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Abstract 6 

During the design phase, it can be of great value to quantify the performance robustness of proposed building 7 

designs in order to arrive at buildings that deliver the desired performance over their lifespan. Design-support 8 

approaches that take performance robustness into account need to find appropriate ways of transforming the 9 

large number of unknowns in future scenarios regarding building operation and external conditions into 10 

actionable information for decision-makers. Many robustness assessment methods for environmental impact 11 

and indoor comfort are currently available, but there is very little guidance about the suitability of these methods 12 

under different conditions. Through the use of a mixed-methods research approach, combining cross-disciplinary 13 

literature review and a simulation-based case study, this article aims at comparing different approaches for 14 

analyzing the propagation of uncertainties and their impact on building performance in a systematic manner.  15 

Different uncertainty sources are reviewed and the characteristics of different reasons and corresponding metrics 16 

to quantify the impact of these uncertainties are analyzed. The findings are complemented by results from a 17 

simulation study that highlights the usefulness of scenarios as formulated alternatives in cases when probabilities 18 

of occurrence are unknown. Moreover, the wide application potential of considering performance robustness is 19 

illustrated by demonstrating how the choice for a metric that is either based on performance spread or on 20 

performance regret can be matched in response to the risk-taking attitude of different decision makers.  21 

Keywords: Uncertainties; scenarios; performance prediction; robustness assessment; design decision making; 22 

robust designs. 23 

Highlights: 24 

 Scenarios can be used as formulated alternatives for robustness assessment under uncertain situations. 25 

 The max-min method can be used when risk of failure of a design is very high. 26 

 The minimax regret method is suitable when decision makers can accept certain range of performance 27 

variation (risk). 28 

 Designers and consultants can use presented methods to design robust low-energy buildings.  29 
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1. Introduction 30 

The operational performance of buildings (e.g. energy bills and comfort conditions) is influenced by a multitude 31 

of dynamic factors, including occupant behaviour [1], future climate [2] and economic factors [3]. At the time of 32 

designing a building, it is unknown how these influences will unfold and what the longitudinal performance of 33 

the building will be [4]. When communicating about building performance targets during the design phase, it is 34 

therefore necessary to make assumptions regarding such scenarios. The use of building performance simulation 35 

(BPS) is a valuable tool in this context, as it can assist decision-making by enabling quantitative comparisons 36 

between design intent and the predicted performance of various design variants [5,6]. Typically, BPS users make 37 

use of a single scenario to describe various operational and external aspects such as occupancy patterns, 38 

temperature setpoints, plug loads, weather conditions, etc. Such scenarios are usually based on empirically-39 

derived educated guesses, but they often need to rely on incomplete knowledge and approximations. As such, 40 

there is a reasonable chance that the actual conditions will differ from the assumed or nominal scenario, resulting 41 

in possible deviations between predicted and actual performance [7]. 42 

In low-energy buildings, these deviations are a serious concern, as their performance is very sensitive to such 43 

uncertainties [3,8,9]. On the other hand, buildings can also be designed to have a relatively high tolerance to 44 

uncertainties. Buildings with this characteristic are said to be robust, but tend to rely on oversized systems that 45 

require high investment and operating costs [10] and invariably lead to environmental impacts. Despite these 46 

concerns, uncertainties are rarely considered in the design process of buildings, and hence the decision making 47 

processes may inadvertently result in designs that are sensitive to uncertainties and that might not deliver desired 48 

performance in operation [11,12]. Therefore, during the design process, it is important to quantify the impact of 49 

uncertainties [13] to reduce the performance gap between measured/actual and predicted/simulated performance 50 

[14] to ensure the desired performance over the building’s life-span [15] and to enhance confidence in design 51 

decisions [16]. 52 

Literature shows that uncertainty analysis techniques, in conjunction with BPS, can be a suitable methodology to 53 

quantify the impact of uncertainties on building performance [17,18]. However, in previous work, the propagation 54 

of uncertainties has typically been carried out for other purposes, such as model calibration [19,20], overheating 55 

risk assessment [21,22] or for deriving confidence intervals in early design decisions [23]. There are limited studies 56 



that focus on quantification of the impact of foreseen and unforeseen uncertainties on building performance [13] 57 

or on the consideration of this impact on design decision-making under uncertainties [3,12,24]. More research is 58 

needed to understand whether uncertainty analysis techniques that were developed for other purposes, within 59 

and outside the building engineering domain, can be applied or adapted to conduct building performance 60 

robustness studies.  61 

In previous research on robustness assessment approaches in the building performance context, the most 62 

commonly used approaches for decision making under uncertainty have relied on probabilistic methods 63 

[9,23,24]. A main drawback of these approaches is that they require probabilistic distributions of uncertain 64 

parameters. However, in many cases in which robustness is concerned, the designer has limited to no 65 

information about the likelihood of the occurrence of uncertain situations, and it is thus difficult to quantify the 66 

associated risks [25]. In such cases, non-probabilistic robustness assessment based on scenario analysis is 67 

essential to integrate uncertainties in performance assessment and it was previously shown that this technique 68 

can enhance decision making under uncertainty compared to probabilistic approaches [3]. In the non-probabilistic 69 

approach, scenarios are used as formulated alternatives for uncertainties. The purpose of using scenarios is to 70 

gain an improved understanding of the impact of uncertainties to facilitate decision making during the design 71 

selection process with the goal of choosing a design that is robust to a variety of possible future situations [26]. 72 

However, there is currently no coherent understanding of the different types of uncertainty sources, and there is 73 

no existing comparative analysis of quantification methods and of the suitability of indictors to quantify 74 

robustness to make informed design decisions. To fill this research gap, the current research aims at the 75 

comparison of different robustness assessment methods using scenario analysis to aid end users in identifying 76 

appropriate robustness indicator to design robust low-energy buildings that are capable of delivering desired 77 

performance under uncertain situations. These methods are also compared with commonly used probabilistic 78 

robustness approach. 79 

The objective of this paper is to present a state-of-the-art overview related to uncertainty sources and analysis 80 

techniques, and to illustrate, using a case study, how the impact of uncertainties on building performance 81 

predictions can be quantified, with specific focus on robustness assessment methods using scenario analysis. 82 



Three questions, as shown in Figure 1, pertinent to building performance prediction under uncertainties, are 83 

used to address this objective:  84 

i. Why is performance prediction under uncertainty necessary? 85 

ii. What are the different uncertainty sources that can impact building performance predictions, and what 86 

are the different robustness assessment methods available to quantify the impact of uncertainties on 87 

building performance predictions? 88 

iii. How can the impact of uncertainties be quantified using appropriate robustness assessment methods 89 

with a focus on using scenario analysis, and how can this information be used to allow for better-90 

informed decisions? 91 

 92 

 93 

Figure 1 Building performance robustness prediction: Why? What? How? 94 

This paper is split into two main parts; a theoretical part and a demonstration part. Section 2 presents the research 95 

methods that are used to answer three questions concerning performance robustness prediction. Section 3 96 

reviews different uncertainty sources and identifies the major uncertainty types that impact building 97 

performance. In addition, the characteristics of different metrics available in literature to quantify the impact of 98 

these uncertainties are contrasted. Then, different robustness assessment methods that quantify the impact of 99 

uncertainties are presented (Section 3). 100 
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In the second part, selected robustness assessment methods are adopted in the present context for scenario 101 

analysis and are then demonstrated through a residential building case study with both homeowner and 102 

policymaker as stakeholders in the design process (Section 4). In addition, selected robustness assessment 103 

methods are compared to aid designers and consultants to identify appropriate methods for designing robust 104 

low-energy buildings. The paper concludes by outlining practical implications of uncertainty analysis in building 105 

performance predictions and explaining how this quantification of robustness can enhance design decision-106 

making processes (Section 5). 107 

2. Methodology 108 

This paper follows a mixed-methods research approach combining literature review and a simulation-based case 109 

study (Figure 2). 110 

Firstly, literature review is conducted to identify different uncertainties that impact building performance as well 111 

as corresponding methods to quantify the impact of uncertainties. Similarly, literature review is carried out in the 112 

building performance context and adjacent fields to select suitable robustness assessment methods. Literature 113 

review is carried out through Google scholar, Mendeley and Scopus using “uncertainty”, “building performance 114 

prediction”, “building simulation”, “sensitivity analysis”, “scenario analysis”, “robustness assessment” and 115 

“robustness indicators” as main keywords. Journal papers are prioritized followed by peer reviewed conference 116 

papers. While reviewing robustness assessment related research, papers in building performance robustness 117 

assessment are prioritized. Due to limited available research in this field, the literature review is extended to 118 

adjacent fields such as structural design, operations research, manufacturing engineering etc. where robustness 119 

and risk assessment is frequently conducted. 120 

A non-probabilistic robustness approach based on scenario analysis is used in this research. The selected 121 

robustness assessment methods are adopted in the present context using scenario analysis. The selected methods 122 

are then demonstrated using a case study to assess their applicability and to aid end users in addressing 123 

aforementioned questions of robustness assessment. The performance and robustness are predicted using 124 

building performance simulations. The building and energy system simulation model is developed using 125 

TRNSYS and in combination with MATLAB, performance robustness is assessed. The design decision making 126 

is carried out considering robustness among other performance indicators to highlight the importance of 127 



robustness, to allow for better-informed decisions and to aid decision makers in identifying robust low-energy 128 

building designs. The merits of using scenarios instead of probabilistic approaches are highlighted by comparing 129 

the selected robustness assessment methods for scenario analysis with that of commonly used methods (e.g. 130 

mean and standard deviation) in literature. Robustness assessment methods are compared to aid designers and 131 

consultants to identify the appropriate method to design robust low-energy buildings that are able to deliver the 132 

desired performance during operation, thereby improving end users’ satisfaction. 133 

 134 

Figure 2 Methodology implemented based on mixed method research approach combining literature review and 135 
simulation-based case study to address what, why and how of performance robustness prediction. 136 

3. Review on performance prediction under uncertainties 137 

3.1 Need for integration of uncertainties in building performance prediction 138 

Uncertainties abound in building design and operation. Depending on the requirements of the stakeholder and 139 

the stage in the building life-cycle, different sources of uncertainty play a role, and different uncertainty analysis 140 

techniques can be used to quantify their impact for the task at hand. In 2018, Tian et al. [14], published an 141 

extensive review of important topics regarding uncertainty analysis in building energy assessments, focusing on 142 

data sources, quantification methods, applications and software. Some of the most frequently encountered 143 

purposes of quantifying uncertainties using BPS include: uncertainty perturbation for improving model structure 144 



and for model calibration [19,20,27,28], overheating risk assessment considering uncertain weather and 145 

occupancy impacts [21,22,29], and enhancing the design decision-making process and early-phase design support 146 

by considering undecided design parameters as uncertainties [3,12,23,24,30–32]. 147 

In the past decade, performance prediction under uncertainties has become increasingly common to address the 148 

aforementioned purposes. However, there is also a growing need to address other purposes, such as: 149 

 To propose robust energy concepts that can withstand uncertainties in the future; e.g. robust net-zero 150 

emission building concepts [33]; and robust passive cooling concepts [34]. 151 

 To address the shortcomings of sustainability frameworks regarding robustness of buildings arising 152 

from the fact that these frameworks do not consider uncertainties in occupant behavior, climate change 153 

etc. [35]. 154 

 To reduce the performance gap between measured and predicted performance as suggested by de Wilde 155 

[7], and to ensure the desired performance not only in the near future but over building’s life-span [15]. 156 

 To evaluate the robustness of innovative building elements such as adaptive building facades with respect 157 

to uncertainties in occupant behavior and weather conditions [36]. 158 

 To assess robustness of designs considering multiple performance criteria under uncertainties arising 159 

from the building’s operation (e.g. occupant behavior) and from external factors (e.g. weather conditions) 160 

in order to enhance confidence in design decisions [16]. 161 

 To optimize building performance under uncertainty considering a large number of uncertain factors at 162 

the design phase to reach robust low-energy building designs [18]. 163 

3.2 Uncertainty sources impacting building performance and identifying major uncertainty sources 164 

The different purposes for analysing the propagation of uncertainties require different sources of uncertainty to 165 

be considered. The main sources of uncertainties in building performance predictions [19] are: 166 

i. Modelling uncertainties, which arise due to simplification of complex physical processes. 167 

ii. Numerical uncertainties, which arise due to considered numerical methods and model discretization. 168 

iii. Input uncertainties, which arise due to unknown or uncertain parameter values. 169 



Typically, practitioners are interested in building designs that are least sensitive to these uncertainties and 170 

therefore, performance optimization under uncertainty [37] should consider all influential parameters. For 171 

instance, Beyer and Sendhoff [38] stress the need to take into account different uncertainty sources that may arise 172 

during the design process, such as uncertainties in environmental and operating conditions, and design 173 

parameters [39]. This approach has been implemented recently in the building performance context [40]. 174 

However, it is acknowledged in the literature that fit-for-purpose modelling is essential to reduce modelling 175 

uncertainties, for instance, in the case of systems modelling [41] and occupant behaviour modelling [42]. In many 176 

studies, the influence of modelling and numerical uncertainties is negligible as the physical model, spatial 177 

discretization and time steps for prediction are assumed to be correctly chosen. In addition, literature reveals that 178 

variations in input parameters [43] such as occupant behavior and weather conditions are among the major factors 179 

that influence building performance [1,2,8,18,44,45]. Therefore, the primary focus of this study is also on the third 180 

category: input uncertainties. There are many sources of input uncertainties that can influence building 181 

performance, and these input uncertainty sources are broadly categorized in two types [30,40,46–48]: 182 

1. Epistemic uncertainties, which arise due to a lack of knowledge about a variable/system property. 183 

2. Aleatory uncertainties, which arise due to the intrinsic randomness of a variable/system property. 184 

In practice, both epistemic and aleatory uncertainties are simultaneously present [49] and the choice of 185 

categorizing uncertainties as epistemic or aleatory depends on the modeller [48]. In the present context, 186 

uncertainties are categorized based on their nature into different groups, as shown in Figure 3.  187 



 188 

Figure 3 Classification of uncertainty sources that are typically integrated in building performance simulations. 189 

The impact of epistemic uncertainties can be reduced by gathering more detailed information. Extensive studies 190 

have been carried out by integrating epistemic uncertainties into building performance simulations, for example 191 

uncertainties in thermo-physical parameters such as thermal conductivity, density, thermal capacity of building 192 

materials etc. [9,19,30,45,50–53]; infiltration [20,30,45,50] etc. Conversely, aleatory uncertainties cannot be 193 

reduced or avoided and therefore, must be confronted in the performance prediction [54]. Extensive studies have 194 

been carried out on aleatory uncertainty sources and particularly on occupant behaviour, which is considered a 195 

major factor causing variations in building performance predictions [1]. This is evident as there is a large increase 196 

in recent studies addressing occupant behaviour uncertainties in building performance prediction [7–197 

9,44,50,53,55–61]. Similarly, much research effort has been directed at uncertainties in weather data and climate 198 

change [2,27,56,61–66] and also economic uncertainties [3,15,67–69]. This study also focuses on aleatory 199 

uncertainties and these uncertainties are integrated in performance assessment through scenario analysis. 200 

3.3 Metrics to quantify the impact of uncertainties 201 

Many different metrics are used in literature to describe the ability of a system to deliver performance in an 202 

uncertain environment [70,71]. Commonly-encountered metrics in structural design, manufacturing 203 

engineering, aerospace engineering and operations research include reliability, robustness, resilience, flexibility 204 

and adaptability. Across the different science and engineering disciplines, there tends to be some semantic 205 

disagreement about the meaning and relationships between the various terms. For example, robustness and 206 
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resilience are often used interchangeably to assess long-term performance under uncertainties [72,73]. This is 207 

also the case with flexibility and adaptability [74–76]; and with robustness and reliability [62,77,78]. Finding an 208 

appropriate and relevant method based on the requirements of a project is a laborious task for a designer. 209 

Furthermore, there is a growing need for integration of such metrics in the building performance context 210 

[2,16,35].  211 

Uncertainty mitigation approaches differ greatly in the range of uncertainties considered and in their ability to 212 

perform under these uncertainties [71]. For instance, reliability is used to assess whether the system consistently 213 

performs in accordance with the designed conditions under expected uncertainties in operation [71]. Since 214 

reliability does not consider uncertainties in external factors, which are crucial in the performance assessment of 215 

buildings over their lifespan, it is not considered in this work. Similarly, flexibility and adaptability are not 216 

considered suitable assessment methods, as adaptive (i.e., changeable or reconfigurable) building elements are 217 

not commonly encountered in the dwelling stock. In addition, uncertainties in unexpected conditions that are 218 

typically included in resilience assessment such as natural disasters are not considered in this study. Therefore, 219 

the most relevant assessment method is robustness as it considers uncertainties in operation and uncertainties 220 

arising from external factors. Robustness, in this work, is defined as follows: 221 

Robustness is the ability of a building to maintain the desired performance under uncertainties in building operation 222 

such as occupant behavior and in external conditions such as weather conditions [25]. 223 

3.4 Robustness assessment in adjacent fields 224 

Robustness is often understood as a statistical approach that can be used to reduce errors due to uncertainties 225 

[79]. Genichi Taguchi, who is considered the father of robust design [38], proposed a robust design approach 226 

using a signal-to-noise ratio measure to reduce variations in output (signal) due to uncertainties (noise). With the 227 

advent of the robust design concept, the robustness approach has become a powerful tool in many fields including 228 

physics [80]; analytical chemistry [81]; biology [82]; manufacturing engineering [83]; software engineering [84]; 229 

networks [85] and other fields [86,87]. A few selected methods for robustness assessment are illustrated below. 230 

The Taguchi method, developed around 1950, and further improved methods [88,89] are used to ensure a 231 

designed product performs as intended, irrespective of uncertainties that can occur over its life-span such as 232 



uncertainties in design, manufacturing and operation [77]. According to the Taguchi method, a robust design is 233 

one with minimum variation around the target value, where the target value can be a specific nominal value, or 234 

zero or infinite. In summary, mean and variance are used as robustness indicators based on the Taguchi method. 235 

These indicators may not be preferred in all cases, especially for scenario analysis. As noted earlier, scenarios are 236 

used as formulated alternatives to integrate uncertainties in the design process and in such cases, taking mean 237 

performance of a design across all scenarios eventually nullifies the concept of formulating alternative futures. It 238 

is therefore important to assess how a design performs in each of the formulated alternative futures in order to 239 

find a design that has the ability to deliver desired performance in these alternatives [26]. 240 

To overcome this difficulty, different robustness assessment methods using scenario analysis have been 241 

implemented [90,91]. In these implemented methods, the performance of a design is assessed for each scenario 242 

and robust designs, for instance, are those with the best possible performance even in the worst-case scenarios 243 

or those that perform close to optimal performance in each scenario using different methods. Moreover, actual 244 

performance in addition to robustness is essential in robust design selection. For instance, Wang et al., (2014) 245 

proposed three different approaches to achieve robust designs; by giving equal priority to actual performance and 246 

robustness, or by prioritizing robustness as a primary criterion, or by prioritizing robustness as a secondary 247 

criterion. In their study, robust designs are achieved considering actual performance as the primary criterion and 248 

robustness as the secondary criterion. However, to achieve realistic robust designs, both actual performance and 249 

robustness should be treated equally, or a trade-off between these two can be implemented, as presented in [92]. 250 

This method allows end users to trade-off between actual performance and robustness. Robustness assessment 251 

in building performance context 252 

An overview of different studies on building performance robustness assessment is presented in Table 5 253 

(Appendix A1). Hoes et al., [8] was the first study that implemented the Taguchi method in the building 254 

performance context. This research used relative standard deviation (ratio of mean to standard deviation), which 255 

is similar to signal to noise ratio, as the robustness indicator. Using this method, a design with robust energy and 256 

comfort performance was identified among six designs with respect to uncertain user behavior. The identified 257 

robust design resulted in very high indoor temperatures. Therefore, the authors concluded that it is important to 258 

consider absolute performance in addition to relative robustness. However, in most studies on this topic [12,93–259 



97], the trade-off between robustness and actual performance in the design selection process is not made explicit 260 

and robustness is often prioritized (see Table 5 in Appendix A1). As discussed earlier, it is important to consider 261 

both actual performance and robustness in the design decision-making process [92], otherwise this process may 262 

result in unrealistic designs such as glass houses or concrete bunkers, as pointed out by [98]. 263 

Chinazzo et al., [99] and Gelder et al., [9] used both actual performance and robustness in identifying robust 264 

designs. The energy saving index and effectiveness indicators were used to assess actual performance in these 265 

two studies respectively. In addition, these two studies used different robustness indicators for robustness 266 

assessment. However, in the former study, predefined weights were used for standard deviation, and for the data 267 

interquartile region, which were part of the robustness indicator. These predefined weights will vary based on 268 

performance requirements and the preferences of the decision makers, and as such require knowledge from 269 

decision makers. In the latter study, the robustness indicator considering percentile distributions was used. This 270 

indicator can overcome the unreliability issues with data outliers, as reported in [30]. In the latter study, even 271 

though actual performance was considered in the design decision-making process, details of actual performance 272 

are not given. Therefore, in this approach, it is hard to distinguish between similar performing designs, especially 273 

when a large design space is considered as indicators range only from 0-1. Furthermore, in this study, the 274 

scenarios were considered in a probabilistic assessment, in which the probabilities of the occurrence of the 275 

considered scenarios are unknown.  276 

In such cases, scenarios can be used as an alternate approach and even for such cases, mean (and variance) across 277 

scenarios has been considered, as observed in the robustness assessment of energy retrofits for future climate 278 

scenarios [100] and as the robustness indicator used in design robustness optimization [101]. However, this 279 

approach is debatable as the likelihood of a scenario is usually unknown. So, in effect, taking the mean across all 280 

scenarios does not capture the impact of each scenario since taking the mean effectively flattens out the results. 281 

This issue can be avoided by using a non-probabilistic approach, for instance as implemented in [3] and [43] to 282 

identify robust designs using scenario analysis (Table 5 in Appendix A1). In the former study, Wald, Hurwicz and 283 

Savage criteria are used to identify robust designs, and it was found that using these methods made it is easy to 284 

identify robust designs from within a large design space. However, as in many cases, some of the methods 285 

implemented also consider only robustness in the identification of robust designs; trade-offs between robustness 286 



and actual performance are not explicit. In the latter study, the best-case and the worst-case method is used to 287 

find robust designs using scenario analysis. However, this approach represents only a conservative type of 288 

decision-making attitude.  289 

It is evident from the literature review (see Table 5 in Appendix A1) that robustness assessment using scenario 290 

analysis is rarely addressed, and often mean and variance are used for robustness assessment across scenarios. 291 

In addition, most of the reported work considered only robustness in the design selection process, which resulted 292 

in designs with unacceptable ‘actual’ performance. To fill this research gap, the next Section presents a 293 

comparison and adaption of selected robustness assessment methods for scenario analysis that are used in 294 

different fields such as the building performance context [3,25,94], operations research [90,91,102,103], 295 

manufacturing engineering [104] etc. and demonstration of selected methods using a case study. 296 

4. Comparison and demonstration of selected robustness assessment methods using a case study 297 

4.1 Selected robustness assessment methods for scenario analysis 298 

The choice of a robustness assessment method depends on the purpose of the study and on the decision makers’ 299 

attitude towards risk acceptance in the decision making process [12,105,106]. In practice, various decision makers 300 

with different attitudes towards risk acceptance are involved in a project. Therefore, it is important to select 301 

appropriate methods that cater for different risk-taking approaches of decision makers. It is found that the max-302 

min method, a conservative approach, and the minimax regret method, a less conservative approach [90,105] are the 303 

most commonly used methods for robustness assessment using scenario analysis [91]. The best-case and worst-304 

case method, the most conservative approach [86] based on the pessimistic approach by Hurwicz [107] has 305 

previously been implemented in the building performance context [12,43]. 306 

The max-min method, the best-case and worst-case method, and the minimax regret method are used for robustness 307 

assessment in the present context, as they represent different risk-taking approaches. These methods are 308 

compared with mean and standard deviation, the widely used robustness indicators based on Taguchi method.  309 

It is worth noting that the selected methods are compared for a fixed set of scenarios in the next section and also 310 

in the case study section. A fixed set of scenarios is used to allow a fair comparison among the selected methods 311 

and also in order to identify robust designs from a design space, each design has to be subjected to the same set 312 

of scenarios. However, if the number of scenarios is different for each method, then it might have considerable 313 



impact on the robustness indicators and corresponding most robust design for a particular method (See Appendix 314 

A2 for illustration).  315 

4.2 Adaption of selected robustness assessment methods in the present context 316 

This section illustrates the selected methods using a simple example with annual overheating hours (h/a) as the 317 

only performance indicator; in section 4.3, a more realistic case with multiple performance criteria is considered. 318 

The objective is to minimize the overheating, and robustness is calculated accordingly. The calculation approach 319 

that is used in these methods to find the most robust design is presented in Table 1. 320 

i. The max-min method 321 

In this method, the performance spread is used as the robustness indicator of a design, and is defined as the 322 

difference between maximum performance and minimum performance across all considered scenarios [108]. 323 

This is illustrated using an example, as shown in Figure 4, by comparing the annual overheating hours of three 324 

imaginary designs across three scenarios. For design A, scenario 1 results in maximum overheating and scenario 325 

3 yields minimum overheating, resulting in a spread of 20 h/a of overheating. Similarly, design B and design C 326 

have overheating spreads of 20 and 30 h/a. Comparing these spreads, design A and design B are equally robust 327 

as they have the least spread of overheating hours. But, design A results in very high overheating hours and as 328 

such is not the preferred robust design. Therefore, design B is the most preferred robust design. 329 

 330 

Figure 4 Calculation of spread of overheating hours for three imaginary designs for the considered scenarios. 331 
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It is worth noting that in this method, robustness of a design is calculated without any inter-comparison between 332 

designs, and scenarios causing maximum and minimum performance for a design are considered for robustness 333 

assessment.  334 

ii. The best-case and worst-case method 335 

This method aims at finding robust solutions that have the best performance even in the worst-case scenario [86], 336 

which is similar to the pessimistic approach in the Hurwicz method [107]. In this method, performance deviation 337 

between the worst-case performance of a design and the best-case performance of all designs across all scenarios 338 

is used as a measure of robustness. This method is adopted from [12,43] and the definition of performance 339 

deviation is adjusted here by considering the performance of all designs across all scenarios to find the best-case 340 

performance, unlike the predefined best-case as in [43]. For instance, to find the best-case performance, the 341 

annual overheating hours of three imaginary designs across three scenarios is compared in the example shown 342 

in Figure 5; here, the best performance (i.e. lowest overheating hours) is achieved by design B for scenario 2. The 343 

worst-case performance for design A is caused by scenario 1 and results in a deviation of 80 h/a of overheating. 344 

Similarly, for design C, the deviation is 30 h/a, which is caused by scenario 2. Comparing these deviations, it is 345 

clear that design B is the most robust to overheating as it has the least deviation of overheating hours. 346 

Furthermore, design B is also the preferred robust design as it has better actual performance i.e. less overheating 347 

hours. 348 

In contrast to the max-min method, this method considers all scenarios for performance robustness assessment. 349 

In addition, inter-comparison of designs across all scenarios is made to find the best performing design. 350 
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Figure 5 Calculation of deviation of overheating hours for three imaginary designs for the considered scenarios. 352 

iii. The minimax regret method 353 

The minimax regret method aims at finding a robust solution that performs close to optimal performance for all 354 

scenarios [91]. This method, developed by Savage [109], is a combination of the minimax [110] and regret methods. 355 

This method has been widely used for robustness assessment in various fields [90,91,104] and also gaining 356 

prominence in the building performance context [3,25,94,106].  357 

In this method, for a given scenario, regret is expressed as the performance difference between a design and the 358 

best performing design in that scenario. This definition is adopted from [90]. The maximum regret across all 359 

scenarios is used as the measure of robustness. For instance, for scenario 1, design C is the best performing 360 

design and thus results in zero overheating regret hours (see Figure 6). For this scenario, design A and design B 361 

have overheating regret hours of 80 and 20 h/a respectively. Similarly, for scenario 2, design B has the lowest 362 

overheating hours and thus has zero regrets. Design A and design C have overheating regret hours of 70 and 10 363 

h/a respectively. For scenario 3, design B has zero regrets and design A and design C have overheating regret 364 

hours of 40 and 10 h/a respectively. Comparing the maximum regrets of these designs across the considered 365 

scenarios, it can be observed that design C has the lowest maximum regret of overheating and is thus the most 366 

robust design. It is worth noting that design B performs close to optimal performance for most of the scenarios, 367 

and that design B is not far from the most robust design. 368 

 369 

Figure 6 Calculation of overheating regret hours for three imaginary designs for the considered scenarios. 370 
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In contrast to previously mentioned methods, the performance of the robust design in this method is close to 371 

optimal performance for every scenario. Similar to the best-case and worst-case method, inter-comparison of 372 

designs is considered in the robustness assessment. 373 

iv. The mean and standard deviation based on Taguchi method 374 

In this method, mean and standard deviation are used as robustness indicators. This method aims at finding 375 

robust solutions with least variations (standard deviation) around the target performance (mean). For instance, 376 

design A has least variations as it can be seen from the probability density function (see Figure 7) but has high 377 

overheating hours (mean performance) and is thus, not a preferred robust design. Design B and design C have 378 

the same mean performance, but design B has low variations as seen from probability distributions. In addition, 379 

design B has lower standard deviation compared to design C. Therefore, design B is the most preferred robust 380 

design as it has low mean performance compared to design A and low standard deviation compared to design C. 381 

Similar to the max-min method, inter-comparison among designs is not required for robustness calculation.  382 

 383 



 384 

Figure 7 Probability distribution of three imaginary designs and their corresponding mean and standard deviation for 385 
the considered scenarios. 386 

In summary, to apply these methods to a typical case study, the calculation approach to find the most robust 387 

design of a design space (dm) across considered scenarios (Sn) using a performance indicator (PI) for considered 388 

robustness assessment methods is presented in Table 1. Here, calculations are shown for a performance indicator 389 

and the same steps can be repeated for multiple performance indicators.  390 

The notable difference among these methods is that in the max-min method, one design at a time is considered 391 

(see Table 1) for robustness assessment and robustness is optimized with respect to the best performing scenario 392 

for a design. In the minimax regret and the best-case and worst-case methods, inter-comparison of designs is 393 

made to find the optimal design for a scenario and the best-performing design for all scenarios using the minimax 394 

regret method and the best-case and worst-case method, respectively (see Table 1). Therefore, robustness is 395 

optimized with respect to the optimal design for a scenario using the minimax regret method and the best 396 

performing design across all scenarios using the best-case and worst-case method. In contrast, using Taguchi 397 

method, mean performance is optimized and variance is reduced. 398 
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Table 1 Calculation steps to identify the most robust design using the selected robustness assessment methods. 400 

i. The max-min method 401 

ii. The best-case and worst-case method 402 

iii. The minimax regret method 403 

 404 

  Scenarios  Maximum 
performance 

(PImax) 

Minimum 
performance 

(PImin) 

Performance spread 
(PImax-PImin ) Designs S1 S2 …  Sn  

d1 PI11 PI12 …  PI1n  
max(PI11, 

PI12,…PI1n) 
min(PI11, 

PI12,…PI1n) 
PImax1-PImin1  

d2 PI21 PI22 …  PI2n  
max(PI21, 

PI22,…PI2n) 
min(PI21, 

PI22,…PI2n) 
PImax2-PImin2  

… … … …  …  … … …  

dm PIm1 PIm2 …  PImn  
max(PIm1, 

PIm2,…PImn) 
min(PIm1, 

PIm2,…PImn) 
PImaxm-PIminm  

The most robust design   min(PImax-PImin)  

  Scenarios Worst-case 
performance (WC) 

Best-case performance 
(BC) 

Performance 
deviation (WC-BC) Designs S1 S2 …  Sn 

d1 PI11 PI12 …  PI1n 
max(PI11, 

PI12,…PI1n) 
min(PI11, PI12,…PI1n, PI21, 

PI22,…PI2n, PIm1, 
PIm2,…PImn) 

WC1-BC1  

d2 PI21 PI22 …  PI2n 
max(PI21, 

PI22,…PI2n) 
WC2-BC2  

… … … …  … … …  

dm PIm1 PIm2 …  PImn 
max(PIm1, 

PIm2,…PImn) 
WCm-BCm  

The most robust design  min(WC-BC)  

  Scenarios  
Designs S1 S2 …  Sn  

d1 PI11 PI12 …  PI1n  
d2 PI21 PI22 …  PI2n  
… … … …  …  
dm PIm1 PIm2 …  PImn  

Minimum 
performance for 

each scenario 
(A) 

A1 = min 
(PI11,PI21, 
…PIm1) 

A2 = min 
(PI12, PI22, 

…PIm2) 
…  

An = min 
(PI1n, PI2n,… 

PImn) 

 

  Performance regrets (R) Maximum performance regret 
(Rmax)  S1 S2 …  Sn 

d1 R11=PI11-A1 R12=PI12-A2 …  R1n=PI1n-An Rmax1= max (R11, R12,…R1n) 
d2 R21=PI21-A1 R22=PI22-A2 …  R2n=PI2n-An Rmax2= max (R21, R22,…R2n) 
… … … …  … … 
dm Rm1=PIm1-A1 Rm2=PIm2-A2 …  Rmn=PImn-An Rmaxm=max (Rm1, Rm2,…Rmn) 

The most robust design  min(Rmax) 



iv. The mean and standard deviation based on Taguchi method 405 

4.3 Demonstration of robustness assessment methods using a case study 406 

 The selected methods are demonstrated using a residential case study with policymaker and homeowner as 407 

decision makers, who represent different interests in the building’s performance, to evaluate if different methods 408 

lead to different robust designs for these decision makers. The design decision making is compared with and 409 

without considering robustness to highlight the importance of robustness. 410 

i. Description of case study 411 

The selected robustness assessment methods are demonstrated using a terraced house, a typical Dutch residence 412 

[111]. It is a three-story building with a gross surface area of 124 m2 and a treated floor area of 104 m2. The building 413 

model is divided into three thermal zones to calculate the temperature and energy demand of each zone. The all-414 

electric building is heated using an air-source heat pump and is ventilated using a balanced mechanical 415 

ventilation system with heat recovery. To reduce overheating during summer, natural ventilation (free cooling) 416 

by opening windows is used instead of mechanical cooling. A solar domestic hot water system and a photovoltaic 417 

system are used to meet hot water demand and electricity demand of the building, respectively. Further details of 418 

this case study building can be found in [106].  419 

Five performance indicators based on the preferences of a policymaker and a homeowner are considered. These 420 

performance indicators are summarized below and a detailed description can be found in [106].  421 

 Scenarios 
Mean performance (PIμ) 

Standard deviation 
(PIσ) Design S1 S2 …  Sn 

d1 PI11 PI12 …  PI1n 
𝑃𝐼𝜇

𝑃𝐼 𝑃𝐼 ⋯ 𝑃𝐼
𝑛

 

 

𝑃𝐼 𝑃𝐼𝜇
𝑛

 

d2 PI21 PI22 …  PI2n 
𝑃𝐼𝜇

𝑃𝐼 𝑃𝐼 ⋯ 𝑃𝐼
𝑛

 

 

𝑃𝐼 𝑃𝐼𝜇
𝑛

 

… … … …  … … … 

dm PIm1 PIm2 …  PImn 𝑃𝐼𝜇
𝑃𝐼 𝑃𝐼 ⋯ 𝑃𝐼

𝑛
  𝑃𝐼 𝑃𝐼𝜇

𝑛
 

The most robust design = min( PIμ ∩ PIσ) 



 Energy consumption is the total energy consumed for lighting, appliances, ventilation system, heating 422 

system and DHW system. Energy consumption is only electricity in this all-electric building. 423 

 Overheating hours are the total number of hours exceeding the allowable maximum indoor temperatures 424 

based on adaptive temperature limits proposed by [112] during occupancy in a year. The magnitude of 425 

overheating is quantified by multiplying the degree of temperature excess by the number of hours that 426 

the excess exists.  427 

 Global cost is the sum of investment, replacement, maintenance and operating costs and is calculated to 428 

predict the future financial implications of designs. These costs are calculated for a 30-year period [113]. 429 

 CO2 emissions are calculated based on net energy consumption i.e. energy exports and imports by the 430 

building to and from the grid. An emission factor of electricity of 0.540 kgCO2 per kWh of electricity 431 

[114] is used to calculate CO2 emissions. 432 

 Additional investment cost (AIC) is the investment required for the implementation of energy efficiency 433 

measures and integration of renewable energy technologies. Other fixed costs of all designs such as land, 434 

labor etc. are not considered and hence it is called additional investment cost. It is worth noting that AIC 435 

is the same for a design for all scenarios and is thus not included in the robustness assessment, however, 436 

it is considered in the selection of the cost-optimal robust designs based on trade-off.  437 

The preferred robust design for both stakeholders should have low energy consumption, overheating hours, CO2 438 

emissions, global cost and also correspondingly high robustness for these performance indicators. The preferred 439 

robust design can be traded-off with the required AIC. 440 

Six low-energy building design configurations are considered to identify which design leads to a preferred robust 441 

solution for both decision makers (see Table 2). The notable difference among these designs is insulation levels, 442 

airtightness and energy systems’ capacity as shown in Table 2. These designs are configured based on different 443 

Dutch building codes and regulations such as current Dutch building standards [115], nearly zero energy and zero 444 

energy building standards [111,116] and also passive house standards [117]. For instance, current Dutch building 445 

envelope standards are realized in Design 1 & 2, nearly zero and zero energy building standards are realized in 446 

Design 3-5 and Design 6 can meet a passive house standard. In addition, different PV and SDHW systems are 447 

added to these building envelopes. The performance of these designs is assessed across scenarios (see Table 3) 448 



that are formulated, to represent alternative futures, considering all uncertain and influential parameters that can 449 

impact building performance over its life-span. These scenarios comprise different household types, occupant 450 

behaviors and weather conditions. Detailed descriptions of these scenarios can be found in [25]. A scenario 451 

combination can comprise a household type with corresponding occupant behavior for a particular weather 452 

condition. The range of household size [118] and their corresponding behavior with respect to occupancy patterns 453 

and temperature setpoints [119]; lighting use, appliance use and corresponding internal heat gains [101,120–122]; 454 

domestic hot water usage [123] etc. are derived from Dutch household statistics. Similarly, a typical climate 455 

reference year based on the Dutch standard [124] and an extreme climate change scenario proposed by the Royal 456 

Netherlands Meteorological Institute [125] are chosen. All scenario combinations are essential for robustness 457 

assessment as the likelihood of occurrence of any combination is unknown. Extreme performances are used for 458 

robustness assessment using the max-min method and the best-case and worst-case method. A scenario could 459 

cause worst performance for a design, but better performance for other designs and the inverse is also true. In 460 

case of the minimax regret method, robustness is evaluated with respect to a scenario that causes optimal 461 

performance. And for every scenario, the design with optimal performance could be different. However, it is 462 

demonstrated that low-high scenario combinations are sufficient for robustness assessment as design 463 

performance with other scenario combinations is within the performance range of low-high scenario 464 

combinations and these combinations yielded the same result as that of all scenario combinations [25]. Therefore, 465 

low-high scenario combinations are used for robustness assessment in the current work. It is worth noting that 466 

computational costs can be further reduced with scenario sampling strategies [126]. 467 

Table 2 Details of six designs considered in this case study demonstration. 468 

Design parameter Design 1 Design 2 Design 3 Design 4 Design 5 Design 6 

Rc (Floor/Wall/Roof), m2K/W 3.5/4.5/6 3.5/4.5/6 5/6/7 6/7/8 7/9/9 10/10/10 

Infiltration rates, ach 0.48 0.48 0.36 0.24 0.24 0.12 

Photovoltaic (PV) system size, m2 5 30 25 20 15 10 

Solar domestic hot water (SDHW) 
system size, m2 

0 5 5 2.5 2.5 2.5 

 469 

  470 



 471 

Table 3 Summary of scenarios that considered uncertainties in household type, occupant behavior and climate change. 472 

Scenario parameter Options 
Occupant scenarios 

Household size (1, 4) 
Usage scenarios 

Heating set point (occupied), °C (18, 22) 
Heating set point (un-occupied), °C (14, 18) 
Occupancy profile (Evening, All-day) 
Average electricity use for lighting, W/m2 (1, 3) 
Average electricity use for appliances, W/m2 (1, 3) 
Domestic hot water consumption, LPD (40, 100) 
Internal heat gains due to lighting and appliances, W/m2 (2, 6) 
Ventilation, ach (0.9, 1.5) 
Shading control ON if radiation is above, W/m2 and if Tindoor >24°C (250, 350) 
Shading control OFF if radiation is below, W/m2 and if Tindoor <24°C (200, 300) 

Climate scenarios 
Reference climate and climate change scenarios (NEN5060-2008, W+) 

 473 

ii. Performance assessment for considered scenarios  474 

Figure 8 shows the variation of energy consumption, overheating hours, global cost and CO2 emissions of the 475 

designs (Table 2) across the considered scenarios (Table 3). It is noteworthy that design 1 is the least expensive 476 

(19.9 k€) and design 3 is the most expensive (37.5 k€), whereas design 4 – design 6 have similar AIC (approx. 477 

32k€). The design 2 has AIC of 35.94 k€. The range of a box represents performance variations of a design across 478 

the scenarios. The box plots represent probability distribution of a performance indicator across scenarios, 479 

however, to enhance visualization probability density function plots are presented in Figure 11 in Appendix A3. 480 

It can be inferred from Figure 8 and Figure 11 that design 6 has better predicted performance and least variations 481 

for energy consumption and thus, the most preferred design if energy consumption is prioritized. In contrast, if 482 

overheating hours are prioritized, it can be noted that all designs have similar nominal performance for an average 483 

scenario, which ranges from 110-160 h/a. However, when uncertainties are considered, it can be seen from Figure 484 

8 that designs with higher insulation levels and lower infiltration rates (design 3 – design 6) have large variations 485 

of overheating hours across the considered scenarios. Same can be observed from probability density plots of 486 

these designs (see Figure 11). If uncertainties are not considered in the performance prediction, the design 487 

decision-making process could yield designs that are prone to overheating risks during operation. It is noteworthy 488 

that design 1 and design 2 result in similar overheating hours across the considered scenarios as these designs 489 



differ only in energy generation systems such as PV and SDHW system and design 1 is more preferred due to its 490 

low AIC.  491 

If global cost is prioritized by stakeholders, it can be inferred from Figure 8 that design 1, design 3 and design 5 492 

have similar nominal performance, but differ greatly in variations across scenarios as observed in probability 493 

density plots (Figure 11). Contrariwise, design 6 has high global cost for the nominal scenario, but least variations 494 

among all designs. Design 2 and design 4 have better predicted performance compared to other designs, however, 495 

these designs differ in variations of global cost across considered scenarios. Design 4 has less variations in global 496 

cost and also lower AIC compared to design 2 and thus, design 4 is the most preferred design for global cost. In 497 

contrast, if CO2 emissions are prioritized, design 2 has better predicted performance and design 6 has the least 498 

variations among all designs (see Figure 11). However, design 6 results in higher CO2 emissions compared to 499 

design 2. Based on predicted performance, design 2 is the more preferred design compared to other designs 500 

when CO2 emission reductions are prioritized by stakeholders.  501 

It can be concluded from the discussion above that different designs would be preferred if only a nominal scenario 502 

or all scenarios are considered. Furthermore, for a particular performance indicator, some designs have better 503 

predicted performance for an average scenario, but large variations across all scenarios, and the inverse is also 504 

true. Furthermore, identifying a preferred design from a large design space could be a tedious task using 505 

predicted performance. Therefore, these performance variations must be transformed into a meaningful 506 

indicator to enhance the design decision-making process. This is elaborated in the next sub-section. 507 



 508 

Figure 8 Variation of energy consumption, overheating hours, global cost, and CO2 emissions of six designs across 509 
considered scenarios. In each box, dots represent outliers, lines represent median performance across all considered 510 
scenarios and x represents mean performance. 511 

iii. Robustness assessment for considered scenarios  512 

The robustness of six designs is calculated using four robustness assessment methods, which are compared for 513 

both stakeholders. This comparison is presented in Figure 9, where variations of all performance indicators (see 514 

Figure 8) are translated into equivalent robustness indicators using four methods. 515 

It can be observed from Figure 9 that the spread using the max-min method follows the similar trend of standard 516 

deviation, whereas maximum regret using the minimax regret method and deviation using the best-case and 517 

worst-case method follow the similar trend of mean performance. This is in line with what was expected because 518 

using the max-min method, robustness is optimized by minimizing variations and using the other two methods, 519 

robustness is optimized with respect to best/optimal performance. However, these values differ a lot in 520 

magnitude, for instance spread and standard deviation of all considered performance indicators. Similar 521 

observations can also be made for deviation, maximum regret and mean performance. Furthermore, taking mean 522 

performance across all scenarios drastically reduces the impact of uncertainties among all designs (i.e. similar 523 



mean performance with the exception of CO2 emissions), which can have a considerable impact on final design 524 

decision making and without knowing actual probabilities, it is hard to quantify the associated risk.  525 

For instance, the difference in mean value of overheating is within 50h/a for all designs and it indicates that by 526 

taking mean performance across scenarios drastically reduces the magnitude of 0verheating risks, whereas the 527 

actual overheating is varying from 36 to 392 h/a for different designs (see Figure 8). This implies that mean 528 

performance across all scenarios does not include the impact of all uncertainties (scenarios). Since the likelihood 529 

of occurrence of these scenarios is rarely known beforehand for designers, it is hard to ignore this impact. Even 530 

though, all indicators lead to the same robust design to overheating, the magnitude of overheating risk varies a 531 

lot for different indicators, especially using standard deviation the impact is quite low. The difference in the 532 

standard deviation for different designs is too low to have an impact on final design decision making. Similar 533 

observations can also be made for global cost. It could be an option to multiply the standard deviation by a certain 534 

factor to get information about the probability of exceedance (e.g. 95%), but because the outcome of the 535 

robustness assessment is often skewed or otherwise non-normal (see e.g. Figure 8), the validity of such an 536 

approach is debatable. Furthermore, using the standard deviation, it will be hard to elucidate robust designs 537 

among similar performing designs from a large design space compared to selected methods e.g. using the 538 

minimax regret method [25,127]. Therefore, it is recommended to use selected robustness assessment methods 539 

to identify robust designs for scenario analysis. 540 

It can be inferred from Figure 9 that the design 6 is the most robust regarding energy consumption for all 541 

methods as it has higher robustness. Similarly, comparing the robustness of overheating hours, it can be inferred 542 

that design 1 and design 2 are equally robust with all methods. Design 6 is the most robust to global cost using 543 

the max-min method as it has the least variations of global costs across the considered scenarios. Similarly, design 544 

6 is also the most robust using the Taguchi method as it has low standard deviation and similar mean 545 

performance compared to other designs. Design 4 has the lowest maximum regrets of global costs and is thus 546 

the most robust design using the minimax regret method. This lowest maximum regret of global cost of design 547 

4 is due to the optimal performance of this design for most of the scenarios, and this method optimizes 548 

robustness with the optimal performance for a scenario. Similarly, design 4 is the most robust using the best-549 

case and the worst-case method, as this design had the lowest worst-case performance. 550 



In contrast to observations made for energy consumption, overheating, and similar to observations made for 551 

global cost, CO2 emissions using the max-min method and the Taguchi method, because it has the smallest 552 

spread and least variations of CO2 emissions (see Figure 11), respectively. These least variations (lowest spread) 553 

of CO2 emissions of design 6 is due to decreased electricity consumption with very high insulation levels. In 554 

contrast, design 2 is the most robust using the minimax regret method, because this design has the lowest 555 

maximum regret of CO2 emissions. This lowest maximum regret of CO2 emissions of this design is attributed to 556 

the optimal performance of this design compared to other designs for most of the scenarios. Design 2 is also the 557 

most robust with the best-case and the worst-case method. It can be noted that different methods lead to different 558 

robust designs and the choice of method depends decision makers attitude in the decision making process e.g. 559 

risk should be as low as possible, or some risk is accepted.  560 



 561 

Figure 9 Robustness of energy consumption, overheating hours, global cost, and CO2 emissions calculated using different 562 
robustness assessment methods for six designs across considered scenarios. These indicators are compared with mean and 563 
standard deviation, commonly used robustness indicators in literature.  564 
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iv. Robust design selection considering predicted performance and robustness  565 

It can be inferred from the above comparison of predicted performance (Figure 8) and performance robustness 566 

(Figure 9) that the most robust design not necessarily has better predicted performance. For instance, with the 567 

max-min method and the Taguchi method, design 6 is the most robust design as it has the least variations 568 

(smallest spread) of CO2 emissions, but has very high CO2 emissions (predicted/mean performance). In such 569 

cases, a trade-off between predicted performance, robustness and required AIC is essential. For instance, design 570 

4 has relatively better predicted performance compared to design 6 (see Figure 8) and lower spread compared to 571 

the least robust design i.e. design 2 (see  Figure 9 and Figure 11). Also design 4 has lower AIC compared to design 572 

2 and hence, may be the preferred robust design. Comparable observations can also be made with design 3. 573 

Similarly, if two designs have equal predicted performance and robustness (e.g. design 1 and 2 for overheating), 574 

then the design with the lowest AIC is the most preferred (design 1), or this robustness can be traded-off with 575 

other performance indicators and their corresponding robustness.  576 

Comparing all preferred performance indicators by both stakeholders, it can be inferred that design 6 is the most 577 

robust to energy consumption, design 2 is the most robust to CO2 emissions and overheating hours, and design 578 

4 is the most robust to global costs using the minimax regret method and the best-case and the worst-case method. 579 

For both stakeholders, design 2 represents a fair trade-off as it is robust to overheating and CO2 emissions (see 580 

Figure 9) and also has better predicted performance for all performance indicators (see Figure 8). However, 581 

design 2 incur higher AIC compared to the design 4 (the most robust to global cost) and improvement in 582 

performance and robustness can be traded-off with the extra costs required for these improvements. Similarly, 583 

using the max-min method and Taguchi method, design 4 has relatively lower spread of energy consumption, 584 

CO2 emissions and global cost compared to design 2 (the most robust to overheating), and also lower spread of 585 

overheating hours compared to the design 6 (the most robust to energy consumption, CO2 emissions and global 586 

cost). Furthermore, design 4 has lower AIC compared to the design 2 and has similar AIC as design 6 and can 587 

be preferred robust design. This robust design selection is justified by comparing with the most robust design 588 

selected using design scores calculated using a multi-attribute utility function. For this purpose, a neutral 589 

approach in Hurwicz criterion [107] is used, since the optimistic and the pessimistic approaches are already 590 

implemented using robustness assessment methods.  591 



Design score is calculated by normalizing all preferred performance indicators and corresponding robustness 592 

calculated using the respective method. It is noteworthy that all performance and robustness indicators are 593 

equally prioritized to simplify demonstration and these priorities/ weights would vary based on preferences of 594 

decision makers. The design scores for all robustness assessment methods are calculated and presented in Figure 595 

10 and the design with the highest score is deemed as the most robust. It can be observed from Figure 10 that 596 

the design 4 is the most robust using the max-min method and Taguchi method, and the design 2 is most robust 597 

using other two methods. This most robust design for a particular method is the same as that of robust design 598 

using a trade-off approach. 599 

 600 

Figure 10 Design scores calculated using multi-attribute utility function considering all preferred performance indicators 601 
and corresponding robustness calculated using respective robustness assessment method. The design with the highest score 602 
is the most robust. 603 

4.4 Comparison of robustness assessment methods 604 

The comparison of four robustness assessment methods is presented in Table 4. It is remarkable that the most 605 

robust designs differ greatly for the four methods. This difference can be attributed to the approach of quantifying 606 

the robustness in these methods. In the min-max method, spread minimizes variation across extreme scenarios, 607 

leading to conservative robust designs. Similarly, the mean performance is optimized and variations around 608 

mean performance (standard deviation) are minimized using Taguchi method. In contrast, using the minimax 609 

regret method, robustness (maximum regret) is optimized with respect to optimal performance. Furthermore, 610 

the robustness indicators show large differences. For instance, design 2 has the lowest maximum regret of CO2 611 

emissions and the largest spread and standard deviation of CO2 emissions. This difference is because design 2 is 612 
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optimal for most of the scenarios and thus results in very low maximum regret. However, this design has large 613 

variations (see Figure 11) and thus results in the largest spread and standard deviation. 614 

It can be observed from the case study assessment that using the minimax regret method, design 2 – which is 615 

the design with optimal performance in terms of CO2 emissions and overheating for most of the scenarios – is 616 

also the most robust. This implies that robustness is proportional to predicted performance using the minimax 617 

regret method and thus, might be more preferable in real-world applications. In addition, this method could be 618 

used when the decision maker can accept a certain risk as a trade-off. For instance, in order to save costs, a 619 

homeowner can prefer design 4 as a trade-off of overheating risks (maximum regret) with that of costs. Similarly, 620 

the best-case and worst-case method is preferable if the design has to deliver the best performance even in the 621 

worst-case scenario, for instance design 2 has the best worst-case performance for all preferred performance 622 

indicators and is thus the most robust. The max-min method is preferable if the design has to work even in 623 

extreme scenarios, and therefore this method might yield conservative designs such as design 6 for CO2 624 

emissions and global costs. Similarly, the Taguchi method is preferred if the design should have optimal average 625 

performance and less variations around this performance. 626 

It is noteworthy that robustness of designs depend on the range of scenarios and this robustness is valid only if 627 

the assumptions regarding scenario ranges are valid. 628 

Table 4 Comparison of selected robustness assessment methods in the present context. 629 

Parameter Max-min method 
Best-case and worst-

case method 
Minimax regret 

method 
Taguchi method 

What is the 
robustness 
indicator? 

Performance 
spread 

Performance 
deviation 

Maximum 
performance regret 

Mean and standard 
deviation 

What is the 
calculation 
method? 

Difference 
between maximum 
and minimum 
performance of a 
design across 
considered 
scenarios 

Difference between 
the best performance 
of the entire design 
space and the worst 
performance of a 
design across 
considered scenarios 

Difference between the 
performance of a 
design and the best 
performing design for 
that scenario and the 
maximum difference 
across all scenarios 

Average 
performance across 
all scenarios and 
the amount of 
variation of set of 
performance 
indicator values 

Which 
scenarios are 
used for 
calculation? 

Extreme  All  All All 



What is the 
most robust 
design? 

Minimum or 
ideally zero 
performance 
spread 

Minimum or ideally 
zero performance 
deviation 

Minimum or ideally 
zero maximum 
performance regret 

Minimum or 
ideally zero 
standard deviation 
and better mean 
performance 

When to use? 

Risk/cost of failure 
of design is high;  
design should 
work even in 
extreme scenarios 

Risk/cost of failure of 
design is very high;  
design should deliver 
the best performance 
in all scenarios 

Risk can be accepted as 
trade-off;  
design should work 
well (close to optimal 
performance) in all 
scenarios 

Design should have 
better average 
performance and 
less variance 
around this 
performance for all 
scenarios 

Decision 
makers 
attitude 

Conservative 
approach 

Conservative 
approach 

Less conservative 
approach 

Conservative 
approach 

5 Summary and conclusions 630 

As a step towards ensuring the desired performance during operation by reducing the gap between predicted and 631 

actual building performance, this article presented a comparison of different robustness assessment methods 632 

that can aid stakeholders in identifying preferred robust designs with the potential for delivering desired 633 

performance. 634 

Different uncertainty sources were reviewed and the characteristics of different reasons and corresponding 635 

metrics to quantify the impact of these uncertainties were analysed. The merits of using scenarios instead of 636 

probabilistic approaches were highlighted, indicating that scenarios can be used as formulated alternatives in 637 

cases when probabilities of uncertainties are unknown. The integration of such approaches in building 638 

performance predictions can provide a better understanding of the impact of uncertainties and also facilitate 639 

decision making during the design selection process with the goal of choosing a design that is robust to a variety 640 

of possible future situations. Both the review and the simulation study showed that mean and variance/standard 641 

deviation, the widely used robustness indicators based on the Taguchi method are of limited use in robustness 642 

assessment using scenario analysis. The likelihood of the occurrence of any scenario is usually unknown, and 643 

taking the mean across scenarios nullifies the concept of formulating scenarios as alternatives since it flattens 644 

out the results. Furthermore, the combination of mean and standard deviation is particularly useful for normal 645 

distributions but may lead to incomplete or misleading information for skewed distributions. In the case of 646 

building performance predictions, we generally do not have indications that the outcomes are normally 647 

distributed. In addition, it was found that it is necessary to include both actual performance and performance 648 

robustness in the selection process of robust designs. 649 



The selected robustness assessment methods were demonstrated using a residential building case study with 650 

both homeowners and policymakers as stakeholders to identify their preferred robust designs. In this 651 

demonstration example, building performance robustness was assessed in terms of energy consumption, thermal 652 

comfort, CO2 emissions and financial indicators. The results showed that the max-min method can be used when 653 

a design has to deliver the desired performance even in extreme scenarios and hence, is a conservative approach; 654 

whereas the minimax regret method can be used when a design should yield optimal or close to optimal 655 

performance for each scenario and thus, represents a less conservative approach. Similarly, the best-case and 656 

worst-case method can be preferred when a design has to deliver the best performance even in the worst-case 657 

scenarios. The max-min method and the best-case and the worst-case method can therefore be used when the 658 

cost/risk associated with the failure of a design is very high. The minimax regret method is suitable when a 659 

decision maker can accept a certain range of performance variation; for instance, a homeowner can accept designs 660 

with certain overheating hours as a trade-off with global costs and corresponding robustness. The Taguchi 661 

method can be preferred if the mean performance has to be optimal and the variations around the mean 662 

performance has to be minimum. 663 

Application of the robustness assessment methods that were analysed in this paper could be an important step 664 

for designers and consultants to design robust buildings that are able to deliver the desired performance during 665 

operation and to address various issues faced by the low-energy building industry such as performance gap, 666 

energy performance contracting etc.  667 

It is worth noting that the demonstration example in this study represents a relatively simple case with e.g. a 668 

modest number of discrete design alternatives, clearly identified performance objectives and without considering 669 

uncertainties in e.g. costs and CO2 emissions. This set-up aids in demonstration and understanding, as it enables 670 

a fairly straightforward selection of preferred design variants for the different robustness assessment approaches. 671 

In real-world building design decision-making processes, however, information availability and design options 672 

tend to be less distinct and decision criteria are generally more diffuse. Furthermore, all performance indicators 673 

are equally prioritized in robust design selection, however, in practice these preferences vary for different 674 

objectives of the project. The preferred robust design might differ depending on the weights of each performance 675 

indicator. In real settings, it will therefore be more difficult to use any of the robustness assessment methods to 676 



automatically settle for a single preferred design option. Instead, the proposed methods specifically also target at 677 

enhancing communication during the design process, to increase chances for well-informed decisions, and as an 678 

effective means of reducing the vast design option space in the direction of a selected number of high-potential 679 

solutions. Having an in-depth understanding of the characteristics of different robustness metrics, as provided 680 

in this article, is a key step towards successful application of such approaches in practice.  681 

Analysis of the large number of design configurations and corresponding uncertainties that are typically 682 

encountered in actual building design projects, may pose computational and practical implementation difficulties 683 

due to the complexity and size of the problem. It is therefore an interesting option to integrate robustness 684 

indicators into multi-objective optimization frameworks in combination with scenario sampling strategies to 685 

identify robust solutions at low computational costs [126]. In addition, trade-off analysis is currently conducted 686 

using visualisation of results, which could become tedious if a large design space is explored. Multi-criteria 687 

assessment and decision-making techniques could address this issue, which will be presented in our future work.  688 

Appendix 689 

A1. Review of  Building performance robustness assessment 690 

Table 5 Review of different studies on building robustness assessment / robust designs considering uncertainties. 691 

Author Purpose Considered 
uncertainties 

Robustness 
indicator/measure Remarks 

Leyten and 
Kurvers [97] 

Robustness 
assessment of 

heating, ventilation 
and air-

conditioning 
(HVAC) systems 

and buildings 

Design 
assumptions, 

maintenance and 
controls 

Ranking based on 
robustness 

hypothesis using a 
penalty system 

Easy to identify robust options. 
Actual performance is not included. 
Ranking system is hypothetical, and 
it is unsure if this method is 
adaptable for other cases. 

Hoes et al., 
[8] 

Robust design with 
respect to user 

behavior 
Occupant behavior 

Relative standard 
deviation (RSD). 
Ratio of mean to 

standard deviation 

Implemented Taguchi method in the 
building performance context. 
Designs robust to occupant behavior 
could be very sensitive to other 
uncertainties and also results in very 
high indoor temperatures. 

Hopfe and 
Hensen [30] 

Robustness analysis 
for design support 

Physical, design 
and scenario 
uncertainties 

Comparison of 
robust regression 
and ordinary least 
square regression 

Works only for normal distribution 
and becomes unreliable if data has 
outliers. 
No trade-off between actual 
performance and robustness. 

Hopfe et al., 
[101] 

Optimization of 
building 

performance using 
a robustness 

indicator 

Scenario 
uncertainties in 
user behavior 

(usage scenarios) 

RSD (ratio of mean 
to standard 
deviation) 

Robustness is also a primary 
criterion in addition to actual 
performance. The obtained Pareto 
front includes robustness.  
Mean and variance are used in non-
probabilistic robustness assessment. 



Heo et al., 
[20] 

Calibration of 
building energy 

models to quantify 
risk associated with 

energy retrofits 

Uncertainties in 
design parameters 

and occupant 
behavior 

Risk is quantified 
based on standard 
deviation of mean 

savings of a retrofit 
option 

Probabilistic approach based on 
Bayesian calibration of normative 
energy models is used to support 
retrofit decision making under 
uncertainty by quantifying the risks. 
Retrofit options are ranked based on 
a design score calculated using the 
ratio of mean savings to risk.  

Parys et al., 
[93] 

Robust passive 
cooling concepts 

Occupant 
behavior, setpoints 

of natural 
ventilation, Air 
flow rates and 
internal heat 

transfer 
coefficients, 

weather data etc. 

Probability of 
achieving the same 

output with 
uncertainties as 
that of average 

uncertainty inputs 
(Monte Carlo 

analysis) 

Comparison of deterministic and 
uncertain conditions 
Only robustness is considered, and 
actual performance is not included 
in the design decision making; this 
might lead to oversized systems. 

Hopfe et al., 
[12] 

Multi-criteria 
decision making 

under uncertainty 

Physical 
parameters 

Difference between 
the best-case and 

worst-case 
performance 

This approach considers 
uncertainties and decision makers’ 
risk attitude in decision making 
process. 
Only the best and worst 
performances are included for 
robustness assessment and 
overall/actual performance is 
ignored. 

Rysanek and 
Choudhary 

[3] 

Non-probabilistic 
assessment to find 

robust optimal 
retrofitting designs 

Technical-
economic 

uncertainties 

Wald, Hurwicz and 
Savage methods 

This study showed that non-
probabilistic assessment is suitable 
when using scenarios. Easy to 
identify robust designs and 
enhances design decision-making 
process 
 
Robustness is prioritized in design 
selection. 

 Hoes [43] 
Robust designs with 
respect to occupant 

behavior 

Occupant behavior 
scenarios 

Best-case and 
worst-case method. 

RSD for optimal 
control strategy 

Design optimized considering 
robustness. The Pareto front with 
robust optimal solutions is obtained. 
Trade-off between robustness and 
actual performance is present. The 
visualization of results is enhanced 
by embedding robustness as an extra 
dimension. 

 Gelder et al., 
[9] 

Probabilistic 
methodology to 

design robust low-
energy buildings 

Uncertainties in 
occupant behavior 
and energy prices 

Effectiveness and 
robustness 
indicators 

Both actual performance and 
robustness are considered. 
Percentile distributions are used to 
remove outliers. Hard to distinguish 
between similar performing designs 
based on these two indicators whose 
values range from 0-1, making the 
decision-making process difficult. 
Scenarios are used in probabilistic 
assessment. 

Y.Sun et al., 
[128] 

HVAC sizing under 
uncertainties 

Physical 
parameters, 

design 
parameters, 
weather and 

occupant behavior 

Sensitivity index 
This method allows system sizing 
based on trade off with risk that can 
be accepted by the decision maker. 

Buso et al., 
[129] 

Robustness of 
building design 
with respect to 

Occupant behavior 
Relative standard 
deviation referred 
to the basic model 

Modified robustness indicator to 
overcome issue reported in [8]. 



variations in 
occupant behavior 

However, trade-off is not present in 
this study. 

Chinazzo et 
al., [130] 

Robustness 
assessment of 

energy 
refurbishments 

Weather 
The spread of box 

plot 

Similar to previous studies, 
robustness is prioritized in design 
selection and therefore trade-off 
between robustness and actual 
performance is not present. A design 
that is not optimal may have the 
least spread. 

Chinazzo et 
al., [99] 

Proposed 
robustness 
assessment 

methodology 

Weather 

Robustness index 
based on variance, 
data distribution in 

box plot and 
comparison with 
base case; Energy 

saving index. 

Comparison between actual 
performance and robustness. 
Predetermined weight is assigned 
for interquartile and standard 
deviation in the robustness index. 

Gang, Wang, 
Yan, et al., 

[94] 

Robust optimal 
design of cooling 

systems concerning 
uncertainties 

Self-induced 
uncertainties in 
cooling load by 

multiplying with a 
factor and 

uncertainties in 
resistance of 

chilled water pipes 

Maximum regret 
using minimax 
regret method 

Easy to identify robust designs. Only 
robustness is considered in design 
selection. Trade-off is ignored in 
design selection. 

Gang, Wang, 
Xiao, et al., 

[10] 

Robust optimal 
design of cooling 

systems 
considering cooling 

load uncertainty 
and equipment 

reliability  

Uncertainties in 
cooling load 
calculations 

Monte Carlo 
method is used to 

assess the impact of 
uncertainties and 
Markov method is 
used to quantify 

reliability. Robust 
optimal design is a 

compromise 
between reliability 

and cost.  

Robust optimal design is compared 
with that of conventional design 
approach and reliability-based design 
approach. Trade-off is present and 
the design with the lowest cost is the 
most preferred. It is not clear how 
robustness is quantified in this 
study. Availability risk cost that 
quantifies the risk of not meeting 
required cooling load is also used as 
a criterion in design selection. 

Lu et al., [131] 

Impact of input 
uncertainties of 

renewable energy 
systems on 

performance of Net-
Zero Energy 

Building (NZEB) 

Input 
uncertainties in 

building electrical 
load, wind 

velocity, cooling 
load etc. 

Sensitivity analysis 

Robust designs are identified using 
multi-way sensitivity analysis. Actual 
performance and performance 
robustness are compared.  

Nik et al., 
[100] 

Robustness 
assessment of 

energy retrofits 
Climate change 

Mean and variance 
of relative deviation 

Mean across scenarios is considered 
in this study and this approach is 
questionable as the probability of 
occurrence of each scenario is 
usually unknown. 

Gang, Wang, 
Augenbroe et 

al., [132] 

Robust optimal 
design of district 
cooling systems 

Physical, design 
and occupant 

behavior 
uncertainties 

Risk cost that 
includes mean 
repair time and 

mean failure time 
of components 

under uncertainties 

Risk is quantified in terms of cost. 
Only mean values are considered. 
The selected design is robust to cost 
but could be sensitive to comfort. 

Karjalainen 
[96] 

Comparison of 
robust designs with 
an ordinary design 

Occupant behavior 

Difference between 
maximum and 

minimum 
performance 

Robust design options save up to 
79% of energy. Robust design is 
done by improving design options 
that are sensitive to occupant 
behavior. Trade-off between actual 
performance and robustness is not 
explicit. 



Ascione et al. 
[133], 

Resilience 
assessment of 
robust retrofit 

energy measures 

Climate change 
Relative difference 
compared to base 

line. 

Robust cost optimal solutions are 
used to assess their resilience for 
climate change. Smart exhaustive 
search is used to identify robust cost-
optimal solutions. 

Kotireddy et 
al., [106] 

Comparative 
assessment of 

different robustness 
indicators 

Households, 
occupant behavior, 

climate change 

Spread, deviation 
and maximum 

regret  

Comparison of different robustness 
assessment methods using scenario 
analysis. Trade-off between predicted 
performance and robustness is 
present. 

Kotireddy et 
al., [25,127] 

Methodology to 
identify robust low-
energy and net-zero 

energy building 
designs 

Households, 
occupant behavior, 
climate change. In 

addition, net-
metering 

considered in the 
first study. 

Maximum regret 
using minimax 
regret method  

Robust optimal designs considering 
multi-criteria assessment and multi-
criteria decision making. Trade-off 
between predicted performance and 
robustness is explicit. 

 692 

A2. Calculation of robustness indicators using variable inputs 693 

The impact of number of inputs (scenarios) on robustness indicators is illustrated in this section to compare how 694 

the outcome of these methods change with variable number of scenarios. 695 

The example used for illustration is investment options to maximize returns for different interest rate scenarios. 696 

S1 represents rise in interest rates, S2 represents static interests, S3 represents fall in interest rates and S4 697 

represents an intermediate scenario between S2 and S3. The worst returns for stocks, bonds and money market 698 

are -4, -2 and 3 respectively. Similarly, the best returns for change in interest rates scenarios S1, S2, S3 and S4 are 699 

3, 4, 12 and 8 respectively. 700 

Four robustness indicators are compared below for different scenarios. In case of two scenarios, the preferred 701 

investment option is the money market using spread, deviation, and mean and standard deviation to ensure 702 

minimum returns. However, if interest rates does not change (S2), then the regret associated with money market 703 

would be high. Therefore, using the minimax regret method, the recommended option would be stocks, which 704 

has least regrets. It is noteworthy that taking the mean across these two scenarios eventually nullifies the impact 705 

of interest rise and static interests as seen from the zero mean value of returns with investment in stocks. 706 

With increasing the number of inputs (scenarios), robustness indicator values are changing for all methods, 707 

however, the preferred investment option (e.g. money market) is the same for max-min, best-case and worst-case 708 

and Taguchi methods. However, the preferred investment option using the minimax regret method varies with 709 

number of inputs, for instance stocks for two inputs, bonds for three inputs, and bonds/money market for four 710 

inputs. 711 

The difference in the preferred (robust) investment option for different methods is attributed to the calculation 712 

approach. For instance, using the Taguchi and the max-min methods, robustness is evaluated without any inter-713 

comparison between scenarios or investment options. The impact of all scenarios will be translated into average 714 



performance or spread and by increasing more scenarios, the change in trends of robustness indicator and the 715 

most robust design will have little impact. On the other hand, using the minimax regret method, inter-716 

comparison is made between the options and also scenarios. The performance matrix of investment options 717 

across scenarios is translated into an equivalent regret matrix. By including an additional scenario, the entire 718 

regret matrix gets updated and hence, the changes in final preferred option. However, using this method, the end 719 

user can always look back to find which scenario is causing the maximum regret using the regret matrix. 720 

a) Two scenarios (inputs) 721 

  S1 S2 Spread Deviation Maximum regret Mean Standard deviation 

Stocks ‐4  4  8  8  4  0.00  4.00 

Bonds ‐2  3  5  7  7  0.50  2.50 

Money market 3  2  1  7  9  2.50  0.50 

b) Three scenarios (inputs) 722 

  S1 S2 S3 Spread Deviation Maximum regret Mean Standard deviation 

Stocks ‐4  4  12  16  16  7  4.0  6.53 

Bonds ‐2  3  8  10  12  5  3.0  4.08 

Money market 3  2  1  2  7  11  2.0  0.82 

c) Four scenarios (inputs) 723 

  S1 S2 S3 S4 Spread Deviation Maximum regret Mean Standard deviation 

Stocks ‐4  4  12  8  16  16  11  5.00  5.92 

Bonds ‐2  3  8  6  10  12  7  3.75  3.77 

Money market 3  2  1  2  2  7  7  2.00  0.71 

  724 



A3. Probability density functions of all performance indicators 725 

a) Energy consumption 726 

 727 

b) Overheating hours 728 

 729 

c)Global cost 730 

 731 

d)CO2 emissions 732 



 733 

Figure 11 Probability density function of different performance indicators for six designs across all scenarios. 734 
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