
1 
 

Methodology to aid in the decision-making of retrofit solutions in the 

residential sector using calibrated building energy simulation models 

                                                     Luís Maria Azevedo 

                                                lsoveral@hotmail.com  

                Instituto Superior Técnico, Universidade de Lisboa, Portugal 

                                                             June 2018 

                                                                    Abstract 

This work involves firstly, the calibration of the Building Energy Simulation (BES) model of one Portuguese 

residential household representative of a large share of households in Lisbon, which is known by the occupants as having 

poor thermal conditions (i.e. thermal comfort). After the uncertain parameters of the model are calibrated with a single-

objective optimization using the genetic algorithm, more accurate predictions of the indoor air temperature can be 

performed, increasing the confidence on the thermal comfort. 

In a second phase, a retrofit analysis is performed by using an artificial neural network as a surrogate model to 

replace the EnergyPlus® (building energy simulation program used in this work) and optimize the calibrated model of the 

household, considering several objectives (multi-objective optimization) and always improving the thermal comfort. Another 

analysis is also considered, which intends to find possible differences on the optimal retrofit solutions between the calibrated 

model and two other models with different uncertainty on their parameters. 

The multi-objective optimizations performed on the calibrated model succeeded to identify a wide range of optimal 

retrofit solutions that guaranty the minimum thermal comfort conditions during the whole year. It was concluded that these 

solutions can vary considerably, depending on the accuracy of the model, which may affect the decision-making process to 

identify the optimal solution. 

Keywords: calibration of BES models, thermal comfort, retrofit measures, sensitivity analysis, genetic algorithm, 

artificial neural network 

1 Introduction 

Typically, building retrofit projects focus especially in decreasing the energy consumption and so, most of the 

calibration studies and methodologies suggest using only energy consumption data to reduce the model’s errors, instead of 

using indoor environmental parameters such as the air temperature. Not only can this latter succeed to estimate more 

accurately the thermal comfort conditions on the non-retrofitted buildings but also to increase the confidence on the 

predictions of the energy consumption reduction due to ECM applied to the buildings. 

To identify the optimal retrofit solutions, some efficient techniques like the genetic algorithms (GAs) had good 

results in the past studies, more specifically the multi-objective GAs such as the NSGA - II (Deb, 2011). The main disadvantage 

of implementing a multi-objective optimization using directly the BES programs, is the high computational effort involved. 

Some studies (Magnier & Haghighat, 2010) overcame this problem with success by using surrogate models such as the 

Artificial Neural Networks (ANNs) which induce very small errors on the solutions and have negligible computational effort. 

This work focuses on developing a methodology to aid in the decision-making of retrofit solutions for the residential 

sector using calibrated BES models. This methodology is developed and tested using as case study, a Portuguese household 

with poor thermal comfort conditions. To search for the combination of optimal measures, it is considered the minimization 

of the investment cost and the annual energy cost criteria as well as the improvement of the thermal comfort given by the 

Predicted Mean Vote. Since this thermal comfort indicator is known to vary with the air temperature, before searching for 

the optimal combination of measures, it is important to have an accurate estimation of the temperature of the household. 

The BES program - EnergyPlus - is used to evaluate the thermal comfort, with a model in which the parameters are calibrated 

with data regarding measured interior air temperature for one year. 

Furthermore, two models of the household that were created before the calibration are compared in terms of 

optimal solutions: one model having only general information, in which its parameters are highly uncertain, and another one 
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generated with the information collected in walkthroughs to the household, therefore with less uncertainty. This comparison 

intends to find how the differences on their optimal solutions may influence the decision-making process. 

2 Methods for calibration 

The calibration of a model consists of fine tuning its uncertain parameters to represent the reality in the most 

accurate way so that the model is validated by the goodness-of-fit between the output of the BES program and the 

corresponding measured data. Calibration is commonly referred as an indeterminate problem, i.e. several non-unique 

solutions might exist. This problem is usually minimized with the reduction of the degrees of freedom of the model by fixing 

the non-influential parameters and calibrating only the most important ones. Sensitivity analysis is used for this factor fixing, 

more specifically screening techniques (Bertagnolio, 2012).  

2.1. Elementary-effects Method 

The elementary-effects method, or Morris method, was introduced by (Morris, 1991) and is a screening technique 

that belongs to the category of the global sensitivity methods. This method is especially used for computationally expensive 

models, such as in BES, since other sensitivity techniques would need numerous simulations and would be infeasible (Sohier, 

Farges, & Piet-Lahanier, 2014). 

An elementary-effect approximates the partial derivative of the model’s function around one point 𝑋0, as it shown 

in equation (1). The elementary-effect is calculated simply as the slope of the line that passes through the point 𝑋0 and the 

point 𝑋0
′ , where 𝑋0

′   corresponds to increasing or decreasing  𝑋0 by a finite quantity of Δ in its 𝑖 variable. 
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Since this is a global sensitivity method, all elementary-effects must be spread throughout the whole domain. An 

efficient method to do this, in which one same point can be used to calculate two elementary-effects, uses 𝑟 random 

trajectories each one with 𝐾 elementary-effects, calculated with 𝐾 + 1 points. So, this method requires 𝑟. (𝐾 + 1) 

evaluations of the model. 

For each variable it is always withdrawn a sample of independent elementary-effects, which is representative of 

the whole population. Usually, the overall sensitivity measure used to rank the influential parameters is the sample mean of 

𝐺𝑖, i.e. the mean of the distribution of the absolute value of the elementary-effects, defined as 𝜇𝑖
∗ (equation (2)). To study the 

non-linear/interaction behaviour of each parameter, it is calculated the variance of the same distribution (equation (3)). 
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2.2. Genetic Algorithms 

Genetic Algorithms (GAs) are an example of a biologically inspired tool to optimize engineering problems. The GAs 

are included in the random optimization methods (Goldberg, 1989) and are usually used to search for the global optimum in 

high-dimensional problems, where the enumerative or calculus-based methods fail due to high computational effort or the 

inability to calculate the gradient of the objective function, such as in BES models. 

These optimization methods simulate the biological evolution of a generation of a population of solutions based on 

their natural selection, also known as the survival of the fittest (Darwinian Theory). In computer systems, the ability to survive 

is given by the value of the objective function: individuals with higher fitness values (lower value of the objective function) 

will have higher probability of being chosen to reproduce the individuals of the next generation. This selection operator, along 

with crossover and mutation makes the genetic algorithm, which allows the individuals (or chromosomes) to evolve through 

the generations (or iterations) under these survival rules. 

The crossover is the operation of “trading” genetic information between parents to originate their offspring in such 

a way that part of the offspring’s genes comes from one parent and the other part comes from the other parent. This 
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exchange of genes allows that highly fit candidate solutions may produce also fit solutions while searching in other potential 

promising locations of the domain. This operation occurs with a frequency of 𝑝𝑐 (crossover probability). 

The mutation consists of randomly changing the gene of a chromosome with a probability of 𝑝𝑚 (mutation 

probability). This is the final operation of a generation and it allows the algorithm to escape local minima and search new 

areas for the global minimum. If mutation didn’t exist, solutions would prematurely converge to local optima (Haupt & Haupt, 

2004), which is not the objective. This mutation operation usually does not occur as frequently as the crossover, so 𝑝𝑐 ≫ 𝑝𝑚. 

3 Methods for the Multi-Objective Optimization 

3.1. Multi-Objective Optimization 

The MOO concept of optima is different from the single-objective optimization since it is in general a set of solutions 

(not only one) that cannot be minimized in one of the objectives without increasing their value in the other objectives, 

representing therefore the trade-off between the objectives. These are the solutions that are not dominated by any others, 

i.e. there are no better solutions than the non-dominated in all objectives (Goldberg, 1989). The set of non-dominated 

solutions defines the Pareto front, which can be a two-dimensional curve (when there are two objectives) or a 𝑛 dimensional 

surface (for 𝑛 objective functions). 

There are some methods that allow to search for all the Pareto solutions in a single optimization problem. One of 

the most used in BES multi-objective optimization uses the GA, more specifically, a version that is called the elitist non-

dominated sorting GA, NSGA-II (Deb, 2011). This version of the GA uses the same genetic operators as in a single-objective 

optimization (i.e. crossover, mutation and selection), but has a different approach to evaluate the fitness of the chromosomes 

regarding the multi objectives. In the NSGA-II, the population is sorted not only with the dominance criterion (i.e. by ranks of 

dominance inside a population), but also with the spread of the solutions, which helps to increase the diversity (using an 

operator that is called the crowding-distance). 

The major drawback of using the GA to optimize BES models with several objectives, especially for time-costly 

models, is that many evaluations of the model are required to find the global Pareto front (Magnier & Haghighat, 2010). This 

might be infeasible in terms of computational effort and so, other approaches must be used, such as: using simplified 

estimation algebraic models to replace the BES program; using a small number of chromosomes/generations that may not 

lead to the optimal Pareto front; or finally, using a surrogate model to approximate the outputs given by the BES program.  

One example of surrogate model that has been used in several BES-MOO studies and handled with very small errors 

the building retrofit multi-objective optimization problems ( (Grossard, Lartigue, & Thellier, 2013), (Magnier & Haghighat, 

2010) and (Asadi, Silva, Antunes, Dias, & Glicksman, 2014) ), is the use of Artificial Neural Networks (ANNs). These models 

mimic the behaviour of the BES program and then fully replace it in the MOO problem to evaluate the objective functions. 

3.2. Artificial Neural Network 

The most basic type of ANN, which is used especially for curve-fitting (function approximation) problems, is the 

feed-forward multi-layer perceptron network (MLP), in which all the neurons are arranged in layers: the input layers (also 

known as passive layers because don’t process the information), the hidden layers and the output layers (which both process 

the information). All the hidden and output neurons basically perform two operations: firstly, they calculate the weighted 

average between their inputs and add a bias term. The result is then evaluated by an activation function which is responsible 

for the non-linear behaviour of the network. 

The networks must be firstly trained with a set of inputs and their correct outputs (i.e. supervised learning), which 

are known as the targets. Training a network consists of performing an optimization problem where the objective function is 

the error between the network’s outputs and the targets in each iteration. Several optimization methods exist to train a 

network, such as the steepest gradient method or the Levenberg-Marquardt algorithm. These methods use the information 

of the partial derivatives of the error in respect to the weights and biases of the network, which are calculated using the back-

propagation algorithm. This latter, is an efficient algorithm that consists of calculating recursively the derivatives in a 

backward direction, i.e. starting from the output layer. 

4 Case-study 

This work focuses in determining the best retrofit solutions to improve a residential household with poor thermal 

comfort conditions. The household’s data was collected during a monitoring campaign within the Suscity project that 

occurred between the year of 2015 and 2016. This campaign involved several measurements on the outdoor and indoor 
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environment thermal conditions (concentration of CO2 to estimate the air infiltration rate and air temperature to perform 

the calibration) that provided data to increase the accuracy of the BES models used in this work. 

The methodology of this work is divided in two main steps: 

1. The first step is the model calibration and aims to obtain a model with the lowest possible error. This includes three 

phases: defining a baseline model using high level information about the house, followed by a detailed model using 

detailed data collected in walkthroughs and finally developing a calibrated model; 

2. The second step consists of implementing a multi-objective optimization (MOO) approach to determine the best 

set of solutions that minimize several objectives, while guaranteeing minimum thermal comfort conditions. To 

perform the MOO to the calibrated model, a surrogate model is firstly created (to reduce the computational effort 

of using a BES in MOO problems) and then this model is optimized, considering two different scenarios; 

Regarding the thermal comfort estimation, two indicators related to the 𝑃𝑀𝑉 were used in this work: 𝑁𝑠𝑡𝑎𝑡𝑖𝑐0.7 the 

cumulative number of occupied hours in which |𝑃𝑀𝑉| ≥ 0.7 (acceptability thermal comfort limits of category C given by 

(International Standard ISO 7730, 2005)); and the average absolute value of the 𝑃𝑀𝑉 during the whole year (|𝑃𝑀𝑉|𝑎𝑣𝑔). 

Additionally, it was calculated the cumulative number of hours in which the 80% acceptability criterion of the adaptive model 

defined by (ANSI/ASHRAE Standard 55-2010, 2010), was not fulfilled. This parameter (𝑁𝑎𝑑𝑎𝑝𝑡80%) is calculated in the same 

way as 𝑁𝑠𝑡𝑎𝑡𝑖𝑐0.7 but is used only to evaluate the thermal comfort on the non-retrofitted model (i.e. with no HVAC system). 

4.1. Model Calibration 

To calibrate the detailed model of the house, it was minimized the 𝑐𝑣(𝑅𝑀𝑆𝐸) between the simulated and measured 

air temperature. The temperature was measured in three zones of the house (two bedrooms and the living-room) and 

averaged into a single temperature for each hour. It was used the weighted average between the temperatures of each 

thermal zone and each weight was the zone volume. 

A total of 58 variables were identified as being uncertain in the detailed model (building envelope related variables, 

the internal gains of each thermal zone and the air infiltration rate for each zone). To reduce the dimensionality of this 

calibration problem, the parameters that have small influence on the 𝑐𝑣(𝑅𝑀𝑆𝐸) were fixed with the elementary-effects 

method. 

The probability distributions used to describe the uncertainty of each parameter followed the following 

methodology: A normal distribution (as suggested by (Macdonald, 2002)) was assigned to the conductivity (𝑘), density (𝜌) 

and specific heat (𝐶), of the opaque materials and the range of variation for these parameters was assumed to be within one 

standard deviation from the average value of the variable (𝜇 ± 𝜎); For parameters with large uncertainty, it was assumed a 

uniform probability distribution where all the values within a specific range (±30 %) are equally probable; For parameters 

with a smaller “degree of uncertainty”, in which there was a most likely value (i.e. the mode) but the probability distribution 

was unknown, it was assumed a triangular probability distribution, defined by the mode, lower (−20 %) and upper bound 

(+20 %);  

The elementary-effects method was used with 50 trajectories and the base points were sampled with the Latin 

Hypercube Sampling (LHS) to ensure representativeness of the trajectories. The increment Δ was fixed to ≈ 0.53 using the 

expression Δ =
𝑝

2(𝑝−1)
, as suggested by (Saltelli, et al., 2008), where 𝑝 is the number of discretized levels (𝑝 = 50). 

The results, presented in Figure 1, where the standard deviation of the absolute value of the elementary-effects (𝜎) 

is plotted against the overall sensitivity measure (µ∗), show that from the initial 58, a set of 8 parameters is easily identified 

as the most influential (variables inside the dashed circle, in Figure 1) due to their high µ∗ comparing to the other 50 

parameters, that have very small µ∗ and 𝜎. This indicates that they have respectively, small overall influence on the 

𝑐𝑣(𝑅𝑀𝑆𝐸) and also small non-linear and/or interaction behaviour, except for the variable 𝑥40 (𝑈𝑤) that has higher 𝜎 than 

the remaining non-influential but since it  has very small overall influence (µ∗), its impact on the 𝑐𝑣(𝑅𝑀𝑆𝐸) is negligible. 

The screened parameters are: the solar factor 𝑔⊥(𝑥41) which varies the temperature by varying the solar heat gains; 

the infiltration rate in each main thermal zone (living-room, �̇�𝑆 (𝑥56) and rooms, �̇�𝑄1
(𝑥58) and �̇�𝑄2

(𝑥57)); the conductivity 

and thickness of the bricks, 𝑘𝑏𝑟𝑖𝑐𝑘𝑒𝑥𝑡
(𝑥9) and 𝑡𝑏𝑟𝑖𝑐𝑘𝑒𝑥𝑡

(𝑥8) which are both related to the heat transfer by conduction on the 

exterior walls; the density of the concrete 𝜌𝑐𝑜𝑛𝑐𝑟𝑒𝑡𝑒 (𝑥26) which affects the thermal inertia of the floor and ceiling; and finally, 

the stand-by electric equipment power 𝑃𝑠𝑏 (𝑥52), which affects the temperature because it is assumed to be releasing heat 

during the whole year. 
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These results were confirmed by using the same method with 100 trajectories, which showed only small differences 

on the overall sensitivity of the most important parameters that did not affect the results. Therefore, it was considered that 

the search domain was well sampled. 

 
Figure 1: Sensitivity measures using 50 trajectories 

For the calibration, the infiltration rates of each of the main divisions were kept constant in such a way that there 

was only one infiltration rate for the whole house (�̇�) so, only 6 parameters were tuned (i.e. 𝑡𝑏𝑟𝑖𝑐𝑘𝑒𝑥𝑡
, 𝑘𝑏𝑟𝑖𝑐𝑘𝑒𝑥𝑡

, 𝜌𝑐𝑜𝑛𝑐𝑟𝑒𝑡𝑒 , 𝑔⊥, 

𝑃𝑠𝑏 and �̇�) for the smallest 𝑐𝑣(𝑅𝑀𝑆𝐸). The feasible searching zone is defined in Table 1, with the same ranges of variation 

as in the sensitivity analysis (a larger range of variation was assigned to �̇� because the tracer-gas method seemed to over-

estimate the infiltration of the detailed model (�̇� = 2.17 ℎ−1)). 

Table 1: Calibration feasible searching zone 

 𝑡𝑏𝑟𝑖𝑐𝑘𝑒𝑥𝑡
(𝑚) 𝑘𝑏𝑟𝑖𝑐𝑘𝑒𝑥𝑡

(𝑊 𝑚⁄ . 𝐾) 𝜌𝑐𝑜𝑛𝑐𝑟𝑒𝑡𝑒(𝑘𝑔/𝑚3) 𝑔⊥ 𝑃𝑠𝑏 (𝑊) �̇�(ℎ−1) 

𝑥(𝑙) 0.016 0.528 582 0.592 28 1.09 

𝑥(𝑢) 0.024 1.05 1200 0.89 52 3.26 

This single-objective optimization problem was solved with the GA, using the Matlab® function -“ga”- available in 

the global optimization toolbox, with the default chromosome’s encoding, crossover, mutation and selection functions and a 

fixed 𝑝𝑐 = 0.9. Three different combinations of population sizes were tested to study the differences on the results between 

a small population (20 chromosomes) and populations with more chromosomes (50 and 100). The defined stopping criterion 

was the following: if there is no improvement on the fittest solution of each generation over 20 generations with a tolerance 

of ∆𝐹𝑜𝑏𝑗 = 10−2 % between the fittest chromosomes of the 20 generations, the GA stopped. 

The GA found approximately the same solutions with all population sizes and the minimum solution with 50 

chromosomes per generation, in which the 𝑐𝑣(𝑅𝑀𝑆𝐸) = 5.93 %. Although the error did not change considerably when 

comparing to the detailed model (only changed ≈ 1.4 %), the values of the most influential parameters varied significantly, 

in particular, the infiltration rate for the whole house, which is the variable with the largest variation (decreased almost in 

50 %). The values of the 6 tuned parameters for the calibrated solution are those presented in the Table 2. 

Table 2: Calibrated parameters of the detailed model 

 𝑡𝑏𝑟𝑖𝑐𝑘𝑒
(𝑚) 𝑘𝑏𝑟𝑖𝑐𝑘𝑒

(𝑊 𝑚⁄ . 𝐾) 𝜌𝑐𝑜𝑛𝑐𝑟𝑒𝑡𝑒(𝑘𝑔/𝑚3) 𝑔⊥ 𝑃𝑠𝑏(𝑊) �̇�(ℎ−1) 

detailed 0.20 0.79 891 0.74 40 2.17 

calibrated 0.24 0.73 1177 0.61 38.5 1.19 

The thermal comfort of the baseline, detailed and calibrated models, was evaluated with 𝑁𝑠𝑡𝑎𝑡𝑖𝑐0.7(%) and  

𝑁𝑎𝑑𝑎𝑝𝑡80%(%). The detailed model presents the highest cumulative number of discomfort hours followed by the calibrated 

model and with the most optimistic discomfort prediction is the baseline model (Table 3).  Both indicators show similar results 

for the detailed and calibrated models, but the 𝑁𝑎𝑑𝑎𝑝𝑡80% is considerably smaller than the 𝑁𝑠𝑡𝑎𝑡𝑖𝑐0.7 for the baseline model 

with a difference of 9.5 % hours in discomfort (which is equal to a difference of 456 hours). 
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Table 3: Adaptive and static comfort predictions of the three models 

 baseline detailed calibrated 

𝑁𝑠𝑡𝑎𝑡𝑖𝑐0.7(%) 30.7 44.1 41.1 

𝑁𝑎𝑑𝑎𝑝𝑡80%(%) 21.2 44.3 37.7 

4.2. Retrofit Analysis 

The considered retrofit measures are not only related to the replacement or introduction of new equipment but 

are also related to the settings of the HVAC equipment, more specifically the temperature and humidity setpoints, since these 

are known to have great influence on both thermal comfort and energy consumption (Magnier & Haghighat, 2010). Each 

considered measure is a decision variable of the proposed MOO problems, with different possible values within its range of 

variation. The variables can be binary, integer or continuous, depending on their nature. In this work, 12 decision variables 

were chosen, from which 1 is binary (𝑥11), 5 are integer (𝑥1, 𝑥2, 𝑥3, 𝑥4, 𝑥12) and the remaining 6 are continuous 

(𝑥5, 𝑥6, 𝑥7, 𝑥8, 𝑥9, 𝑥10): 

- The first two integer variables (𝑥1 and 𝑥2) are respectively related to the choice of the thickness of the insulation 

(for the exterior walls) and the choice of the type of windows. For these two measures, the option “0” is possible 

to occur, which is when the measure is not used. 5 different thicknesses of insulation were considered 

(𝑡 =  {0.02, 0.04, 0.06, 0.08, 0.12} (𝑚)) with 𝑘 = 0.03 𝑊/𝑚. 𝐾 (CYPE Ingenieros, 2018) and 8 types of windows 

are available for the variable 𝑥2, which are described by their 𝑈𝑤 and 𝑔⊥ (taken from (Costa, 2016)); 

 

- The variables 𝑥3 and 𝑥12 are integer variables related respectively to the efficiency of the HVAC system and to the 

efficiency of the DHW system. The HVAC system is always required to “remove the discomfort” of the household, 

so 𝑥3 ≠ 0, on the other hand, the variable 𝑥12 has the “0” option, which is when the DHW system is the original. 3 

types of HVAC systems were considered and taken from (CYPE Ingenieros, 2018) with different seasonal efficiencies 

(𝑆𝐶𝑂𝑃 and 𝑆𝐸𝐸𝑅) and other 3 DHW systems with different efficiencies (𝜂𝑤ℎ) were taken from (JUNKERS, 2018); 

 

- The binary variable (𝑥11) describes the choice of the lighting system. If 𝑥11 = 1, the current lighting (CFL lighting) 

will be replaced by a more efficient one (LED lighting), otherwise (𝑥11 = 0) the lighting system remains unchanged 

and no investment cost is considered. The luminous efficacy of both lighting systems was taken from (NREL, 2018). 

 

- The 6 remaining variables are the parameters related to the HVAC system control and their main objective is to 

optimize the use of the other variables. These are: 𝑥4 (integer variable) the pre-heating/cooling period before the 

occupancy (∆𝑡𝑝𝑟𝑒), 𝑥5 (continuous) the heating setpoint temperature during the heating season (𝑇𝐻
ℎ𝑠), 𝑥6 

(continuous) the deadband temperature during the heating season (∆𝑇𝑑𝑏
ℎ𝑠), 𝑥7 (continuous) the heating setpoint 

temperature during the cooling season (𝑇𝐻
𝑐𝑠), 𝑥8 (continuous) the deadband temperature during the cooling season 

(∆𝑇𝑑𝑏
𝑐𝑠) and finally, the dehumidification setpoints: 𝑥9 for the heating season ( 𝑅𝐻ℎ𝑠) and 𝑥10 for the cooling season 

(𝑅𝐻𝑐𝑠), both are continuous variables. All the boundaries of each of these “setpoint” variables are presented in the 

Table 4; 

Table 4:  Range of variation of the “setpoint” decision variables 

∆𝑡𝑝𝑟𝑒(𝑚𝑖𝑛) 𝑇𝐻
ℎ𝑠(℃) ∆𝑇𝑑𝑏

ℎ𝑠 (℃) 𝑇𝐻
𝑐𝑠 (℃) ∆𝑇𝑑𝑏

𝑐𝑠  (℃) 𝑅𝐻ℎ𝑠 (%) 𝑅𝐻𝑐𝑠 (%) 

[0;  60] [19;  23] [0.5;  3] [21;  26] [0.5;  3] [30;  60] [30;  60] 

Two different scenarios, corresponding to different MOO problems, were studied: 

1. The minimization of 𝑓(𝑋) = [𝐶𝐸 (𝑋); 𝐼(𝑋)] with 𝑁𝑠𝑡𝑎𝑡𝑖𝑐0.7(𝑋) = 0 %, i.e. the optimal retrofit solutions in terms of 

annual energy consumption 𝐶𝐸 and investment cost 𝐼, that satisfy the “zero discomfort” condition (𝑁𝑠𝑡𝑎𝑡𝑖𝑐0.7); 

 

2. The minimization of 𝑓(𝑋) = [𝐶𝐸 (𝑋); |𝑃𝑀𝑉|𝑎𝑣𝑔(𝑋)], i.e. the solutions with the maximum thermal comfort 

(minimum |𝑃𝑀𝑉|𝑎𝑣𝑔) and minimum annual energy cost, again with the no discomfort constraint; 

On the first problem, 𝐼(𝑋) [€] is the investment cost of the combination of measures (𝑋), 𝐶𝐸 (𝑋) [€/𝑦𝑒𝑎𝑟] is the 

annual energy cost, which includes the energy consumed in: lighting, HVAC and DHW. The final energy consumed in the HVAC 

and DHW systems is obtained externally to the BES program, simply by knowing: the efficiencies of the systems, the heating 

and cooling HVAC loads and finally, the useful energy for DHW. On both scenarios, the EnergyPlus is used to calculate the 
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thermal comfort (|𝑃𝑀𝑉|𝑎𝑣𝑔 and/or 𝑁𝑠𝑡𝑎𝑡𝑖𝑐0.7) and the HVAC heating and cooling loads (which are estimated by an ideal type 

of HVAC system on the EnergyPlus (EnergyPlus Engineering Reference, 2013)). The useful DHW energy is obtained through 

the standard calculation method (REH, 2013). 

The equality constraint (𝑁𝑠𝑡𝑎𝑡𝑖𝑐0.7 = 0) was handled with a penalty function approach which adds a term related to 

the infeasibility of the solutions to the original objective functions. This way, infeasible solutions are penalized, guaranteeing 

the Pareto fronts to have all the solutions with 𝑁𝑠𝑡𝑎𝑡𝑖𝑐0.7(𝑋) = 0 %, as it is shown in equation (4). 

𝐹𝑜𝑏𝑗,𝑖
𝑝𝑒𝑛 (𝑋) = {

𝐹𝑜𝑏𝑗,𝑖(𝑋)(1 + 𝑁𝑠𝑡𝑎𝑡𝑖𝑐0.7(𝑋)),                              𝑁𝑠𝑡𝑎𝑡𝑖𝑐0.7(𝑋) ≠ 0 %

𝐹𝑜𝑏𝑗,𝑖(𝑋),                                                                  𝑁𝑠𝑡𝑎𝑡𝑖𝑐0.7(𝑋) = 0 %
 

(4) 

To generate the Pareto front with the GA (more specifically with the Matlab function “gamultiobj”, which uses a 

controlled elitist variant of the NSGA-II), a large number of simulations must be performed, which involves a high 

computational effort, especially using annual simulations. Simplifications as those explained before would over-simplify the 

problem, so the simulation program was replaced by a surrogate model that approximates the outputs of the BES program. 

The artificial neural network (ANN) was chosen to derive this model, in particular to evaluate the HVAC heating and 

cooling loads (𝑄𝐻 and 𝑄𝐶) and the thermal comfort (𝑁𝑠𝑡𝑎𝑡𝑖𝑐0.7 and |𝑃𝑀𝑉|𝑎𝑣𝑔). For this, it was used the multi-layer perceptron 

network MLP, with 4 output neurons and 10 on the input layer. From the 12 decision variables of the MOO problems, only 9 

are assumed to have impact on the 4 outputs and so, the impact of the HVAC system (𝑥3), DHW system (𝑥12) and lighting 

type (𝑥11) was calculated externally to the ANN. Furthermore, the variable 𝑥2 (window type) was split in two variables (𝑔⊥ 

and 𝑈𝑤) because the ANN was found to present smaller errors if almost all the variables were kept continuous. 

To create the ANN model, the three following steps were followed:  

1. Obtain a sample of 2000 representative solutions, generated with the LHS, inside the domain of the problem; 

2. Train the ANN with the back-propagation method, using the Levenberg-Marquardt algorithm; 

3. Validate the network with a sample of 200 solutions (again, generated with the LHS) that were not used during the 

training; 

The transfer functions used in the neurons of the hidden layers were hyperbolic tangent sigmoid functions (to add 

non-linear behaviour to the network) and linear functions in the neurons of the output layer, which are typical of curve-fitting 

problems. All the inputs and targets were firstly normalized from [0;  1] and the network performance error (𝑀𝑆𝐸) was 

evaluated in this range. From several trials, the network configuration with the best performance and without significant 

over-fitting was a more complex geometry than it was expected, with 2 hidden layers: with 15 neurons on the first hidden 

layer and 11 on the second one. The training of this network stopped after 113 iterations with an overall 

𝑀𝑆𝐸𝑣𝑎𝑙𝑖𝑑 =  3.5 × 10−4. The validation outputs showed very good agreement with the targets, with values of 𝑅2 very close 

to 1 for each of the 4 outputs. Furthermore, the average validation errors (absolute error for 𝑁𝑠𝑡𝑎𝑡𝑖𝑐0.7 and relative error for 

the other variables) are very small for each output (Table 5). 

Table 5: average validation errors 

parameter 𝑁𝑠𝑡𝑎𝑡𝑖𝑐0.7 |𝑃𝑀𝑉|𝑎𝑣𝑔 𝑄𝐻 𝑄𝐶  

�̅�(%) 0,30 1,09 2,19 1,49 

4.2.1. First scenario 

The best solutions of the first scenario were found with a large population of 300 chromosomes, crossover and 

mutation probability respectively of 0.9 and 0.1 and after 2000 generations. All the 48 solutions of the Pareto front (Figure 

2 a)) are feasible solutions (with 𝑁𝑠𝑡𝑎𝑡𝑖𝑐0.7 = 0) and go from 3703 to 12907 € in terms of investment cost 𝐼, and from 280 

to 466 €/𝑦𝑒𝑎𝑟 in terms of annual energy cost, 𝐶𝐸. Two distinct areas with different slopes are visible in the Pareto front: one 

area with small investment costs (𝐼 ∈ [3703, 4488] (€)) in which small variations on the investment reduce largely the 

annual energy cost up to 355 €/𝑦𝑒𝑎𝑟 and another area with a smaller slope in which larger investment costs are needed to 

vary the annual energy cost. 

All the solutions under the blue line (Figure 2 a)) haver lower 𝐶𝐸 than the non-retrofitted model (𝐶𝐸 <  362 €) i.e. 

these are solutions that have annual energy savings, in which the energy spent in the HVAC to “remove the discomfort” starts 

to be compensated by the smaller energy consumption in lighting and DHW due to more efficient systems than in the original 

model. 



8 
 

a) b) 

4.2.2. Second scenario 

The solutions of the second scenario (Figure 2 b)) were found using the GA with the same configurations as in the 

first scenario (300 chromosomes, 𝑝𝑐 = 0.9,  𝑝𝑚 = 0.1 and 2000 generations). All the solutions found in this optimization 

have the most efficient HVAC, DHW and lighting system (i.e. 𝑥3 = 8, 𝑥12 =  3, 𝑥11 =  1), the windows with the best thermal 

performance (𝑥2 = 8) and the insulation with the highest thickness (𝑥1 = 5), which means that they all have the same 

investment cost (𝐼 = 12907 €). 

In all the solutions of Figure 2 b), from the right to the left, the HVAC settings make the thermal comfort increase 

(decreasing the |𝑃𝑀𝑉|𝑎𝑣𝑔) at the cost of increasing the HVAC energy consumption (i.e. increasing the 𝐶𝐸). The Pareto front 

in Figure 2 b) shows two areas approximately linear but with different slopes. The first area, with higher |𝑃𝑀𝑉|𝑎𝑣𝑔 (dashed 

ellipse on the right, in Figure 2 b)), has the smallest slope and suggests that a small increase on 𝐶𝐸 lead to high reduction of 

the |𝑃𝑀𝑉|𝑎𝑣𝑔 (up to approximately |𝑃𝑀𝑉|𝑎𝑣𝑔 = 0.14), while the second area (dashed ellipse on the left) shows that even 

higher thermal comfort is possible to obtain (up to |𝑃𝑀𝑉|𝑎𝑣𝑔 = 0.118), but with a much larger increase on the HVAC energy 

consumption. This means that the energy consumption can vary significantly even without significant improvements on the 

thermal comfort. 

  

Figure 2 a) and b): Retrofit solutions of the first (a) and second scenarios (b) 

4.2.3. Baseline, detailed and calibrated models 

All the solutions of a Pareto front are equally optimal, so it is up for the decision-maker (DM) to evaluate them and 

choose what is the solution that best fits his project. The DM might want to choose a solution that, for instance allows to 

have thermal comfort all the time and to save a specific amount of money each year. It is then fundamental to include in the 

retrofit project a set of optimal solutions that can make the most accurate approximation of what will happen in the reality 

in terms of thermal comfort and operational cost, which can be achieved with a calibrated model. To understand what are 

the implications of choosing the retrofit solution based on a model that is not calibrated, two scenarios are proposed: the 

first is if the retrofit solution had been chosen based on the baseline model and the second, based on the detailed model. The 

proposed criterion for choosing the solution considering the two scenarios is: the solution with the minimum investment that 

matches the annual energy cost of the original model. 

To perform this analysis, both baseline and detailed models were also replaced by an ANN with small validation 

errors, using the same procedure as it was used for the calibrated model. Then, the GA was used (with 300 chromosomes, 

𝑝𝑐 = 0.9 and  𝑝𝑚 = 0.1 and 2000 generations) to obtain the Pareto fronts of the two models with the minimum 𝐼 (€) and 

𝐶𝐸  (€/𝑦𝑒𝑎𝑟) and with 𝑁𝑠𝑡𝑎𝑡𝑖𝑐0.7 = 0 %. 

The results (presented in Figure 3) show that the three curves have similar shapes, but the detailed model front 

over-estimates the annual energy cost in approximately 30 €/𝑦𝑒𝑎𝑟 comparing to the calibrated model, which can be 

explained due to the variations on the 6 calibrated parameters (Table 2) that overall decreased the heating and cooling loads. 

Conversely, the baseline model under-estimates 𝐶𝐸 in ≈ 25 €/𝑦𝑒𝑎𝑟. This was the model that largely under-estimated the 

thermal comfort, so it was expected that the optimal retrofit solutions to “remove the discomfort” have also low HVAC energy 

consumption. 
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If the solution was based on the curve of the baseline model, the DM would choose the solution “Sb”, from Figure 

3, which requires an investment of approximately 3872 € (investment on the least efficient HVAC system (𝑥3 = 1), LED 

lighting system (𝑥11 = 1) and natural gas tankless boiler for DHW with 𝜂ℎ𝑤 = 0.76 (𝑥12 = 1)). The same solution, but 

evaluated by the calibrated model, estimates an annual energy cost of 375 €/𝑦𝑒𝑎𝑟 and 𝑁𝑠𝑡𝑎𝑡𝑖𝑐0.7 ≈ 1.4 %, i.e. no savings 

would occur and 67 ℎ would have discomfort. This represents a loss of comfort and annual savings that would not occur if 

the DM would have chosen the solution based on the calibrated model’s front. Although the increase of the energy cost 

would not substantial (up to 17 €/𝑦𝑒𝑎𝑟), the loss of comfort could reach up to 143 ℎ, which is a considerable amount of 

time in which the conditions would not be acceptable. 

If, instead of the baseline model, the project had been based on the detailed model (with more detailed information 

on the actual properties of the house), the solution would be the first point below the grey line (Figure 3), i.e. solution “Sd”, 

which requires 𝐼 = 6238 € and has 𝐶𝐸 = 358 €/𝑦𝑒𝑎𝑟. The same solution, when evaluated by the calibrated model, has 

𝑁𝑠𝑡𝑎𝑡𝑖𝑐0.7 ≈ 0 %, but a smaller 𝐶𝐸 (in ≈ 32 €/𝑦𝑒𝑎𝑟). Although this solution would have smaller energy cost than it was 

expected, the DM invested on a much more expensive solution than he would need, based on the proposed criterion. If, with 

the same criterion the solution was based on the calibrated Pareto front, the investment required would be much smaller: 

instead of 6238 €, the DM would choose a solution that has approximately zero savings and 𝐼 = 4379 € (solution “Sc”, in 

Figure 3) and therefore would save 1859 € of investment.  

 

Figure 3: Pareto fronts of the detailed, baseline and calibrated models (first scenario) 

5 Conclusions, limitations and future work 

To perform the calibration, it was used the GA, which has proven to be a powerful tool in automated calibration 

procedures, since only a few number of generations were needed to stop the GA with a very small error. In order to reduce 

the order of the optimization problem, the elementary-effects method was used, which allowed to exclude 87 % of the 

variables of the model due to their small influence on the error. Although the overall error of the model did not evolve 

considerably, the small variation of approximatelly 1.4 % of the 𝑐𝑣(𝑅𝑀𝑆𝐸) was sufficient to calibrate the most influential 

parameters in such a way that both models (detailed and calibrated) have substanctial differences of the thermal comfort 

predictions, with a difference on the discomfort of 144 ℎ given by the static model and 317 ℎ given by the adaptive model. 

For the second part of the work, the use of the artificial neural network was fundamental to develop a surrogate 

model to mimic the behaviour of the EnergyPlus. Even with a static ANN like the MLP, the validation errors were found to be 

very small compared to the EnergyPlus, so the Pareto solutions are believed to be very close to optimality. The Pareto fronts 

generated - with 300 chromosomes and 2000 generations - took approximately 1.5 ℎ each and required 6 × 105 evaluations 

of the network. The same number of simulations but using the EnergyPlus was estimated to take the infeasible computational 

effort of 153 days/optimization. 

The difference on the curves of Figure 3 indicates that different models of the same household, with a different 

uncertainty degree, can lead to a set of solutions that over-estimate (i.e. detailed model) or under-estimate (baseline model) 

the annual energy cost. Since the decision-making process may consider this cost, trusting the retrofit project on a model 

250

300

350

400

450

500

550

3000 5000 7000 9000 11000 13000

C
E

(€
/y

ea
r)

I (€)

detailed model

calibrated model

baseline model

Non-retrofitted model

b c d 
Sb Sd Sc 



10 
 

that was not calibrated can lead to bad investments (on the case of the detailed model). It may also lead to higher annual 

costs than it was expected or even to the existence of thermal discomfort (baseline model). 

The main limitation of this calibration process is related to the infiltration rate, which was considered equal for the 

all thermal zones of the house and constant through the whole year. This simplification ignores, for example, occasional 

windows or doors’ openings, which vary the reneweable air rate (through natural ventilation). Although this effect was 

neglected, the infiltration air rate parameter may be seen as an average renewable air rate that accounts for the overall effect 

of natural ventilation. 

Some other limitations of this work include the simplifications that were made when modelling the HVAC and DHW 

system that affect both energy consumption and thermal comfort. In the MOO problems, the choice of the HVAC and DHW 

systems was reflected only on different efficiencies, which affect in an simplified way the heating and cooling loads (calculated 

through the EnergyPlus with an ideal HVAC system) and also the usefull energy for DHW (calculated with the legal standard 

method). An interesting future study would be to model with more detail the HVAC and DHW in order to, more accurately, 

search for the optimal retrofit solutions on a calibrated model. 
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