables you wish to optimize:

Number of floors X @ Rectangular pro... X @ Orientation (Rad... * [l Floorarea (sqm) X o

Number of floors - boundaries
Minimum number of floors:

1

®

1

Maximum number of floors:

10
L
1
48 Energy (kWh/sqm)
46
45
45
B
g
£ 4 “
= .
= d
Py = 43
[ e
] o~
2
w

43
42

.

index

20

20

Case Studies

ExtraTrees regressor

Model is deployed in a web app prototype

i

Optimization of building design

19 of 38
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Optimization of construction materials for a 6 building block design

Variables:

w,r,f,w;) € {0,1,2}

w — wall possible constructions
r - roof possible constructions
f = floor possible constructions

w; — window possible constructions

20 of 38

Case Studies

[terative

pr—
.

Use previous iterations of a simulation-based optimization to train surrogate
models capable of predicting the specified objectives

(Wrrrflwi)ll (errfrwi)ln f11 f21 f31

(W, T,f, Wi)i (W,T,];, Wi)in B fli fZi f3i
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Case Studies

[terative

pr—

Optimization of construction materials for a 6 building block design

Ob_jeCtIVGSI Use previous iterations of a simulation-based optimization to train surrogate
models capable of predicting the specified objectives

n
filw,r, f,w;) = z Heating; + Cooling;

=1

" (Wrrrflwi)ll (errfrwi)ln f11 f21 f31
fLow,r,f,w)=o0 U Heating; + Cooling; g : : =[: &
i=1 (erlflwi)i (Wrrrflwi)in fli fZi f3i

n
fs(w,r, f,w;) = z Cost;
i=1
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Case Studies

Hyperparameter optimization

i

Optimization of construction materials for a 6 building block design - ‘_-
ObJeCtlveS: Maximize a Neural Network's R? score and the optimization algorithms'

Hypervolume of non-dominated solutions.

fa (io, ..., In) = Rz(test, predictions)

i€ [6,300] —Number of filters
n = Number of layers

>

T o fi € [min(f;), max(f;)]
bl H(fufofs)  fo € min(fy), max(fy)]

,,,,,,,,,

g f3 € [min(f3), max(f3)]

Neural Network Sequential model Metaheuristics
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Case Studies

Neural Network Sequential model

Optimization of construction materials for a 6 building block design

NSGAIIl IBEA

Model is deployed in a programming environment where a user can upload a building
design solution, specify the variables and run the optimization with different algorithms

Most Expensive
900k

800k

OMOPSO SMPSO

700k
o
- ®
500%
60
A00% 55
i e
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Optimization of Thermochromic glazing properties for an office space

Variables:

solmax
== Solar transmittance = Solar transmittance thma‘
06 == Visible transmittance == Visible transmittance )
T ol ONISNC | e N
2
S04
e . AT U T T s .
g
g solmi
02
00 0 T ismin
2 40 60 80 2 O = &0 &
Temperature (°C) ) Temperature (°C)
i 104 T
...... max
Tsol (T’ Tmin’ Tmax’ Tsolmax> rso!min) -
Tsolmax if T < Tmin
T -T i f
— _ Ysolmax " *solmin _
= 3 Tsolmax (T o=Tpi) X (T Tmin) if Tmin <T< Tmax
max min
Tsolmin if T > Tmax

24 of 38
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Use previous iterations of a simulation-based optimization to train surrogate
models capable of predicting the specified objectives

’I‘ma.'m Tminl Tnn'n] Tnm;zrl .fl 1 f2 1

T‘nuutz Trn'i112 Tmin, Tmazx, fl 2 f22
g ; . " . = ; :

T"uwrl- T'min,- Tmin;  Tmaz; fl i f2i
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outdoor
indoor

Optimization of Thermochromic glazing properties for an office space
Objectives:

f1 (TominTmaxTminTmax) = Heating + Cooling [kWh/m?]

f2 (TminTmameinTmax) = Lighting [kWh/mz]

25 of 38

Case Studies

[terative

p—

Use previous iterations of a simulation-based optimization to train surrogate
models capable of predicting the specified objectives

’I‘ma.'m Tminl Tnn'n] Tnm;zrl .fl 1 f2 1

T‘nuutz Trn'i112 Tmin, Tmazx, fl 2 f22
g ; . : . = ; ;

T"uwrl- T'min,- Tmin;  Tmaz; fl i f2i



M

indoor

Optimization of Thermochromic glazing properties for an office space
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Case Studies

ExtraTrees regressor

Model is deployed in a programming environment where the user can upload
weather file, specify variable boundaries and run the optimizations

’I‘ma.'m Tmin 1 Tnn'n] Tmax 1
T‘nuutz Trn'i112 Tmins

fii fa
Tmazy

_ fia f2o

T7n(l.’l?i

T'nn'n,-

Tmin;  Tmaz;

fri o
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Case Studies

Portugal’s Energy Performance Certificates (EPC)

Moo e priet i Data is retrieved from csv file by extraction of the certificates’ features:
et =1 a0t
E30.81-0.236 77 0.105 - 0.143
J0.236-0.508 B 0.143-0.275
60000
- Q PYPTOR
aee
3 (] -z 1 )
40000 r -
EPC
- =
s
w0 -

" || | ‘ || __||._.|I HA == = '

before 1918 1918-1945 1943-1960 1960-1970 1970-1980 1980-1990 195901995 1995-2000 2000-2005 after 2005

EPC labels histogram by construction period
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Feature Engineering

Apply feature engineering to obtain a balanced database for both

features and prediction targets:
_ e - ot ifseeedomys oo - |
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Rt Create new features Clean outliers Select relevant features
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Jk Regression Models

3.01 400
254
300
2.0
& E
E 15 g 200
= g
10] - Results are used to train Surrogate models and select the best one between the
‘ 0 lower number of features and higher R? score.
0.5
0.0 4 ]
~100 -50 0 s0 100 ~100 -s0 0 50 100
error [%) error [%]
: J/\ J\ Model training and performance indicators results.
200 “ R [ratio] Ntc [KWh/m?] Nic [kWh/m?] Nve [kWh/m?]
k-best features Model R? RMSE R? RMSE R? RMSE R? RMSE
= * ] 10 ET 0.74 0.26 0.58 55.70 0.61 19.11 0.31 5.85
_ - MLP 0.71 0.27 0.51 60.22 0.55 20.46 0.16 6.43
% 3 GB 0.69 0.28 0.50 60.98 0.53 20.89 0.14 6.51
g w00 £ 15 ET 0.82 0.22 0.72 45.30 0.65 18.07 0.36 5.63
s s MLP 0.77 0.24 0.66 49.91 0.57 20.05 0.19 6.33
GB 0.76 0.25 0.65 51.07 0.57 20.01 017 6.39
50 10 ] 20 ET 0.84 0.21 0.79 39.77 0.67 17.70 0.41 5.41
MLP 0.78 0.24 0.72 45.29 0.58 19.77 0.23 6.15
GB 0.78 0.24 0.73 44.87 0.57 19.96 0.24 6.14
0 g ] 25 ET 0.85 0.20 0.80 38.83 0.73 15.96 0.61 4.40
MLP 0.80 0.23 0.74 44.33 0.67 17.66 0.47 5.11
-0 50 0 50 100 -0 o o 50 160 GB 0.80 0.23 0.75 43.19 0.68 17.22 0.33 5.75

error [%] error [%)




General details

Location
EVORA
Type of certificate
Horizontal property
Floor location of your house

Last

Total number of floors in your building
2
Construction period
between 1996 and 2000
Area
100
Floor height

2.80

Typology

% % &

\Z»
Cooling energy (kWh/year)

Heating energy (kWh/year) Total energyl (kWh/year)

20k

Predict energy indicators!

Economic details

Here you can stipulate your maximum rehabilitation budget

2000

Presently, how much do you pay for housing taxes?

300

If you do not want to provide this information, the tool can estimate a value based on the
information provided.

Click here to start

New R ratios

Case Studies

ExtraTrees Regressor with 20 features

50

Model is deployed in a web app prototype for the
optimization of building retrofit for:

=

Homeowners Policymaking

f11 f21 f31
f : * — : : :

Tin fll' fZi f3i

fi = Ntc [kWh/m?] f> = Return on investment [ratio]

fz = Retrofit cost [€]
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Case Studies

SPEA I

Building data upload

“wr

Here you can upload the .csv file filled in as shown in "template_upload.csv”, but with your buildings

ExtraTrees Regressor with 20 features

Input €SV file with all the buildings you want to optimize Y

Browse files
Limit 200MB per file

- i
@ s and drop file here Y P! — T
| H

.,5;’ ; : :.
Predict annual energy loads W # v
N, @ *
\ v ]

Optimization

Here you can define the optimization problem variables, algorithm, and their parameters N S G Al |

wsage am)
Variables . i

Model is deployed in a web app prototype for the
optimization of building retrofit for:

Select Retrofits from government's retrofit available funding list

Wall insulation (... x [ Floorinsulation x | Roofinsulation (... %

... x [l Airto-waterpump x Jl Efficient AC units x

®
3 -
Solarpanelsfor... x Q Solar panelsfor... x T—an
s
~ B

(-]
‘
o

Retrofit costs
-

o2~
&&((

Wall retrofit cost (€/sqm) %,h ® o
70 - e n, ® P

Floor retrofit cost (€/sqm)

0 - NSGAIlI

Homeowners Policymaking

300 SR
Air-to-water heat pump retrofit cast (€/unit]

a
4000 - 4 a, ® &

(r, )1 o (L e h)m fi, 1

Efficient AC units retrofit cost (€funit) %, N x’e ’

700 - 4+

SN e @D

f
f

(rl,...,rn)i (r1;---:rn)im fli i i

Solar panels for DHW retrofit cost (€/unit) | B EA

.
2000 = ¢ .
Solar panels for energy production retrofit cost (€/unit) ‘.

600 - % * .

fi= z Nec, [kWh/m?]  f, = o (UP, Nec) [kWh/m?] . = Retrofit cost [€]
i=1

.
Roof retrafitcast (€/sqmi =
o
£ -+ . n
2
- ° e 5
Window retrofit cost (€/sqm) % ‘!s.
T w ¢
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D ISCUSSION How to efficiently integrate AOP with
building and urban projects?

Surrogate Models to improve Building
Performance Analysis and Optimization
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MEs

Flexible framework to develop Surrogate Models and integrate them with AOP.

S A =

Synthetic lterative Existing
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o Z*'.E + | g |
Building Features’ Simulation
Archetypes domain

Model trained with a Synthetic BID.

- 0.95 R? score, suitable for early design stages.-
Simulation time decreased by 2 orders of magnitude.

Small set of 6 inputs requires minimum expertise.

Versatile and adaptable to any building or urban project.

Small set of 6 inputs decreases building details.
High development time.

Increase in the number of inputs exponentially increases
"AD based surrogate models for simulation and optimization of large urban areas” the model development time.

Process needs to be repeated for different simulation
tools/outputs.
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Model trained with BID obtained from ooma

optimization processes i) » @@ 4 g
@ u

Variables Objectives Simulation

0.97, 0.99 R2 Score. Accuracy can be improved with
hyperparameter optimization.

Lower development time than Synthetic databases.

"Surrogate Models for Efficient Multi-Objective Optimization of Building Performance”

Simulation time decreased by 2 orders of magnitude.

Supports any number of features.

Supports multiple objectives.

w /6T
outdoor
indoor

Model is case-specific and not adaptable to problems
outside the realms of the optimization.

Increase in the number of inputs (variables) also increases

C
T M the model development time.
"Multi-objective optimization of thermochromic glazing properties to enhance Less accurate than Synthetic databases in predicting

building energy performance” worse solutions.
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Model trained with BID obtained from

existing databases T:\'ié_ + 5 j: =
E g i—': 111
Extract Cleaning Analyses and

Optimization

General details

VOR

No simulations required.
st prpany % %
Supports any number of features.

;.i:u-.c. AW year AWK, your w(u)u-. v (W, l l l | | |
K 20K Supports multiple objectives if available in the data.

Lower development time than generating other BID.

Economic details

v i e gndale yons manrmen swhalet Ut budget
000

Poesritly, how mch do you fury Kor Scuning tases!

.........
B ¥ you do not want to provide this information, the tool can estimate a vatee bated on the

mlonmaton provded

Limited outputs and prediction targets.

O Accuracy highly dependable on the existing data’s quality.

"Optimizing building retrofit through data analytics: A study of multi-objective 0.84 R2 score, Less accurate than Synthetic and
optimization and surrogate models derived from energy performance certificates” Optimization (,Can improve depending on the data).
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Quantitative Comparison

Problem Scale Objectives Improvements Inputs Speed-up R?
Retrofit Urban 3 16%
6 ~ 85X 0.95
Design Building T 8%
Material Room 2 17% 4 ~200x 0.99
Construction Urban 3 22% 24 ~200x 0.97
Retrofit Buildin 3 60% -
—— J ’ 20 0.84/0.79

".:;:,' Retrofit Urban 3 25% -
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Qualitative Comparison

R? Development Numberof = Number of Adaptability  Suitable for:
speed features objectives !

b K b < <
?L\' ?L\' ?L\' o4 T WIW W Early-stage project
studies with a low
number of features

X

A

whkw  ww ww W w P
Project construction
and execution stages

A A |

w whw  wRw Ak Wk \
Building operation and
retrofit




Future projects

(

-EE:.
(X1 X

Explore new ways to develop a smaller number of building samples without loosing model
accuracy and, therefore, be able to increase the number of features and complexity of a
model.

Benchmark optimization and machine learning algorithms for multiple simulation outputs
and analyses

Explore different feature engineering and selection techniques to improve the quality of the
databases. Experimental measurement of building use and performance for data calibration.
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Future applications

Assistance to field studies. Data Digital twin city models and Quick and easy Policymaking tools On-the-fly assistance for design
feedback for field work. databases. Enhance current data to achieve sustainable and and execution projects. Enhanced
repositories. economic goals. collaborative work.
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Surrogate Models to improve Building
Performance Analysis and Optimization

Thank you for listening!
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