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We can develop multiple building models that vary along specified domains of 

different features, simulate them, and build a database.

where m represents combinations of the features’ domain

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.

Features’ 

domain

Building 

Archetypes

Simulation

Synthetic

𝑓

𝑥11 ⋯ 𝑥1𝑛

⋮ ⋱ ⋮
𝑥𝑚1 ⋯ 𝑥𝑚𝑛

=

𝑦1

⋮
𝑦𝑚
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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.

Iterative

SimulationObjectivesVariables

𝑓

𝑥11 ⋯ 𝑥1𝑖

⋮ ⋱ ⋮
𝑥𝑚1 ⋯ 𝑥𝑚𝑖

=

𝑜11 ⋯ 𝑜1𝑗

⋮ ⋱ ⋮
0𝑚1 ⋯ 𝑜𝑚𝑗

where m represents the number of iterations in the optimization
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CleaningExtract 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.

Existing
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Surrogate Models

Model type Model tuning Model deployment
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Ensemble models Interpolation
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Accuracy Mean Absolute Error (MAE)
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F1-score Coefficient of determination (R2 score)
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Model tuning

Feature Engineering Hyperparameter optimization

Key Performance Indicators

Accuracy

Solver

Precision

Recall

F1-score

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

Clean outliers Create new features

Select relevant features

Neural Networks Linear regression

Ensemble models Interpolation

Learning rate

Hidden layer sizes

Polynomial degree

Number of estimators

Depth

Samples split

Solver

Mean Absolute Error (MAE)

Mean Squared Error (MSE)

Mean Average Percent Error (MAPE)

Coefficient of determination (R2 score)
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Model deployment

Inputs Outputs

User interactions
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Model deployment

Case studies with different AOP and BID

Synthetic Optimization Existing

Design RetrofitConstruction

3D Models Programming

Web App
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Urban area in Lisbon

Data is retrieved from GIS file by extraction of the buildings’:

Geometry Number of Floors

Glazing ratioAge
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Synthetic

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

𝐸 𝑐, 𝑛, 𝑝, 𝑜, 𝑔, 𝑎 = 𝐴𝑛𝑛𝑢𝑎𝑙 𝐸𝑛𝑒𝑟𝑔𝑦 𝐿𝑜𝑎𝑑𝑠 [ Τ𝑘𝑊ℎ 𝑚2]
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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 Ensemble modelsInterpolation
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ExtraTrees regressor

σ𝑖=1
𝑛 𝑎𝑛𝑛𝑢𝑎𝑙 𝑙𝑜𝑎𝑑𝑠𝑖

𝑛
𝑘𝑊ℎ/𝑚2 𝜎 ራ

𝑖=1

𝑛

𝑎𝑛𝑛𝑢𝑎𝑙 𝑙𝑜𝑎𝑑𝑠𝑖 𝑘𝑊ℎ/𝑚2 σ𝑖=1
𝑛 𝐶𝑜𝑠𝑡𝑖

𝑛
€
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Speed up

factor of 85x

ExtraTrees regressor

σ𝑖=1
𝑛 𝑎𝑛𝑛𝑢𝑎𝑙 𝑙𝑜𝑎𝑑𝑠𝑖

𝑛
𝑘𝑊ℎ/𝑚2 𝜎 ራ

𝑖=1

𝑛

𝑎𝑛𝑛𝑢𝑎𝑙 𝑙𝑜𝑎𝑑𝑠𝑖 𝑘𝑊ℎ/𝑚2 σ𝑖=1
𝑛 𝐶𝑜𝑠𝑡𝑖

𝑛
€
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ExtraTrees regressor

Prediction of input buildings’ energy use

Model is deployed in a web app prototype

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

𝑤, 𝑟, 𝑓, 𝑤𝑖 ∈ 0, 1, 2

𝑤 → 𝑤𝑎𝑙𝑙 𝑝𝑜𝑠𝑠𝑖𝑏𝑙𝑒 𝑐𝑜𝑛𝑠𝑡𝑟𝑢𝑐𝑡𝑖𝑜𝑛𝑠

𝑟 → 𝑟𝑜𝑜𝑓 𝑝𝑜𝑠𝑠𝑖𝑏𝑙𝑒 𝑐𝑜𝑛𝑠𝑡𝑟𝑢𝑐𝑡𝑖𝑜𝑛𝑠

𝑓 → 𝑓𝑙𝑜𝑜𝑟 𝑝𝑜𝑠𝑠𝑖𝑏𝑙𝑒 𝑐𝑜𝑛𝑠𝑡𝑟𝑢𝑐𝑡𝑖𝑜𝑛𝑠

𝑤𝑖 → 𝑤𝑖𝑛𝑑𝑜𝑤 𝑝𝑜𝑠𝑠𝑖𝑏𝑙𝑒 𝑐𝑜𝑛𝑠𝑡𝑟𝑢𝑐𝑡𝑖𝑜𝑛𝑠

Variables:

20 of 38

Use previous iterations of a simulation-based optimization to train surrogate

models capable of predicting the specified objectives

Iterative

𝑔
𝑤, 𝑟, 𝑓, 𝑤𝑖 11 ⋯ 𝑤, 𝑟, 𝑓, 𝑤𝑖 1𝑛

⋮ ⋱ ⋮
𝑤, 𝑟, 𝑓, 𝑤𝑖 𝑖 ⋯ 𝑤, 𝑟, 𝑓, 𝑤𝑖 𝑖𝑛

=

𝑓11
𝑓21

𝑓31

⋮ ⋮ ⋮
𝑓1𝑖

𝑓2𝑖
𝑓3𝑖

 



Motivation Context Methodology DiscussionCase StudiesResearch Questions

Objectives:

Optimization of construction materials for a 6 building block design

𝑓3 𝑤, 𝑟, 𝑓, 𝑤𝑖 = ෍

𝑖=1

𝑛

𝐶𝑜𝑠𝑡𝑖

𝑓1(𝑤, 𝑟, 𝑓, 𝑤𝑖) = ෍

𝑖=1

𝑛

𝐻𝑒𝑎𝑡𝑖𝑛𝑔𝑖 + 𝐶𝑜𝑜𝑙𝑖𝑛𝑔𝑖

𝑓2 𝑤, 𝑟, 𝑓, 𝑤𝑖 = 𝜎 ራ

𝑖=1

𝑛

𝐻𝑒𝑎𝑡𝑖𝑛𝑔𝑖 + 𝐶𝑜𝑜𝑙𝑖𝑛𝑔𝑖 𝑔
𝑤, 𝑟, 𝑓, 𝑤𝑖 11 ⋯ 𝑤, 𝑟, 𝑓, 𝑤𝑖 1𝑛

⋮ ⋱ ⋮
𝑤, 𝑟, 𝑓, 𝑤𝑖 𝑖 ⋯ 𝑤, 𝑟, 𝑓, 𝑤𝑖 𝑖𝑛

=

𝑓11
𝑓21

𝑓31

⋮ ⋮ ⋮
𝑓1𝑖

𝑓2𝑖
𝑓3𝑖

 

Use previous iterations of a simulation-based optimization to train surrogate

models capable of predicting the specified objectives

Iterative
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Hyperparameter optimization

Optimization of construction materials for a 6 building block design

Neural Network Sequential model Metaheuristics

Maximize a Neural Network’s R2 score and the optimization algorithms’ 

Hypervolume of non-dominated solutions.

Objectives:

𝑓1  ∈ min 𝑓1 , max(𝑓1)

𝑓2  ∈ min 𝑓2 , max(𝑓2)

𝑓3  ∈ min 𝑓3 , max(𝑓3)

𝐻(𝑓1, 𝑓2, 𝑓3)

22 of 38
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Neural Network Sequential model

Optimization of construction materials for a 6 building block design

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

23 of 38
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Optimization of Thermochromic glazing properties for an office space

Variables: Use previous iterations of a simulation-based optimization to train surrogate

models capable of predicting the specified objectives

Iterative
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Optimization of Thermochromic glazing properties for an office space

Objectives:

𝑓1 𝑇𝑚𝑖𝑛𝑇𝑚𝑎𝑥𝜏𝑚𝑖𝑛𝜏𝑚𝑎𝑥 = 𝐻𝑒𝑎𝑡𝑖𝑛𝑔 + 𝐶𝑜𝑜𝑙𝑖𝑛𝑔 [ Τ𝑘𝑊ℎ 𝑚2]

𝑓2 𝑇𝑚𝑖𝑛𝑇𝑚𝑎𝑥𝜏𝑚𝑖𝑛𝜏𝑚𝑎𝑥 = 𝐿𝑖𝑔ℎ𝑡𝑖𝑛𝑔 [ Τ𝑘𝑊ℎ 𝑚2]
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Iterative
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Optimization of Thermochromic glazing properties for an office space

ExtraTrees regressor

Model is deployed in a programming environment where the user can upload 

weather file, specify variable boundaries and run the optimizations

26 of 38
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Portugal’s Energy Performance Certificates (EPC)

Data is retrieved from csv file by extraction of the certificates’ features:

EPC labels histogram by construction period

27 of 38
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Feature Engineering

Apply feature engineering to obtain a balanced database for both

features and prediction targets:

Clean outliersCreate new features Select relevant features
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Regression Models

Results are used to train Surrogate models and select the best one between the

lower number of features and higher R2 score.
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Model is deployed in a web app prototype for the

optimization of building retrofit for:

ExtraTrees Regressor with 20 features

Homeowners Policymaking

A screenshot of a computer

Description automatically generated

𝑓

𝑟1 ⋯ 𝑟𝑛

⋮ ⋱ ⋮
𝑟𝑖 ⋯ 𝑟𝑖𝑛

=

𝑓11
𝑓21

𝑓31

⋮ ⋮ ⋮
𝑓1𝑖

𝑓2𝑖
𝑓3𝑖

𝑓1 = 𝑁𝑡𝑐 [ Τ𝑘𝑊ℎ 𝑚2] 𝑓2 = 𝑅𝑒𝑡𝑢𝑟𝑛 𝑜𝑛 𝑖𝑛𝑣𝑒𝑠𝑡𝑚𝑒𝑛𝑡 [𝑟𝑎𝑡𝑖𝑜] 𝑓3 = 𝑅𝑒𝑡𝑟𝑜𝑓𝑖𝑡 𝑐𝑜𝑠𝑡 [€]
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Policymaking

Model is deployed in a web app prototype for the

optimization of building retrofit for:

ExtraTrees Regressor with 20 features

Homeowners

𝑓
(𝑟1, … , 𝑟𝑛)1 ⋯ (𝑟1, … , 𝑟𝑛)𝑚

⋮ ⋱ ⋮
(𝑟1, … , 𝑟𝑛)𝑖 ⋯ (𝑟1, … , 𝑟𝑛)𝑖𝑚

=

𝑓11
𝑓21

𝑓31

⋮ ⋮ ⋮
𝑓1𝑖

𝑓2𝑖
𝑓3𝑖

𝑓1 = ෍

𝑖=1

𝑚

𝑁𝑡𝑐𝑖 [ Τ𝑘𝑊ℎ 𝑚2] 𝑓2 = 𝜎 𝑖=1ڂ
𝑚 𝑁𝑡𝑐𝑖  [ Τ𝑘𝑊ℎ 𝑚2] 𝑓3 = 𝑅𝑒𝑡𝑟𝑜𝑓𝑖𝑡 𝑐𝑜𝑠𝑡 [€]

SPEA II

NSGAII

NSGAIII

IBEA
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Discussion How to efficiently integrate AOP with 

building and urban projects?



Motivation Context Methodology DiscussionCase StudiesResearch Questions

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

Synthetic Iterative Existing
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“AD based surrogate models for simulation and optimization of large urban areas”

0.95 R2 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.

Increase in the number of inputs exponentially increases 

the model development time.

Process needs to be repeated for different simulation 

tools/outputs.

Small set of 6 inputs decreases building details.

High development time.

Model trained with a Synthetic BID.

Features’ 

domain

Building 

Archetypes

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

0.97, 0.99 R2 Score. Accuracy can be improved with 

hyperparameter optimization.

Simulation time decreased by 2 orders of magnitude.

Supports any number of features.

Supports multiple objectives.

Lower development time than Synthetic databases.

Increase in the number of inputs (variables) also increases 

the model development time.

Model is case-specific and not adaptable to problems 

outside the realms of the optimization.

Less accurate than Synthetic databases in predicting 

worse solutions.

“Multi-objective optimization of thermochromic glazing properties to enhance 

building energy performance”

SimulationObjectivesVariables

Model trained with BID obtained from 

optimization processes 
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No simulations required.

Supports any number of features.

Supports multiple objectives if available in the data.

Lower development time than generating other BID.

Limited outputs and prediction targets.

Accuracy highly dependable on the existing data’s quality.

0.84 R2 score, Less accurate than Synthetic and 

Optimization (Can improve depending on the data).

“Optimizing building retrofit through data analytics: A study of multi-objective 

optimization and surrogate models derived from energy performance certificates”

CleaningExtract Analyses and

Optimization

Model trained with BID obtained from 

existing databases
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Quantitative Comparison

R2InputsProblem Scale ImprovementsObjectives

Urban

Building

Retrofit

Design

Room

Urban

Material

Construction

Building

Urban

Retrofit

Retrofit

3

1

2

3

3

3

Speed-up

16%

8%

17%

22%

60%

25%

6

4

24

20

≈85x

≈200x

-

-

≈200x

0.95

0.99

0.97

0.84/0.79
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Suitable for:                                        

Qualitative Comparison

AdaptabilityR2 Development 

speed

Number of 

objectives

Number of 

features

Early-stage project 

studies with a low 

number of features

Project construction 

and execution stages

Building operation and 

retrofit
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Future projects

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

38 of 38

Quick and easy Policymaking tools 

to achieve sustainable and 

economic goals.

Digital twin city models and 

databases. Enhance current data 

repositories. 

Assistance to field studies. Data 

feedback for field work.

On-the-fly assistance for design 

and execution projects. Enhanced 

collaborative work.
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Research Outputs
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