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Abstract

:

With accelerating climate change and the urgent need to cut carbon emissions, global focus has turned to the existing building stock and its renovation. Sustainable renovation helps to achieve better energy performance and gain wider sustainability benefits, such as increased value of a building, improved indoor and outdoor comfort, reduced carbon emissions, and the higher satisfaction and better emotional state of inhabitants. Numerous systems and tools have been developed worldwide to assist with decision making in the choice of preferred modernisation scenarios and alternatives. However, social aspects are often neglected in the existing systems, and emotions of inhabitants are rarely analysed. To close this gap, the present study proposes an innovative decision-making framework for sustainable renovation solutions, based on emotion recognition. The framework makes it possible to assess various renovation alternatives against sustainability criteria and real-time measurements of the emotional states of inhabitants. Based on the proposed framework, an intelligent multi-criteria decision support system was developed by integrating COPRAS and the facial action coding system, the method of automatic facial expression recognition, and the continuous calibration and participant methods. The system was tested in the case study of renovation solutions for a building located in Ukraine. The research results revealed that the proposed renovation solutions had a positive impact on the emotional state of inhabitants, especially when visual materials such as drawings were presented. Some case studies were analysed together with the application of decision system tools and building information modelling (BIM) subsystem integration as a multidiscipline application of various applied sciences for representation and data analysis. The authors of this research have been analysing human emotional, affective and physiological states for many years and collected over a billion of these data in Vilnius city during the H2020 ROCK, SAVAS and BIM4REN projects. Data acquired during measurements in Vilnius were used to determine correlations and trends for the case study. The proposed methodology and findings of the study can be useful for researchers who use the evaluation and analysis of human emotions when there is a need to choose appropriate renovation measures or find alternative solutions.
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1. Introduction


Built environment has negative impacts on its surroundings and these impacts encourage climate change. Globally, the building stock is responsible for one-third of the total CO2 emissions and its share of energy use accounts for 40% of the total [1]. In the European context, for instance, more than a third of buildings were constructed over 50 years ago. With age such buildings show increasing signs of wear and look less appealing to inhabitants [1]. Study [2] findings reveal that the renovation of buildings has a significant potential to mitigate urban-related emissions and achieve sustainability goals. In addition to energy savings, sustainable renovation makes buildings better in terms of their economic, social and environmental qualities [1]. To achieve sustainability, it is also important to consider renovation technologies in the seismic zones [3]. For instance, Cao et al. [4] published a state-of-the-art review of retrofitting technologies. They compared the traditional local retrofitting, seismic isolation retrofitting and external sub-structure retrofitting approaches and concluded that an external sub-structure retrofitting technology has numerous advantages.



Numerous systems and tools have been developed worldwide to assist decision makers in the selection of alternative options and scenarios for renovation. Decision support tools are important as professional building owners can use them to set sustainability goals, at the same time as making sure all objectives are achieved across all phases from the design [5] and all the way through the construction. These tools support decision makers in the selection of renovation measures for a single building or even a portfolio of buildings. Only some of the decision support systems or tools, however, focus on all three dimensions of sustainability, i.e., environmental, economic and social. Nielsen et al. [5], for instance, published a review of the literature on decision support for sustainable building renovation in pre-design and design phases. They believe the tools can be classified into six areas, where they help to set sustainability goals, determine criteria weights, diagnose buildings, generate alternative design options, estimate the performance and evaluate the design alternatives. The application of building information modelling (BIM) together with decision support systems can increase the success of sustainable solution implementation [6] in both small- and large-scale projects [7]. Indeed, for BIM integration with decision support tools facing some challenges, the risks must be evaluated [8]. The literature review identified 43 decision support tools. Their analysis revealed that the criteria from all three sustainability categories appear in only 40% of the tools. Among the tools, only 63% include social sustainability criteria, the quality of indoor environment is the main choice, 72% include economic sustainability criteria and 81% include the environmental criteria [5].



Renovation of buildings has a direct impact on the well-being of inhabitants. It is, therefore, important to ensure that any selected renovation measures are acceptable to the stakeholders. The acceptance level on a large scale depends on emotions and it is difficult to measure. Only a few studies in the reviewed literature analyse the emotional aspects of renovation solutions. Polanska and Richard [9], for instance, studied the emotions of tenants facing forced renovations in Sweden. Wilson et al. [10] analysed the behaviour of homeowners and factors that explain why homeowners make a decision to renovate. Brosch [11] argued that emotions can be drivers of climate change perception and action. None of the studies, however, proposed to include emotion recognition in renovation decision support systems or tools.



None of the currently known decision-making systems or tools integrate emotion recognition into renovation solutions. To close the gap the present study proposes an innovative decision-making framework for sustainable renovation solutions, based on emotion recognition, and uses a case study to illustrate its possible application. The problem of the research is the selection of the most efficient sustainable renovation alternatives, based on sustainability criteria and emotional data.



This research aims to propose a methodology and a system that considers the dimensions of sustainability, including emotions, when stakeholders make decisions on renovation alternatives. Objectives of the research: (1) to develop the methodological framework for the assessment of renovation alternatives based on the multiple-criteria assessment, emotion recognition methods and BIM integration; (2) to develop an intelligent decision support system; (3) to apply the system for selection of the sustainable renovation alternatives for the building in Ukraine; (4) to validate the research results; (5) to distinguish the potential future research directions, including new applications for emotion recognition in sustainable construction and renovation projects.



The methodological framework and the decision support system developed as part of this research can be adopted in all stages of renovation from decision making through investigation and design to construction activities. The results of the study can be useful for practitioners and researchers who investigate emotional satisfaction of stakeholders with renovation solutions.



The rest of this study is organised as follows. A literature review is presented in Section 2 on the tools, methods and systems available for decision making in the field of sustainable renovation. Section 3 describes the proposed framework for the selection of renovation solutions, including emotion recognition methods. Section 4 uses the case study of renovation solutions for a building located in Ukraine to demonstrate how the proposed methodology works and how the decision support information can be integrated with the BIM model. Section 5 presents a discussion and comparisons with the findings of other authors. Section 6 draws the final conclusion.




2. Literature Review


Recently, many researchers have analysed various sustainable renovation alternatives. Decision support systems or tools were developed to select the most efficient options (see Table 1).



The literature review reveals that the available methods and tools for sustainable renovation solutions have different aims. For instance, Ismaeel and Mohamed [12] published an extensive analysis of indoor air quality and Sick Building Syndrome and proposed a system for decision support in sustainable renovation based on structural equation modelling.



Serrano-Jiménez et al. [13] proposed a multiple-criteria decision support method for housing renovation to evaluate the economic, environmental, technical and social impacts of various renovation strategies.



Some of the tools were designed to ensure energy efficiency or indoor environment comfort. Sharif et al. [34], for instance, proposed variational autoencoders to generate whole-building renovation scenarios. Their research considered the Total Energy Consumption (TEC) and the Life Cycle Cost (LCC). Salvadó et al. [20] developed and tested a multiple-criteria decision support system that assists with the choice of refurbishment technologies by assessing the alternatives for the achievement of Near Zero Energy Building (NZEB) targets. Li et al. [29] proposed a methodology for decision support in the selection of low-carbon refurbishment solutions for apartment blocks in subtropical cities with CO2 emissions and energy consumption considered. Pombo et al. [30] used a multi-criteria approach for residential building retrofitting based on life cycle assessment. Zavadskas et al. [28] applied multi-attribute decision support for achieving near zero-energy buildings, where indoor conditions and energy consumption were considered. Duah and Syal [16] developed an intelligent decision support system for energy retrofitting (ERIDSS) to support homeowners. This system integrates expert knowledge with quantitative information obtained by using the Delphi method. It includes five knowledge-based modules covering lighting, energy saving and stand-alone measures, heating, cooling, and air conditioning, thermal envelope, and hot water heating, as well as installation solutions.



Other authors have developed sustainable renovation methodologies that integrate the three most important dimensions of sustainability and usually are based on multiple-criteria assessment methods. Serrano-Jiménez et al. proposed a multiple-criteria decision support method to assist with the selection of sustainable and feasible strategies for housing renovation [21]. Both methods and systems were tested in Sweden. Amorocho and Hartmann [14] used pairwise comparison and TOPSIS methods to develop a multiple-criteria framework for decision making related to the renovation of residential buildings. The basis of this framework was a hierarchically structured system of economic, social and environmental criteria; two case studies conducted in Spain and related to a five-story building were used to test the framework.



The simplified ‘holistic sustainability decision-making support framework’ developed by Kamari et al. [18] can assist in all project stages related to building renovation. This tool helps with auditing and renovation design development, as well as building performance information assessment and communication to relevant stakeholders. It can also be used to discover and check essential specific sustainability criteria for renovation. Authors [19] developed a renovation domain model to express and capture the essential concepts for various renovation options and proposed an innovative support framework for renovation design. A large case study related to a residential building in Denmark was carried out to test the system. Chiang [24] proposed an RBRCS, or Residential Building Refurbishment Criteria System, and applied the Fuzzy Delphi method, the analytic hierarchy process and the fuzzy logic theory to evaluate the refurbishment performance. The developed method was illustrated by six practical examples in Taiwan.



Khadra et al. [25] used multiple-criteria-weighted sum decision support methods to select an optimal sustainable renovation alternative in Sweden. Pannier et al. [23] integrated energy simulations and multi-objective optimisation and proposed a tool to identify priorities in renovation actions. This tool was used in the context of social housing.



Ma et al. [15] considered the importance of tacit knowledge and multiple objectives in the renovation process. They proposed an intelligent model for decision making in building retrofitting program planning. The authors looked at a few different data mining approaches with 152 retrofitted buildings as examples, and, using the XGBoost algorithm as a basis, constructed a tacit model for knowledge mining. Another integrated tool was developed by Juan et al. [17]; their decision support system combines an A* graph search algorithm with genetic algorithms for the assessment of existing conditions in office buildings and the recommendation of a set of sustainable renovation actions.



The integration of Building Information Modelling (BIM) and MCDM can improve information management and the decision-making process, together with sustainability, renovation, supply, safety and construction management. Tan et al. [6] analyse the improvement of the synergy between BIM and MCDM in practice for better decision making. The classification of property for refurbishment or renovation and the collection of data to cover the gaps of incomplete information for decision support is the main aim for both new and old buildings [35]. In this case, the assessment platform for the application of BIM methodology together with the evolution of expected costs can help to make the right property management decision.



Some researchers suggested the evaluation of sustainable reconstruction solutions with the application of BIM and the analytic hierarchy process (AHP) method [36] and others used MCDM methods for demolition solutions [37]. Another application of the BIM and AHP (analytic hierarchy process) methods was analysed by Jalilzadehazhari et al. [38] as multi-criteria decision-making methods to save building energy consumption and improve building comfort. Stegnar and Cerovšek [22], utilised BIM to determine energy efficient solutions for office building renovation. To validate their methodology, they carried out a case study related to a building in Brda, Slovenia. Bigger examples of decision-making solutions integrated with building information modelling for large-scale retrofit projects were analysed in China with the main strategic aim to reduce energy consumption and for sustainable development applications [7].



The identification of BIM project aims is very important for sustainable and BIM projects to deliver waste-efficient buildings [8] and can ruin projects or can become a barrier for BIM application, even at the whole-country level, which is why BIM risk evaluation is very important. It is possible to use BIM and design solutions for sustainable construction, together with material management [39], but the project time and cost risks must be evaluated to foresee decision uncertainties. Sanaz Tabatabaee and other researchers [40] developed the risk assessment prototype (PRAT) to evaluate the risk of BIM implementation in construction. Construction managers can effectively use this hybrid, comprehensive and efficient risk assessment system based on a pairwise comparison of thirty-two risk factors based on Fuzzy analysis methods.



The building restoration/renovation analysis is not only connected with residential or administrative buildings but also with industrial ones and all types of heritage buildings. Pavlovskis and other researchers analysed the possible and most rational refurbishment solutions [41] for the industrial building using the Weighted Aggregated Sum Product Assessment with Grey Attributes Scores (WASPAS-G) method and application of 3D model-based BIM methodology together with evaluation of life-cycle alternatives. Some authors emphasize that the biggest challenge in the restoration of heritage and historical buildings is authenticity and the lack of information about it, because the records and information can be lost [42]. Further renovation or restoration processes can be carried out after enormous efforts to restore data based on ancient construction systems, old materials, architectural solutions and archaeological remnants.



Only a few studies focused on the needs of specific stakeholders in renovation process. Serrano-Jiménez et al. [13] included social concerns and visual changes in multi-criteria decision support. Amorocho and Hartmann [14] emphasised the important role stakeholders should play in the process of decision making and revealed the importance of social aspects in sustainable renovation solutions. Kamari et al. [19] evaluated the degree of privacy, the degree of satisfaction, health and well-being. Serrano-Jiménez et al. [21] addressed the needs of aging populations. None of the studies considered stakeholders’ emotions towards renovation.



The ability to recognize human emotions can be demonstrated by behaviour, speech, facial expressions and physiological cues [43,44]. Many theorists and psychologists have included extra emotions in their lists of fundamental emotions that Ekman’s six [45] did not include. Some separated emotions into tiny groups [46,47,48,49], emphasising universal sentiments such as fear or anger (as negative emotions) and happiness or love (as positive emotions) [50]. In terms of recognising human emotions, there are many varied approaches. Asking the user a question, monitoring implicit parameters, speech recognition, facial expression recognition, vital sign detection and gesture recognition can all be used to identify emotions. Additionally, by combining multi-modal emotional signals, hybrid methods have been proposed that combine two or more of these approaches [51].



There are numerous techniques for recognising emotions that include audio and video information [52,53,54,55]. Using data collected from ten people during simulated racing settings, Katsis et al. [56] built a system that has been preliminarily verified for emotion recognition using an automated approach based on multiple biosignals. Support vector machines (SVMs) and an adaptive neuro-fuzzy inference system (ANFIS) were used for the classification. The total classification rates obtained by tenfold cross validation for the SVM and the ANFIS, respectively, were 79.3% and 76.7%.



Ducange et al. [57] suggested an effective decision support system for social media listening based on cross-source sentiment analysis models. Sent2affect is a particular form of transfer learning for emotional computing that was introduced by Kratzwald et al. [58]. The output layer is adjusted in this case to perform the task of emotion recognition after the network has been pre-trained for a different objective (in this example, sentiment analysis). The models were trained with the Adam optimizer, and whenever the validation error increased, the operation was terminated. In order to recognize emotions from EEG signals, Algarni et al. [59] suggested a deep learning-based method. The suggested method outperformed previous methods in terms of accuracy, achieving average accuracy for valence, arousal, and liking of 99.45%, 96.87%, and 99.68%, respectively. This is regarded as a strong performance for the emotion detection model.



A wide range of industries that base the operation of their hardware and machines, human–robot interaction and marketing on human emotional responses need emotion recognition. Solutions that enhance positive emotions can stimulate sustainable renovation actions, and emotional effects can also influence the feelings and perceptions of stakeholders. In addition to structured qualitative interviews, physiological cues can be used to understand consumer emotions. Construction companies should understand the way people feel and what leads to these specific feelings in order to build an emotional connection between the inhabitant and the product and create consumer demand. A new decision-making framework that captures emotion recognition is, therefore, proposed below.




3. Materials and Methods


The present research proposes a new decision-making framework for sustainable building renovation to support the development of renovation projects and report the results to stakeholders. Among social, economic and environmental criteria the focus is on the emotional and biometric data, which allows the evaluation of stakeholder satisfaction with the proposed renovation alternatives. The framework is shown in Figure 1.



The proposed framework is based on the multiple-criteria decision making. Multiple-criteria decision making (MCDM) is a branch of operations research [60]. Since the 1960s MCDM tools were extensively applied to solve problems in various fields such as the selection of materials, manufacturing, building design, construction, renovation and sustainability assessment. MCDM methods help to identify the best-performing alternatives according to a set of pre-defined criteria [61,62].



The proposed methodology is further described in detail.



Step 1. In the first step, renovation alternatives for a particular building are developed. In the design process, the sustainability of solutions will be considered, such as the reduction of CO2, appropriate thermal insulation, the use of renewable energy resources, the assurance of indoor and outdoor comfort for occupants, and the reduction of waste.



Step 2. Once the renovation alternatives have been determined, the next step is to determine specific evaluation criteria. As discussed previously in the literature review (see Section 2), all sustainability dimensions, i.e., environmental, economic and social, will be considered. To make the renovation attractive and acceptable for stakeholders it is also important to measure the emotional and physiological reactions of stakeholders to the proposed renovation alternatives; emotional and biometric criteria are, therefore, included in the analysis.



Step 3. Criteria weights are determined in this step. Various methods can be used for this purpose, such as the Delphi method, expert ranking, and AHP. Stakeholders have to select the most appropriate option.



Step 4. The values of criteria are determined in this step, including emotion recognition. Environmental criteria values are determined by means of real-life measurements. Economic criteria (e.g., cost) are determined by calculations. The way emotional and biometric data are determined is discussed in more detail below.



In present research, for the recognition of emotional states, FaceReader 7.1 with an optional remote photoplethysmography module, the X4M200 breath sensor, the FLIP A35SC infrared camera and the 720p FaceTime HD camera in the MacBook Air 2018 was used. FaceReader is a software that can analyse facial expressions in an automated manner and has been modified to recognise the emotions of participants.



The FaceReader used in this study was validated by Lewinski et al. [63] utilising two publicly available, impartial datasets on fundamental human emotions and assessing the precision of facial expression recognition. For FaceReader, matching results of 89% were reported in 2005. Lewinski et al.’s evaluation of FaceReader version 6.0 revealed that 88% of the emotional labels in the Warsaw Set of Emotional Facial Expression Pictures (WSEFEP) and Amsterdam Dynamic Facial Expression Set (ADFES) were accurately detected. In total, 85% of human emotions could be detected based on the two datasets’ average Facial Action Coding System (FACS) index of agreement, which was 0.69. The accuracy of fundamental emotion recognition by humans was also calculated by Lewinski et al. [63] for the two datasets, and it was found to be 87% for ADFES and 82% for WSEFEP. These researchers claim that FaceReader has proven to be a reliable predictor of basic emotional expressions over the past 10 years, and that when combined with FACS coding, it may be equally as reliable. Researchers found that FaceReader 6.0 had an overall accuracy rate of 88% for basic emotions. The FaceReader index of agreement is 0.69 for FACS accuracy [45]. Similar findings have been described in other studies on the reliability and accuracy of FaceReader, as well as their opinions of the device’s maker, Noldus Information Technology. The FLIR A35SC infrared camera has a thermal sensitivity of 0.05 °C and an accuracy of 2% (FLIR). The manufacturer calibrated and checked the camera, and the calibration certificate attested to the accuracy of the measurements. The metrological verification of thermographic cameras is performed once a year to make sure the error rate stays within the limits given by the manufacturer.



Self-reports were also collected from the participants to compare them with those elicited by viewing the sample data. The basis for this software is AI tools that make it possible to detect human reactions and subjective emotions based on input videos or even images. The outputs of the software are usually a series of quantitative data and charts that can be used to interpret underlying emotional states. These data were collected every second during the experiment. The study used these techniques, as well as XeThru technology [64] and a model-based face modelling method—the Active Appearance Model. This model describes the location of 500 facial key points and the facial texture of the specific area entangled by these points to synthesise an artificial face model. The Facial Action Coding System, the Method of Automatic Facial Expression Recognition, and the Continuous Calibration and Participant methods found in the FaceReader manual [65] were also used.



Certain requirements are applicable to each set of the equipment:




	
Internet speed should be at least 600 MB/s. The download speed should be 50 GB/s. A static external IP address is also required.



	
Enabled network connection is required.



	
All optimal sites being analysed should be identified. Depersonalised physiological and emotional states of the participants should be taken from a distance of 50 cm.








The emotion model for the renovation project based on the Russel’s circumplex model is presented in Figure 2. Emotions are triggered by many factors, such as judging an unexpected situation, making a decision, talking about past emotional experiences or observing another person’s emotional reactions. Friesen and Ekman [66] proposed the main emotions that are common to all people: happy, sad, angry, fear, surprise and disgust. Physiological arousal and the accompanying cognitions related to cues or situational determinants interact to create emotional experience. Facial expression plays an important role in reflecting the way emotional states change. When a unique facial expression is recognised as a certain emotion, this expression reveals that person’s feelings and provides social information.



In addition to the “neutral” state, used as a reference, the software in its classification also includes the baseline definitions of each individual state (total N = 6) targeting “sad”, “happy”, “disgusted”, “fearful”, “surprised” and “angry”. From a practical point of view, the software offers an instant rating of action units (from 0 to 1) related to all emotions that are detected. By quantifying baseline parameters such as arousal, valence, orientation of head, gaze direction, heart rate variability (skin conductance is analysed remotely for that purpose) and a few more personal details of the participants (such as age, sex, beard, whether the person wears glasses) can also provide useful feedback.



In addition to the analysis of facial emotions, heart rate variability (HRV) was measured. HRV is a method where the emotional state is assessed by looking at the measurement of how the interval between successive heartbeats changes, known as variability). This interval is called the “R-R interval” or “interbeat interval” and is measured in milliseconds (see Figure 3). The parasympathetic and sympathetic nervous systems, the two branches of the autonomic nervous system, work in synergy to regulate HRV. Parasympathetic nerves slow down the heart rate and sympathetic nerves make the heart beat faster. Stress, physical activities and emotions impact these changes [67].



HRV also depends on gender and age, smoking, coffee, alcohol, blood pressure and excess weight. Depression, glucose levels and infectious agents also play a role. HRV also depends to a considerable extent on hereditary genes. When heart rate variability is low, the person is relaxed, whereas an elevated HRV is a sign of a possible state of mental stress or frustration. An alternative to HRV based on an electrocardiogram is photoplethysmography, which is available in smart bracelets and smart watches (Apple Watch, Xiaomi Mi Smart Band, Huawei, etc.). The main advantage of HRV based on photoplethysmography is that no special human training is needed. A touch on the active surface of the sensor that lasts a few seconds is usually enough. The photoplethysmography method allows non-contact measurement [69]. This method has certain advantages that make it a viable potential option in many different applications, such as in the field of IoT and human–machine interaction. In the studied cases, when emotion detection needs to be accurate, other techniques should be used instead of the HRV technique, such as FaceReader. Big data analytics methods are a promising option.



The data on HRV was collected by using wearables (see Figure 4).



To capture the data, a smartphone and wearable device sensors were used. The data gathered in wearable devices first had to be transferred to a smartphone or computer and only then to its final storage. This transfer was carried out using proprietary solutions. An intermediate smartphone or an app can be used for data transferring from the wearable device to a third-party system.



Link 1. A native smartphone app signed up as an event collector in handheld sensors can gather data from the wearable device, which sends new data at certain time intervals to the smartphone. In the studied cases, this is done via Bluetooth.



Link 2. A built-in smartphone application, which periodically checks for internet connection and feeds data to a server when the connection is detected as available. The data gathered from wearable devices is stored in the smartphone app until an internet connection becomes available.



The following criteria were considered for the selection of wearable devices to be used in research:




	
The market share of its developer. Simple devices are preferrable because of their availability in the market.



	
The availability of sensors. Algorithms are designed to function with as few sensors as possible, but some sensors are important in indicator calculations. An accelerometer and a heart rate monitor are, therefore, a minimum set of required sensors.



	
Data transfer options available in the device. There must be some Application Programming Interface or tool that allows to transfer data stored in the device.



	
Availability and price. From the perspective of sustainable development, affordable and widely available devices were used in the project.








With these criteria in mind, Apple, Xiaomi and some Android Wear devices (such as Huawei) were selected to be used with certain Mi Fit/IHealth and Google Fit apps. These devices are direct access-enabled and allow the transfer of warehouse data. A special app on a computer (Windows/Mac) or smartphone (Android, iOS or Windows) had to be installed to initiate the transfer and synchronise data. The data available to third parties relates to physical activity: heart rate, sleep patterns, skin temperature, walked distance, calories consumed, number of steps, etc.



Data transfer on wearables—indirect access. One option is to install the Mi Fit app on the wearable device and on the smartphone. The selected wearable devices use available transmission modes to provide data for heart rate and skin temperature calculations in real-time. Our data analysis was carried out on a computer.



In this instance, the heart rate measured during the data-gathering period was used to determine the heart rate variability during the decision making. Heart rate variability is a physiological indicator mostly used in medical settings and is associated with mental, emotional and psychological states. HRV is explained through its link with the autonomic nervous system. The relative influence of two of its branches, the sympathetic nervous system and the parasympathetic nervous system, is displayed in an external file that contains a matrix of alternatives, images of buildings, diagrams, illustrations, etc. Cases where the ratio of sympathetic to parasympathetic activity is higher, for instance, have been linked to elevated mental stress. Since a higher heart rate means that sympathetic activity is higher than parasympathetic activity, such a rate is a signal of higher stress. This research explored HRV and its relationship with economic decisions, and these interpretations are based on the idea of mental stress measurement, which is also seen in the existing literature where economic research uses HRV data [70]. Specifically, decisional stress and heart rate variability reflect mental stress caused by emotions.



Step 5. All information and criteria related to renovation are stored in a BIM integration subsystem (see Section 4) for analysis of the BIM model parameters of the building, as well as the updating of data after the analysis procedures and multi-criteria assessment. The last two steps in our methodological framework (see Figure 1) are not final and can initiate a process return loop to the initial steps for better decisions based on continuous multi-criteria assessment of alternatives.



Multi-criteria assessment of alternatives were done using the COPRAS method [71]. Figure 5 shows the main steps of the method.



Step 6. The ranking of renovation alternatives according to multiple-criteria assessment results to create a Value Map.




4. Case Study


The methodology presented in the previous section was used to develop an intelligent decision support system, which helps to analyse and select the most appropriate renovation alternatives, based on conflicting criteria.



The site selected for the multi-criteria analysis of sustainable renovation project alternatives was in Ukraine and targeted reconstruction of a non-residential building into a residential building. The building is located at street Nizhniy Val, 31-A in the Podilskyi district of Kyiv, in a dense urban development; an urban structure of the district within the Central historical area. It is in the zone of regulation of category I buildings and in the archaeological protection zone, which is an integral part of the memory of monuments and history of local significance “Historical landscape of the Kyiv mountains and valleys of the Dnieper River”, on the territory of the archaeological monument of local significance “Cultural layer of the Podil IX–XVIII centuries”.



The object of study—reconstruction of three floors of a brick building (out of eight floors) with an unambiguous mountain roof type with metal tiles with the maximum public dimensions in terms of 46,940 × 9400 m, which provides a significant amount, performed by LLC “Engineering and Construction” in 2019 (see Figure 6). The capital building, built before 1917, with load-bearing living and transverse brick walls, 750 mm thick (external) and 620 mm (internal), overlapping over the coconut floor: monolithic on metal beams, over 1–3 floors wooden on wooden beams. Partitions—brick.



The reconstruction is based on the following documents:




	
Order of the Kyiv City State Administration No. 506 dated 05/26/2016 on the reconstruction of the building on the street Nizhnyi Val, 31-A;



	
Urban planning conditions and land development restrictions, issued by the Department of Urban Planning and Architecture of the City of Kyiv dated 24 May 2016 No. 456/16/12/2009-16;



	
Design task;



	
Extract from the database of the regular cadastral plan dated 2 June 2015;



	
Topoplan made by the “Kyivgeoinformatics” Institute;



	
Pre-project proposals developed by Transproekt CJSC;



	
Other documents.








The project includes the exterior decoration of the house, installation of metal–plastic windows, ventilation (air conditioners), a water supply system and heating and roof tiles, in accordance with the project task. The project does not include the transfer of any structure located on the design site, as well as the removal of the existing greenery.



The data gathered from this site were used to make comparisons between the results of this study and those of similar studies carried out by other authors. In this case study, pollution, physiological parameters of the crowd by age and gender, emotional (anger, sadness, happiness, etc.) and physiological (HRV) states of the participants were measured from September 2020 to September 2021.



The first step was to develop a neuro decision matrix and obtain the initial data for the correlation analysis where the physiological and emotional states of stakeholders from different groups by age and gender were considered. The three categories of criteria are included in the matrix:




	
Criteria of an energy-efficient and green construction project.



	
Criteria of local air pollution (CO, NO2, PM10, PM2.5) and noise levels (see Table 2).



	
Criteria of the depersonalised emotional and physiological states of participants gathered in the examined site, including the states of sadness, happiness, fear, anger, disgust, surprise, valence and heart rate variability.








4.1. Evaluation of Emotional States


Six Ukrainian real estate organizations were selected and interviewed to obtain a representative sample of the construction industry. The participants were 10 Ukrainian construction specialists who did not suffer from either cardiovascular or obviously mental pathologies, both males and females (41% and 59%, respectively) with an age range of 30–66 (the average age is 38.5 years), Ukrainian nationality, had at least two years of working experience and represented three main categories of property owners in Ukraine (e.g., small, medium-size and large private companies). However, the main attention was paid to organisations that owned rental offices. In total, participating organisations owned about 371 apartments, which corresponds to more than 2.7 thousand square meters of housing. In addition, two organisations also introduced a large number (about 180) of housing and construction cooperatives of different sizes, which are responsible for facility management, in Ukraine. A housing and building cooperative is a society in which each shareholder is a member and all members of the cooperative carry economic responsibility for buildings and real estate. Therefore, the ten organisations chosen formed a relatively high percentage of the total number of housing units in Ukrainian office buildings.



Virtual experimental analysis was based on the study of human behaviour in reconstruction scenarios considering facial expression analysis. For this, FaceReaderTM automatic facial expression recognition software was used. The participants were seated in a room and the survey was conducted from 8 am to 1 pm. A 720p FaceTime HD camera in the 2018 MacBook Air was used for video recording of emotional expressions. Two dimmable panel lamps of 110 W each were used for optimising lighting conditions. During filming, the participants sat on a chair, and the camera was located at a distance of 50 cm from them. The procedure of the experiment was as follows: the participant viewed a set of images of a building, illustrations, diagrams, a matrix of alternatives, etc. Participants had to make some decisions about certain situations in which some offers they could accept or reject. In addition, the participants were told that the proposed solutions related to the following different contexts: economic aspects, simplicity of the construction process, durability of materials, the guarantee period and aesthetic appearance. The participants were instructed to verbalise their feelings in qualitative interviews. Only one participant could take part in the experiment at a time. The duration of the experiment was analysed and recorded using FaceReader to obtain numerical values. The maximum numerical value for each emotion and each participant was extracted to determine emotional differences from renovation projects.



A total of 226,810 valid samples were collected after excluding invalid ones, with 22,890 data in total (249,700 data of viewing the samples by 10 experts). Data on physiological and emotional states, arousal and valence of experts were accumulated. Happiness, sadness, anger and other states were evaluated with points from 0 to 1. The emotion with the highest rating is dominant (see Table 3).



Measurements were carried out to compare the effect the neutral and six primary emotions of the participants made on the alternatives for the renovation project. Figure 7 presents the results of facial emotion recognition.



Once every participant’s highest value of each emotion was captured, the data on emotions were imported to run their analysis. The data were compared to identify the source of emotional differences. Sample results on emotional states related to the proposed alternative window options are provided below.



Happiness. The values of happiness have noticeable changes in the facial expression recognition result. The comparisons in Table 4 show that the participants feel happier with the parameter of noise pollution compared with the number of glazed panes or the number of sealing circuits.



Sadness. The subjects did not have notable changes in sad emotion while viewing the alternative options of windows (see Table 5).



Anger. The results show that the emotion of anger had low values during the experiment (see Table 6).



Surprised. Comparisons show that the participants expressed significantly higher surprise while viewing the blocks of price, number of sealing circuits and reliability (see Table 7).



Scared. The values for ‘scared’ do not have noticeable changes. The results indicate that the price blocks make the participants noticeably more scared compared with the other categories (see Table 8).



Disgust. The emotion of disgust stayed at the lowest values during the experiment, as shown in Table 9. The participants did not show any notable changes in their disgust.




4.2. Heart Rate Measurements


Heart rate data were analysed when the emotions of each participant were captured. This experiment relied on images of renovation projects, illustrations, diagrams and alternative matrices as emotional stimulus sources to elicit certain emotions. Participants were in a room in front of a computer monitor and the survey was conducted from 8 a.m. to 1 p.m. During the task, HR was recorded via a smartwatch system (see Figure 8). Specifically, the task required participants to make certain decisions about situations they were shown, which had offers they could accept or reject. In addition, the participants were told that the proposed solutions relate to the following different contexts: economic aspects, simplicity of the construction process, the durability of materials, warranty period, aesthetic appearance, etc.



Along with changes in emotional mood, cardiac activity changes, can also be extracted and used as signals of various emotions. Figure 9 shows several typical parameters used to extract features.



Parameters (1) and (3) show HR amplitude changes. Parameter (2) shows that HR follows an increasing scale over time, Parameter (4) shows the slope of the HR change, and Parameter (5) indicates the duration during which the HR data remain without changes.



The experiment proved that when a participant’s emotions change (happiness, sadness and a neutral state), their heart rate should reflect their mood accordingly. Statistical analysis showed that the rise in heart rate was significant when participants felt positive emotions, whereas negative emotions cause the heart rate to decrease. Statistical analysis also showed that emotions can be recognised and monitored in real-time using affordable, wearable devices. This method was fast, easy and simple to use on a wide range of portable devices available in the market. When smart bracelets are used for emotion recognition, it is suggested to first show the user standard neutral stimulation videos to obtain neutral mood heart rate data as a baseline to eliminate personalised differences.




4.3. Multiple-Criteria Assessment


In order for renovation projects to be fully sustainable, the interaction and interdependence of qualitative and quantitative features corresponding to objective and subjective values during the project life cycle seem to be an important point of focus. For this purpose, the multiple-criteria assessment by the COPRAS method was conducted. This analysis was based on economic, technological, demographic (men and women aged between 30 and 40, 41 and 50, and 51 and 66), psychographic criteria and criteria of consumer behaviour (anger, sadness, happiness, heart rate variability and valence). Multi-criteria analysis and the related calculations were performed using Stages 1–5 of the COPRAS method [71].



When studying expensive and time-consuming processes, it is justified to strive to obtain mathematical models with minimal cost and time expenditures. The human factor in decision-making can lead to incomplete or distorted data, which ultimately calls into question the reliability of the processed datasets. In this case, due to a large amount of data, it is advisable to automate the stages of analysis and the processing of measurement results in order to build relevant mathematical models. This, in turn, will allow the exclusion of the influence of the human factor on the results of the experiment and to reduce the time for its implementation. Decision makers, therefore, need an automatic tool that satisfies their requirements to support them in decision making.



Based on the COPRAS method and using the Python language [www.python.org], an automated stand for modelling an intelligent decision support system was developed.



In order to ensure its quality (reliability, update status, fullness, uniformity across data sources, importance, dependability, proper display, significance and availability), the data sent to the intelligent multi-criteria decision support system were cleaned as part of the data validation process. When this cleaning effort revealed that some data were incorrect, incorrect, partial, rounded, stacked, censored and missing data were removed. When it was feasible to do so, this issue was fixed. Thermal image segmentation, which involved determining the typical temperature of an individual’s face, was performed on a predetermined range. In order to exclude extraneous temperature measurements that could have altered the study’s findings, we solely measured the average crowd facial temperature. The average background temperatures of those who were not in the observation zone were later removed during the data processing stage.



The intelligent model base’s initial development was completed together with the creation of the specifications. The foundation of the intelligent model was validated and verified using an iterative model. Following that, the intelligent model base and its models were examined and tested to ensure their accuracy and validity. The recommendations model, the decision support and expert subsystem, and the intelligent decision support were all subjected to this validation and verification process. This method of verification showed that the concept of an intelligent multi-criteria decision support system and the intelligent model base and its models were well suited to each other. In this project, the expert technique was used, and logic flow diagrams were created to demonstrate the potential applications of modularity. The intelligent model base and its models were evaluated subjectively.



Table 10 shows sample input data for the evaluation of alternative window options. The input information covers: an initial list of criteria, the indicators of a higher/lower criterion value, ultimate weights of the criteria, etc. The weights of the criteria were determined by responses to questionnaires. Once completed, the questionnaires were processed and the concordance coefficient, which demonstrates the compatibility of expert assessments, calculated to determine to what extent the expertise is reliable.



The standard steps for the proposed method, after receiving the input information, determine the significance, usefulness and priority of the recovered elements. The script consisted of formulas from Stages 1–5 of the COPRAS method [71].



After downloading all of the necessary files and other information, the next step was to run the script. The output data, which is the result of the calculation of the automated system for choosing the best alternative to the object of research, come in the form of the final Excel table (see Table 11).



In this case, the most efficient window option is Alternative 5.



In addition to its feature that helps evaluate whether a certain solution is better than another among the possible options, the intelligent decision support system developed as part of this study can also be used in the initial procedures of design to define the main initiatives and areas towards holistic renovation of a building.



The data collected for that purpose and related to the essential factors provide background and the overall details of the renovation project. The main component in this decision-making system works as a Value Map (see Figure 10) and presents the main goals for sustainable renovation in a visual form. The focus is on multiple-criteria analysis and this component can be used in conjunction with the services of sustainability consultants.



Data must also be checked to make sure their collection has been statistically and methodologically sound. The results can be used to audit, monitor, and evaluate renovation effectiveness and assist with decision making throughout the life cycle of a project. This can be useful for identifying and establishing the key performance indicators and criteria in early steps of the design stage. In addition, the results can be used to guide stakeholder engagement and decision making. The advantages and disadvantages of each renovation alternative can also be compared to determine their specific value on a case-by-case basis.



Table 12 presents the performance evaluation system for the criteria of the sustainable development decision support system. A graded rating system is used with points between 1 to 5, where 1 indicates substandard quality, while 5 is the highest score in this framework marking what can currently be considered a roughly “fully sustainable retrofitting”, e.g., almost zero-energy renewable project.



The criteria used in this study can be of two types: either qualitative or quantitative. The factors that correspond to quantitative indicators in the Value Map are mostly quantifiable, such as service life or investment costs, duration of work or durability; their values can be determined in a sufficiently objective way. Quality factors mean that their evaluation has to be qualitative. The drawing stage is the step when these factors should be met and designed.




4.4. BIM Integration


As an application example the SAVAS prototype system was developed and adapted for renovation projects during the intelligent, self-learning and adaptive buildings (SAVAS) project. This integration of the Building Information Model (BIM) subsystem with the intelligent multi-criteria decision support (SAVAS) system helps professionals make the most rational renovation decision. This solution takes advantage of BIM technology’s most significant benefit: creating, storing, and managing comprehensive information about the renovated building. The DALUX software platform was selected as the basis of the BIM subsystem, in which the common data environment (CDE), 3D model (according to the principles of BIM methodology) and information/data management interfaces are combined. This information integration with BIM and possibility of the customisation for SAVAS needs was the most suitable solution with extensive configuration, data/information management functions and face/emotion recognition system application (connection with emotional data). Another benefit of the DALUX software platform is cloud-based storage and accessibility by every project participant. In the SAVAS prototype’s common data environment (CDE), a dynamic BIM integration subsystem represents multimodal data obtained and synchronised from SAVAS project participants or data from the analysis of emotion sources as described in previous Section 3 and Section 4 (see Figure 11).



In the SAVAS prototype’s common data environment (CDE), a dynamic integrated BIM subsystem represents multimodal data obtained and synchronised from SAVAS project participants or data from the analysis of emotion sources.



For example, Figure 12 shows the interface window for image recording and pro-cessing of detected faces. Figure 13 shows how the video recording system does not identify the face covered with the mask and does not capture the data. Figure 14 shows an example of the collected SAVAS emotional data fragmentation.



The parameters of the emotion indicators (such as happiness, sadness, angry surprised, scared and disgusted) collected and analysed in specific zones (considering the structure and interrelationships of the data layers) are linked to the 3D/geometrical elements of the BIM model shown in Figure 15. The DALUX platform enables detailed filtering and analysis of the BIM model parameters of the building, as well as updating and multimodal data after the analysis procedures for renovation decision.





5. Discussion


The authors [72,73,74,75,76,77,78,79,80] of this research have been analysing human emotional, affective and physiological states for many years and collected over a billion of these data in Vilnius city during the H2020 ROCK and BIM4REN projects. Data collection was connected with a BIM integration subsystem and gives the capability of application for visual machine-learning analysis. During these projects over 54,000 average and strong correlations were determined. Figure 16 gives several happiness relationships as an example.



The results show that participants expressed significant emotional differences in neutral, happy, sad, disgust and surprise states towards the renovation project. The participants had higher positive ratings for the selection of window replacement alternatives. Three-dimensional drawings could inspire participants to come up with more relevant ideas. In addition, the following limitations and precautions have been summarised when using FaceReader under experimental conditions: (1) when the data viewed by the participants was static, the statistical significance of negative emotions may have been lower; (2) FaceReader recognises neutral facial expressions as sadness.



This study can be useful for researchers who use the evaluation and analysis of human emotions when they need to choose a method appropriate for their purposes or are looking for alternative solutions. This approach provides a preferred foundation for researchers and designers in their respective areas of the construction industry and marketing. This method allows the parties involved in a construction process to find the most rational solutions and thus make sure renovation work is of high quality and well-timed with all stakeholders satisfied with the result. The results of this study present applicable methods for each type of emotion and their intensity and suggest their classification. A classification of emotion sensors is presented to reveal the scope and expected results of each method, with their limitations.



Feedback from stakeholders was collected for determining their decision-making practices in renovation solutions. None of the surveyed organisations currently takes into account greenhouse gas emissions due to the use of non-environmental materials during renovation. Four organisations expressed interest to start performing such estimations if they will have a simple budget tool. Incorporating residents’ opinions about a future renovation project or involving residents in the process is a challenge that can influence the result as well as residents’ satisfaction with the renovation project. None of the organisations had previously used any measurements or surveys for monitoring indoor environmental quality.



Three organisations reported that they hold joint meetings with tenants. The meetings are generally held to share information about future projects, and tenants are encouraged to utter their thoughts, which can influence decision making to some extent. None of the organisations conducts a survey of tenants before the start of the renovation to establish, e.g., environmental problems in the premises that can be solved during the renovation.



Organisations agreed that the proposed decision-making system could enhance the efficiency of the renovation. After comparing the results of integrated emotion and the traditional analysis it could be seen that the emotion indirectly increases the value of each alternative.



Previous studies [81,82] have shown that the software is an effective emotion analysis tool with 90% accuracy. Although previous research showed that participants took the experimental task seriously, FaceReader identified their emotions as anger [83]. These results prove that FaceReader can detect subtle and instantaneous changes in facial expressions in an objective manner and draw conclusions with a high degree of accuracy using potentially representative emotion components as a basis. Observations of the researchers and verbal responses of the participants are, however, necessary to understand the way participants feel and to discuss the face recognition results further. The key point of the facial recognition experiment is to distinguish changes in emotions. Each emotion is of a very short duration of about 0.5–4 s [66], thus differences between data points are difficult to quantify and not every frame of a participant’s video may be analysed. FaceReader can be used for reliable analysis of emotions by studying the way facial expressions of participants change, but researcher observation, participant self-reports and proper experimentation are also needed to minimise the potential for inconsistent results. The correlation signs shown in Table 13 are consistent with studies conducted around the world. Many studies, for instance, show that an increase in happiness leads to decreases in sadness (e.g., [84,85]).



According to Panoulas et al. [88], various broad models can be used to express emotions. Happiness, sadness, wrath, surprise, contempt and fear are among the main emotions, according to some authors [45]. According to some researchers [89], this model has shortcomings when it comes to accurately representing particular emotions in a wider spectrum of affective states. Measurement, representation and modelling of emotion recognition strongly rely on psychological theories for their guidance [90]. However, the concept of emotion theory is still developing and subject to vigorous discussion [91,92]. Additionally, context [93] can attenuate the effects of cultural, geographic and individual differences on how we may perceive, experience and express emotions [94,95].



This study has some limitations. The following factors need to be taken into account in any upcoming research:




	
Planning specialists, architects, constructors, etc. do not always have access to reliable, depersonalised, real-time biometric data, which restricts the method’s use. Due to this, gathering data is both prohibitively expensive and time-consuming.



	
Renovation projects could be more accurate by taking into account social, hedonic and customer-perceived values, emotional, affective, and biometric maps, in addition to those of the surrounding environment. As a result, more useful advice for enhancing renovation process efficiency would be generated.



	
Data and customer privacy concerns are the main obstacle to using the ASP System. Since May 2018, all businesses conducting business within every EU member state are required to abide by the data protection regulations outlined in the General Data Protection Regulation. These strengthened restrictions give the general public more control over data protection pertaining to their personal data.



	
The proposed approach is limited to calculating hedonic, customer-perceived, integrated, market and hedonic-investment values at a specific moment. Values of public spaces, communities, districts, and geographic places may include their monetary, social, and land worth. This shows that the suggested approach still has problems. Because of this, this methodology must be combined with other strategies, such as multi-attribute market value assessment (MAMVA) [96], which must be taken into account before beginning fresh investigations. The findings of this study, the MAMVA approach [96] and the neuro-decision tables [97,98,99,100] serve as the basis for estimating the economic, social, and land values of public areas, their surroundings, districts and regions.









6. Conclusions


The literature analysis shows that decision-making systems or tools do not integrate emotion recognition in renovation solutions. The present study has proposed an innovative decision-making framework and an intelligent system for sustainable renovation solutions, based on emotion recognition and BIM integration. The proposed system enables automation in calculation processes for sustainable renovation.



The experiment proved that when a participant’s emotions change (happiness, sadness and a neutral state), their heart rate should reflect their mood accordingly. Statistical analysis showed that the rise in heart rate was significant when participants felt positive emotions, whereas negative emotions cause the heart rate to decrease. Another conclusion is that real-time emotion monitoring and recognition is possible with affordable wearable devices. This method was easy, fast and simple to use on many portable devices available in the market. When smart bracelets are used for emotion recognition in real world settings, it is suggested to first show the user standard neutral stimulation videos to obtain a neutral mood heart rate data as a baseline. This way personalised differences can be eliminated.



The intelligent decision support system which was built as part of this study is not only intended to evaluate whether a certain solution is better than another among many possible options, but it can also be used according to BIM methodology in the early stages of design with a BIM integration subsystem to define the main initiatives and areas towards holistic renovation of a building.



The decision support system developed as part of this research can be adopted in all stages of renovation from decision making through investigation and design to construction activities and seamless handover and further maintenance. Integrated BIM subsystem described in research and shown in the methodological framework is a part of decisions support in the building life-cycle, and can be initiated as a process to return loop to the initial stage for better decisions based on continuous multi-criteria assessment of renovation alternatives.



The developed intelligent decision support system with BIM integration is not ideal, since it has certain limitations. Next is a brief discussion on how to eliminate them. In the future, the intention is to integrate the intelligent decision support system with currently available non-contact technologies for monitoring and modelling learner behaviours and applying advanced BIM solutions for information management. Therefore, the authors of this article anticipate integrating the intelligent decision support system with the analytics of verbal emotions, analysis of inaudible sound and eye tracking and emotion regression analysis [78,79], which would allow a more successfully tailored educational process for a learner in consideration of the accessible historical and real-time information. Students cannot hear sound frequencies measuring less than 20 Hz. According to Lippold [101], inaudible sound varies inversely with stress; that is, it decreases as stress increases. The stress experienced by a speaker suppresses inaudible microtremors. Voice stress analyser experts claim that these variations associate with aroused states [102]. Integration of eye tracking would result in better assessment of the emotions of learners. For example, the use of an eye tracker would enable determining where the glance of a learner falls and how his/her pupil changes in size (when it expands and when it contracts), as well as how often the learner blinks. Kaklauskas et al. [73] already partly performed these investigations.



Based on the current research, we highlight and discuss the future research directions as follows.



An opinion analytics module will be introduced to the intelligent multi-criteria decision support system, opening up two more possibilities:




	
With the users’ official authorisation, the system will be able to review comments made regarding the sustainable renovation on networking and social media sites, news media sites, and other online sites.



	
Without the owners’ consent, the desired content will not be automatically added to the opinion analytics module, which uses papers, evaluations, questionnaires, feedback, beliefs, notifications, documents, and various studies to analyse built environment issues.








In addition, three directions for research must be pursued in the future to improve the intelligent multi-criteria decision support system.



Regional communities could benefit from the idea of a triple bottom line, which combines social, economic and environmental considerations. It enables promoting sustainable economic development growth. The implementation of this idea also asks for increased collaboration between regional people, government officials, and corporate, nonprofit, and nonprofit organisation leaders [103]. Therefore, when trying to create a sustainable city, using the aid of an intelligent multi-criteria decision support system makes sense. It makes it possible to analyse urban communities and their inhabitants as a whole in the future. In this case, an integrated inquiry would be conducted to examine collective transparency, recollection, intelligence, sense, awareness, decision-making and problem-solving behaviour, reactions and activities. Additionally, group dynamics, crowd psychology, emotional environment, affective atmospheres and intergroup conversation would all be taken into account in this analysis along with the collective spirit of the people and the spirit of the nation.
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Figure 1. Methodological framework. 






Figure 1. Methodological framework.
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Figure 2. The emotion model for the reconstruction project using Russel’s circumplex model. 
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Figure 3. R-R interval of heart rate variability ([68], elaborated by authors). 
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Figure 4. The representation of a system for data transferring from a wearable device—indirect access. 
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Figure 5. The key stages of the COPRAS method. 
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Figure 6. Facade A-E of the building. 
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Figure 7. An example of action units from the recordings of the main emotional states, a case of one participant (measuring unit: points). 
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Figure 8. Sample of the HR segments in Mi Fit of the subjects were collected using a smart bracelet: (a) participant No. 1, (b) participant No. (2), (c) participant No. 3. 
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Figure 9. Typical HR parameters for distinguishing signs: (1) amplitude of increase; (2) hours of operation; (3) amplitude down; (4) slope; (5) T continue. 
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Figure 10. Emotional and economic criteria. A Value Map related to the same researched area in the developed decision-making framework (windows replacement is taken as an example. 
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Figure 11. SAVAS view in BIM integration subsystem (plan layout, 3D BIM model and the photo of the face/emotion recognition equipment). 
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Figure 12. Interface window for recording video and processing detected faces. 
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Figure 13. The video recording system does not identify the face with the mask and does not record data (highlighted in the red circle). 
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Figure 14. Example of fragmentation of collected SAVAS emotional data by separate users. 
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Figure 15. SAVAS view in BIM integration subsystem (plan layout, 3D BIM model and the emotional data). 
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Figure 16. The graphical and regression dependency between average daily happiness and (a) KD2.5, (b) KD10, (c) NO2, (d) CO, (e) magnetic storm, (f) apparent temperature, (g) atmospheric pressure, (h) O3, based on the data measured at six Vilnius city intersections. 
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Table 1. Summary of proposed multi-criteria decision-making tools/systems for sustainable renovation.
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	Authors
	Proposed Methods/Systems/Tools
	Criteria
	Methods





	Ismaeel and Mohamed [12]
	SEM-DSS model for sustainable building renovation
	Indoor air quality
	Structural equation modelling



	Serrano-Jiménez et al. [13]
	A multiple-criteria decision support method for the selection of sustainable and feasible housing renovation strategies
	Technical complexity, scale, duration, social concerns, standard improvements, waste production, relocation, noise and nuisance, visual changes, energy reduction
	Multiple-criteria assessment (scoring) and economic feasibility analysis



	Amorocho and Hartmann [14]
	A decision-making framework based on multiple criteria for the renovation of residential buildings
	Predefined flexible criteria tree. Environmental, economic, social
	Pairwise comparison and TOPSIS methods



	Gade et al. [1]
	REDIS, a decision support tool based on values for the renovation of building portfolios
	Criteria are case sensitive; selected by stakeholders from a list
	AHP



	Ma et al. [15]
	Intelligent retrofit decision model to offer support in-building program planning
	Total retrofit area, thermal insulation requirement, retrofit cost
	XGBoost algorithm



	Duah and Syal [16]
	Intelligent decision support system for energy retrofitting (ERIDSS); the system integrates quantitative information with expert knowledge
	Heating, cooling and air conditioning measures, lighting measures, thermal envelope measures, hot water heating measures, energy saving and stand-alone measures, installation
	Delphi technique, development of knowledge-based modules



	Juan et al. [17]
	A hybrid decision support system to support improvements in energy performance and sustainable renovation of office buildings
	Sustainable site, energy efficiency, water efficiency, material and resources, indoor environment quality
	A hybrid approach that combines genetic algorithms (GA) with A* graph search algorithm



	Kamari et al. [18]
	Decision making in building renovation focused on sustainability
	Feasibility, accountability, and functionality
	Spider net diagram



	Kamari et al. [19]
	Renovation domain model
	Energy consumption, energy frames, investment cost, discomfort hours above 27 and 28 (°C), indoor thermal comfort, indoor air quality, daylight requirements, DF (daylight factor), view-out quality, degree of satisfaction, degree of privacy, health and well-being
	Domain Model: a formal (logic-based) domain-specific language, action trees



	Salvadó et al. [20]
	Decision Support System to assist in the selection of technology based on multiple-criteria ranking: applied to NZEB refurbishment
	Comfort, CO2 emission reduction, profitability, human health, ecosystem quality, resources consumption
	Ranking algorithm



	Serrano-Jiménez et al. [21]
	Decision support system that uses an integral assessment method to evaluate architectural interventions for aging population
	Constructive process, economic revaluation, peoples’ demands and technical requirements, social benefits
	Giving values between 0 and 100 to renovation measures,



	Stegnar and Cerovšek [22]
	Progressive BIM approach for the holistic renovation of office buildings with focus on energy
	Indoor comfort, energy efficiency, water efficiency, pollution
	BIM methodology



	Pannier et al. [23]
	A priority identification tool to determine buildings to be retrofitted and actions to be taken (used in social housing context)
	Cost and environmental criteria
	Multiple-objective optimisation and dynamic building energy simulations



	Chiang [24]
	Residential Building Refurbishment Criteria System (RBRCS)
	Three domains: engineering management, corporate social responsibility, the protection of environment
	Fuzzy logic theory, analytic hierarchy process, fuzzy Delphi method



	Khadra et al. [25]
	Method for selecting optimal renovation alternative
	Economic, social and ecological criteria
	Weighted Sum Method



	Taillandier et al. [26]
	Supports decisions on renovation actions designed to reduce energy consumption in homes
	Environmental, economic, social
	ELECTRE III



	Olsson et al. [27]
	Sustainable renovation approach to support decision making in early project stages
	Environmental and economic
	No particular method



	Zavadskas et al. [28]
	Multi-attribute decision support for achieving nearly zero-energy buildings
	Energy consumption, indoor environment
	TOPSIS, ARAS WASPAS



	Li et al. [29]
	Tool that helps make decisions on the choice of refurbishment solutions focused on low carbon for apartment blocks in subtropical cities
	CO2 emissions and energy
	No particular method



	Pombo et al. [30]
	Multiple-criteria approach to retrofit residential buildings
	Life cycle assessment
	Pareto front



	Castro et al. [31]
	Decision matrix methodology for retrofitting techniques of existing buildings
	Economic and environmental aspects
	Pareto front, matrix



	Perera et al. [32]
	Environmental and economic analysis based on scenarios for clean energy incentives in homes
	Environmental and economic
	TOPSIS



	Chang et al. [33]
	Support for decisions on building envelope retrofitting
	Thermal comfort, economic and environmental aspects
	Genetic algorithm
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Table 2. Air and noise pollution data from the examined location in Ukraine.
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Examined Site and Its Number

	
CO, ppm

	
Noise, dB

	
Particulate Matter (PM10), mg/m3

	
Particulate Matter (PM2.5), mg/m3

	
NO2, ppb






	
Allowable Values




	

	
4.4

	
30–40

	
20

	
12

	
53




	
Nyzhniy Val 31-A in the Podilskyi district of Kyiv

	
0.7

	
41

	
27.00

	
36.45

	
56.38








According to the Ukrainian State Sanitary Norms, the maximum number of days when the daily limit value of particulate matter PM2.5 (20 mg/m3), PM10 (20 mg/m3), CO (4.4 ppm) and NO2 (53 ppb) can be exceeded is 35 days per year. The noise in residential premises must not exceed 40 dB during the day and 30 dB at night according to the Law: Order No. 463 of 22 February 2019 on the Adoption of the State Sanitary Norms for the Noise Impact for Residential and Public Premises and in Residential Areas. The data taken from the open data source https://www.saveecobot.com/maps#14/50.3535/30.8966/pm25/ (accessed on 10 October 2022).
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Table 3. The data of facially recognised emotions (measuring unit: points).






Table 3. The data of facially recognised emotions (measuring unit: points).





	Neutral
	Happy
	Sad
	Angry
	Surprised
	Scared
	Disgusted
	Valence
	Arousal
	Gender
	Mouth
	Left Eye
	Right Eye





	0.9016
	0.0009
	0.0077
	0.0398
	0.0560
	0.0921
	0.0053
	−0.0912
	0.2475
	F
	Closed
	Open
	Open



	0.9016
	0.0009
	0.0077
	0.0398
	0.0560
	0.0921
	0.0053
	−0.0912
	0.2475
	F
	Closed
	Open
	Open



	0.9018
	0.0009
	0.0077
	0.0398
	0.0563
	0.0921
	0.0053
	−0.0912
	0.2475
	F
	Closed
	Open
	Open



	0.9024
	0.0009
	0.0076
	0.0395
	0.0570
	0.0917
	0.0052
	−0.0908
	0.2475
	F
	Closed
	Open
	Open



	0.9031
	0.0009
	0.0075
	0.0391
	0.0575
	0.0915
	0.0051
	−0.0906
	0.2475
	F
	Closed
	Open
	Open



	0.9041
	0.0009
	0.0073
	0.0386
	0.0579
	0.0910
	0.0051
	−0.0901
	0.2475
	F
	Closed
	Open
	Open



	0.9052
	0.0009
	0.0072
	0.0382
	0.0580
	0.0905
	0.0049
	−0.0895
	0.2475
	F
	Closed
	Open
	Open



	0.9063
	0.0009
	0.0071
	0.0378
	0.0582
	0.0898
	0.0048
	−0.0888
	0.2475
	F
	Closed
	Open
	Open



	0.9074
	0.0009
	0.0071
	0.0374
	0.0582
	0.0889
	0.0047
	−0.0879
	0.2475
	F
	Closed
	Open
	Open



	0.9079
	0.0010
	0.0076
	0.0373
	0.0575
	0.0870
	0.0046
	−0.0860
	0.2475
	F
	Closed
	Open
	Open



	0.9066
	0.0010
	0.0095
	0.0371
	0.0563
	0.0844
	0.0047
	−0.0833
	0.2475
	F
	Closed
	Open
	Open



	0.9040
	0.0011
	0.0131
	0.0369
	0.0548
	0.0812
	0.0051
	−0.0800
	0.2475
	F
	Closed
	Open
	Open



	0.9024
	0.0012
	0.0164
	0.0368
	0.0531
	0.0778
	0.0052
	−0.0765
	0.2475
	F
	Closed
	Open
	Open



	0.9019
	0.0014
	0.0189
	0.0367
	0.0514
	0.0744
	0.0055
	−0.0730
	0.2475
	F
	Closed
	Open
	Open



	0.9023
	0.0015
	0.0209
	0.0367
	0.0499
	0.0713
	0.0057
	−0.0698
	0.2475
	F
	Closed
	Open
	Open



	0.9034
	0.0016
	0.0224
	0.0367
	0.0485
	0.0686
	0.0058
	−0.0669
	0.2475
	F
	Closed
	Open
	Open



	0.9053
	0.0017
	0.0234
	0.0368
	0.0472
	0.0661
	0.0059
	−0.0643
	0.2475
	F
	Closed
	Open
	Open



	0.9076
	0.0019
	0.0239
	0.0367
	0.0460
	0.0639
	0.0059
	−0.0621
	0.2475
	F
	Closed
	Open
	Open



	0.9102
	0.0020
	0.0241
	0.0366
	0.0449
	0.0619
	0.0059
	−0.0599
	0.2475
	F
	Closed
	Open
	Open



	0.9130
	0.0020
	0.0241
	0.0363
	0.0439
	0.0604
	0.0058
	−0.0583
	0.2475
	F
	Closed
	Open
	Open



	0.9160
	0.0021
	0.0238
	0.0359
	0.0432
	0.0591
	0.0057
	−0.0569
	0.2475
	F
	Closed
	Open
	Open



	0.9190
	0.0021
	0.0233
	0.0354
	0.0424
	0.0579
	0.0055
	−0.0557
	0.2475
	F
	Closed
	Open
	Open



	0.9221
	0.0022
	0.0226
	0.0348
	0.0419
	0.0568
	0.0053
	−0.0546
	0.2475
	F
	Closed
	Open
	Open



	0.9249
	0.0022
	0.0219
	0.0342
	0.0413
	0.0561
	0.0051
	−0.0539
	0.2475
	F
	Closed
	Open
	Open



	0.9276
	0.0022
	0.0211
	0.0336
	0.0409
	0.0558
	0.0049
	−0.0536
	0.2475
	F
	Closed
	Open
	Open



	0.9301
	0.0022
	0.0202
	0.0330
	0.0408
	0.0556
	0.0047
	−0.0534
	0.2475
	F
	Closed
	Open
	Open



	0.9326
	0.0022
	0.0193
	0.0325
	0.0410
	0.0554
	0.0045
	−0.0532
	0.2475
	F
	Closed
	Open
	Open



	0.9350
	0.0022
	0.0184
	0.0319
	0.0413
	0.0551
	0.0043
	−0.0529
	0.2475
	F
	Closed
	Open
	Open



	0.9374
	0.0022
	0.0175
	0.0314
	0.0417
	0.0546
	0.0041
	−0.0524
	0.2475
	F
	Closed
	Open
	Open



	0.9398
	0.0022
	0.0166
	0.0309
	0.0421
	0.0541
	0.0039
	−0.0518
	0.2475
	F
	Closed
	Open
	Open



	0.9421
	0.0022
	0.0158
	0.0304
	0.0427
	0.0533
	0.0037
	−0.0511
	0.2475
	F
	Closed
	Open
	Open



	0.9442
	0.0022
	0.0149
	0.0300
	0.0433
	0.0526
	0.0035
	−0.0504
	0.2475
	F
	Closed
	Open
	Open



	0.9461
	0.0022
	0.0141
	0.0295
	0.0440
	0.0519
	0.0034
	−0.0497
	0.2475
	F
	Closed
	Open
	Open



	0.9504
	0.0022
	0.0119
	0.0282
	0.0466
	0.0503
	0.0029
	−0.0480
	0.2475
	F
	Closed
	Open
	Open



	…
	…
	…
	…
	…
	…
	…
	…
	…
	…
	…
	…
	…



	0.7967
	0.01616
	0.0192
	0.0120
	0.1999
	0.0581
	0.0041
	−0.0418
	0.3546
	F
	Closed
	Open
	Open
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Table 4. The results for ‘happiness’.






Table 4. The results for ‘happiness’.





	
Number of the Category *




	
Participant

	
1

	
2

	
3

	
4

	
5

	
6

	
7

	
8

	
9

	
10

	
11

	
12

	
13

	
14

	
15




	
Eur

	
Years

	
Years

	
Years

	
Days

	
mm

	
Number

	
W/m2 K

	
Number

	
m3/m2/h

	
dB

	
%RH

	
Pa

	
%

	
Cycles






	
1

	
0.048

	
0.1146

	
0.3136

	
0.1551

	
0.0836

	
0.5051

	
0.1551

	
0.1987

	
0.1183

	
0.7927

	
0.8999

	
0.9259

	
0.8890

	
0.8652

	
0.8561




	
2

	
0.052

	
0.1298

	
0.3310

	
0.1423

	
0.7650

	
0.5003

	
0.1423

	
0.2356

	
0.1141

	
0.8074

	
0.9066

	
0.9222

	
0.8846

	
0.8647

	
0.8532




	
3

	
0.0568

	
0.1463

	
0.3459

	
0.1304

	
0.0700

	
0.4934

	
0.1304

	
0.2746

	
0.1095

	
0.8209

	
0.9123

	
0.9183

	
0.8806

	
0.8640

	
0.8492




	
4

	
0.0623

	
0.1660

	
0.3617

	
0.1193

	
0.0641

	
0.4835

	
0.1193

	
0.3136

	
0.1045

	
0.8334

	
0.9173

	
0.9142

	
0.8773

	
0.8632

	
0.8438




	
5

	
0.0682

	
0.1873

	
0.3756

	
0.1092

	
0.0587

	
0.4728

	
0.1092

	
0.3526

	
0.0996

	
0.845

	
0.9218

	
0.9101

	
0.8748

	
0.8626

	
0.8361




	
6

	
0.0748

	
0.2105

	
0.3875

	
0.0999

	
0.0538

	
0.4616

	
0.0999

	
0.3911

	
0.0952

	
0.8558

	
0.9259

	
0.9064

	
0.8727

	
0.8619

	
0.8265




	
7

	
0.0815

	
0.2329

	
0.3983

	
0.0914

	
0.0494

	
0.4496

	
0.0914

	
0.4284

	
0.0916

	
0.8661

	
0.9289

	
0.9033

	
0.8704

	
0.8612

	
0.8144




	
8

	
0.0883

	
0.2553

	
0.4077

	
0.0836

	
0.0455

	
0.4371

	
0.0836

	
0.4642

	
0.0888

	
0.8757

	
0.9305

	
0.9003

	
0.8684

	
0.8603

	
0.7999




	
9

	
0.0955

	
0.2766

	
0.417

	
0.0765

	
0.042

	
0.4239

	
0.0765

	
0.4988

	
0.0873

	
0.8845

	
0.9304

	
0.8969

	
0.8669

	
0.8592

	
0.7847




	
10

	
0.1027

	
0.2964

	
0.4255

	
0.0700

	
0.039

	
0.4084

	
0.0700

	
0.5322

	
0.0955

	
0.8926

	
0.9286

	
0.8932

	
0.8660

	
0.8580

	
0.7677








* Category and its number: (1) price, (2) payback period, (3) guarantee period, (4) durability, (5) duration of works, (6) maximum glass unit thickness, (7) number of glazed panes, (8) thermal transmission coefficient of glazing units, (9) number of sealing circuits, (10) air leakage, (11) noise pollution, (12) condensation resistant, (13) waterproofness, (14) light transmission of double-glazing units and (15) reliability.
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Table 5. The results for ‘sadness’.






Table 5. The results for ‘sadness’.





	
Number of the Category *




	
Participant

	
1

	
2

	
3

	
4

	
5

	
6

	
7

	
8

	
9

	
10

	
11

	
12

	
13

	
14

	
15




	
Eur

	
Years

	
Years

	
Years

	
Days

	
mm

	
Number

	
W/m2 K

	
Number

	
m3/m2/h

	
dB

	
%RH

	
Pa

	
%

	
Cycles






	
1

	
0.0464

	
0.0263

	
0.0128

	
0.0206

	
0.024

	
0.0042

	
0.0206

	
0.0861

	
0.0116

	
0.0140

	
0.0050

	
0.0019

	
0.0015

	
0.0014

	
0.0013




	
2

	
0.0444

	
0.0246

	
0.0119

	
0.0214

	
0.0239

	
0.004

	
0.0214

	
0.0798

	
0.0111

	
0.0126

	
0.0045

	
0.0018

	
0.0015

	
0.0014

	
0.0013




	
3

	
0.0423

	
0.023

	
0.0111

	
0.0222

	
0.0237

	
0.0039

	
0.0222

	
0.0738

	
0.0107

	
0.0114

	
0.0040

	
0.0017

	
0.0015

	
0.0013

	
0.0013




	
4

	
0.0401

	
0.0214

	
0.0103

	
0.0231

	
0.0234

	
0.0038

	
0.0231

	
0.0681

	
0.0104

	
0.0103

	
0.0036

	
0.0016

	
0.0015

	
0.0013

	
0.0014




	
5

	
0.038

	
0.0199

	
0.0097

	
0.0237

	
0.0232

	
0.0037

	
0.0237

	
0.0627

	
0.0102

	
0.0093

	
0.0033

	
0.0016

	
0.0015

	
0.0013

	
0.0014




	
6

	
0.0359

	
0.0185

	
0.0091

	
0.024

	
0.0229

	
0.0036

	
0.024

	
0.0577

	
0.0101

	
0.0084

	
0.0029

	
0.0017

	
0.0015

	
0.0013

	
0.0014




	
7

	
0.0338

	
0.0172

	
0.0086

	
0.0241

	
0.0225

	
0.0035

	
0.0241

	
0.0529

	
0.0099

	
0.0076

	
0.0027

	
0.0015

	
0.0015

	
0.0013

	
0.0014




	
8

	
0.0318

	
0.0159

	
0.0082

	
0.024

	
0.0221

	
0.0034

	
0.024

	
0.0485

	
0.0097

	
0.0068

	
0.0024

	
0.0015

	
0.0014

	
0.0013

	
0.0015




	
9

	
0.0299

	
0.0148

	
0.0078

	
0.0239

	
0.0216

	
0.0034

	
0.0239

	
0.0443

	
0.0095

	
0.0061

	
0.0022

	
0.0015

	
0.0014

	
0.0013

	
0.0015




	
10

	
0.0281

	
0.0137

	
0.0074

	
0.0237

	
0.0211

	
0.0034

	
0.0237

	
0.0405

	
0.0101

	
0.0055

	
0.0021

	
0.0015

	
0.0014

	
0.0013

	
0.0016








* Category and its number: (1) price, (2) payback period, (3) guarantee period, (4) durability, (5) duration of works, (6) maximum glass unit thickness, (7) number of glazed panes, (8) thermal transmission coefficient of glazing units, (9) number of sealing circuits, (10) air leakage, (11) noise pollution, (12) condensation resistant, (13) waterproofness, (14) light transmission of double-glazing units and (15) reliability.
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Table 6. The results for ‘angry’.






Table 6. The results for ‘angry’.





	
Number of the Category *




	
Participant

	
1

	
2

	
3

	
4

	
5

	
6

	
7

	
8

	
9

	
10

	
11

	
12

	
13

	
14

	
15




	
Eur

	
Years

	
Years

	
Years

	
Days

	
mm

	
Number

	
W/m2 K

	
Number

	
m3/m2/h

	
dB

	
%RH

	
Pa

	
%

	
Cycles






	
1

	
0.0025

	
0.002

	
0.0131

	
0.0155

	
0.0018

	
0.0131

	
0.0147

	
0.0003

	
0.0027

	
0.0010

	
0.0006

	
0.0006

	
0.0005

	
0.0004

	
0.0025




	
2

	
0.0024

	
0.002

	
0.0020

	
0.0136

	
0.0158

	
0.0018

	
0.0136

	
0.0138

	
0.0003

	
0.0025

	
0.0009

	
0.0006

	
0.0006

	
0.0005

	
0.0005




	
3

	
0.0023

	
0.002

	
0.0019

	
0.0140

	
0.0160

	
0.0019

	
0.0140

	
0.0129

	
0.0003

	
0.0022

	
0.0008

	
0.0006

	
0.0006

	
0.0005

	
0.0005




	
4

	
0.0022

	
0.002

	
0.0019

	
0.0143

	
0.0162

	
0.0019

	
0.0143

	
0.0121

	
0.0003

	
0.0020

	
0.0008

	
0.0006

	
0.0006

	
0.0005

	
0.0005




	
5

	
0.0022

	
0.002

	
0.0019

	
0.0146

	
0.0164

	
0.002

	
0.0146

	
0.0112

	
0.0003

	
0.0018

	
0.0007

	
0.0006

	
0.0006

	
0.0005

	
0.0006




	
6

	
0.0022

	
0.002

	
0.0019

	
0.0149

	
0.0165

	
0.0022

	
0.0149

	
0.0104

	
0.0003

	
0.0017

	
0.0007

	
0.0006

	
0.0006

	
0.0004

	
0.0006




	
7

	
0.0021

	
0.002

	
0.0018

	
0.0152

	
0.0166

	
0.0023

	
0.0152

	
0.0096

	
0.0003

	
0.0015

	
0.0007

	
0.0006

	
0.0006

	
0.0004

	
0.0006




	
8

	
0.0021

	
0.002

	
0.0018

	
0.0155

	
0.0168

	
0.0025

	
0.0155

	
0.0089

	
0.0003

	
0.0014

	
0.0006

	
0.0006

	
0.0006

	
0.0004

	
0.0006




	
9

	
0.0021

	
0.002

	
0.0017

	
0.0158

	
0.0167

	
0.0026

	
0.0158

	
0.0082

	
0.0003

	
0.0012

	
0.0006

	
0.0006

	
0.0005

	
0.0004

	
0.0006




	
10

	
0.0021

	
0.002

	
0.0016

	
0.016

	
0.0166

	
0.0029

	
0.016

	
0.0075

	
0.0011

	
0.0011

	
0.0006

	
0.0006

	
0.0005

	
0.0004

	
0.0006








* Category and its number: (1) price, (2) payback period, (3) guarantee period, (4) durability, (5) duration of works, (6) maximum glass unit thickness, (7) number of glazed panes, (8) thermal transmission coefficient of glazing units, (9) number of sealing circuits, (10) air leakage, (11) noise pollution, (12) condensation resistant, (13) waterproofness, (14) light transmission of double-glazing units and (15) reliability.
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Table 7. The results for ‘surprised’.






Table 7. The results for ‘surprised’.





	
Number of the Category *




	
Participant

	
1

	
2

	
3

	
4

	
5

	
6

	
7

	
8

	
9

	
10

	
11

	
12

	
13

	
14

	
15




	
Eur

	
Years

	
Years

	
Years

	
Days

	
mm

	
Number

	
W/m2 K

	
Number

	
m3/m2/h

	
dB

	
%RH

	
Pa

	
%

	
Cycles






	
1

	
0.2589

	
0.2288

	
0.1544

	
0.1113

	
0.1135

	
0.0264

	
0.1113

	
0.0864

	
0.3937

	
0.0157

	
0.0070

	
0.019

	
0.0190

	
0.0721

	
0.0732




	
2

	
0.2565

	
0.2231

	
0.1478

	
0.1129

	
0.1133

	
0.0252

	
0.1129

	
0.0803

	
0.3928

	
0.0144

	
0.0066

	
0.0233

	
0.0233

	
0.0730

	
0.0713




	
3

	
0.2538

	
0.2166

	
0.1426

	
0.1138

	
0.113

	
0.0243

	
0.1138

	
0.0744

	
0.3914

	
0.0132

	
0.0063

	
0.0273

	
0.0273

	
0.0737

	
0.0693




	
4

	
0.2511

	
0.2095

	
0.1375

	
0.1140

	
0.1127

	
0.0234

	
0.1140

	
0.0688

	
0.3911

	
0.0121

	
0.0061

	
0.0306

	
0.0306

	
0.0744

	
0.0674




	
5

	
0.2477

	
0.2019

	
0.1319

	
0.1142

	
0.1126

	
0.0227

	
0.1142

	
0.0636

	
0.3925

	
0.0111

	
0.0060

	
0.0335

	
0.0335

	
0.0749

	
0.0662




	
6

	
0.2442

	
0.1937

	
0.1265

	
0.1141

	
0.1125

	
0.0221

	
0.1141

	
0.0586

	
0.3966

	
0.0102

	
0.0064

	
0.0362

	
0.0362

	
0.0755

	
0.0652




	
7

	
0.2413

	
0.1856

	
0.1206

	
0.1139

	
0.1122

	
0.0217

	
0.1139

	
0.054

	
0.4019

	
0.0093

	
0.0077

	
0.0384

	
0.0384

	
0.0761

	
0.0651




	
8

	
0.2383

	
0.1776

	
0.1145

	
0.1135

	
0.1119

	
0.0213

	
0.1135

	
0.0497

	
0.4073

	
0.00867

	
0.0096

	
0.0405

	
0.0405

	
0.0762

	
0.0670




	
9

	
0.2354

	
0.1692

	
0.1082

	
0.1133

	
0.1115

	
0.0212

	
0.1133

	
0.0457

	
0.4093

	
0.0080

	
0.0122

	
0.0428

	
0.0428

	
0.0758

	
0.0705




	
10

	
0.2333

	
0.1614

	
0.1019

	
0.1130

	
0.1107

	
0.0222

	
0.1130

	
0.0420

	
0.4054

	
0.0075

	
0.0154

	
0.0451

	
0.0451

	
0.0747

	
0.0755








* Category and its number: (1) price, (2) payback period, (3) guarantee period, (4) durability, (5) duration of works, (6) maximum glass unit thickness, (7) number of glazed panes, (8) thermal transmission coefficient of glazing units, (9) number of sealing circuits, (10) air leakage, (11) noise pollution, (12) condensation resistant, (13) waterproofness, (14) light transmission of double-glazing units and (15) reliability.
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Table 8. The results for ‘scared’.






Table 8. The results for ‘scared’.





	
Number of the Category *




	
Participant

	
1

	
2

	
3

	
4

	
5

	
6

	
7

	
8

	
9

	
10

	
11

	
12

	
13

	
14

	
15




	
Eur

	
Years

	
Years

	
Years

	
Days

	
mm

	
Number

	
W/m2 K

	
Number

	
m3/m2/h

	
dB

	
%RH

	
Pa

	
%

	
Cycles






	
1

	
0.2496

	
0.2466

	
0.179

	
0.0946

	
0.0988

	
0.0372

	
0.0946

	
0.0464

	
0.0519

	
0.0114

	
0.0048

	
0.0539

	
0.1032

	
0.1301

	
0.1146




	
2

	
0.2485

	
0.2421

	
0.1708

	
0.0968

	
0.0969

	
0.0378

	
0.0968

	
0.0446

	
0.0552

	
0.0105

	
0.0044

	
0.0637

	
0.1073

	
0.1299

	
0.1102




	
3

	
0.2475

	
0.2367

	
0.1622

	
0.0985

	
0.0959

	
0.0387

	
0.0985

	
0.0426

	
0.0587

	
0.0097

	
0.0041

	
0.0714

	
0.1106

	
0.1294

	
0.1057




	
4

	
0.2472

	
0.2305

	
0.1541

	
0.1003

	
0.0961

	
0.0400

	
0.1003

	
0.0405

	
0.0627

	
0.0089

	
0.0039

	
0.0775

	
0.01136

	
0.1287

	
0.1012




	
5

	
0.2481

	
0.2241

	
0.1460

	
0.1013

	
0.0971

	
0.0414

	
0.1013

	
0.0383

	
0.0684

	
0.0081

	
0.0042

	
0.0825

	
0.1156

	
0.1281

	
0.0966




	
6

	
0.2493

	
0.2171

	
0.1380

	
0.1012

	
0.0993

	
0.0429

	
0.1012

	
0.0361

	
0.0752

	
0.0074

	
00.56

	
0.0867

	
0.1186

	
0.1276

	
0.0921




	
7

	
0.2503

	
0.2099

	
0.1301

	
0.1003

	
0.1026

	
0.0445

	
0.1003

	
0.0338

	
0.0826

	
0.0068

	
0.0098

	
0.0903

	
0.1225

	
0.1266

	
0.0878




	
8

	
0.2515

	
0.2023

	
0.1222

	
0.0988

	
0.1068

	
0.0461

	
0.0988

	
0.0317

	
0.0903

	
0.0062

	
0.0183

	
0.0935

	
0.1257

	
0.1249

	
0.0836




	
9

	
0.2514

	
0.1945

	
0.1145

	
0.0969

	
0.1109

	
0.0475

	
0.0969

	
0.0295

	
0.0974

	
0.0057

	
0.0298

	
0.0965

	
0.1284

	
0.1222

	
0.0795




	
10

	
0.2497

	
0.1868

	
0.1070

	
0.0959

	
0.1156

	
0.0492

	
0.0959

	
0.0275

	
0.1018

	
0.0052

	
0.0422

	
0.0999

	
0.1298

	
0.1188

	
0.0758








* Category and its number: (1) price, (2) payback period, (3) guarantee period, (4) durability, (5) duration of works, (6) maximum glass unit thickness, (7) number of glazed panes, (8) thermal transmission coefficient of glazing units, (9) number of sealing circuits, (10) air leakage, (11) noise pollution, (12) condensation resistant, (13) waterproofness, (14) light transmission of double-glazing units and (15) reliability.
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Table 9. The results for ‘disgust’.






Table 9. The results for ‘disgust’.





	
Number of the Category *




	
Participant

	
1

	
2

	
3

	
4

	
5

	
6

	
7

	
8

	
9

	
10

	
11

	
12

	
13

	
14

	
15




	
Eur

	
Years

	
Years

	
Years

	
Days

	
mm

	
Number

	
W/m2 K

	
Number

	
m3/m2/h

	
dB

	
%RH

	
Pa

	
%

	
Cycles






	
1

	
0.0042

	
0.0026

	
0.0018

	
0.0042

	
0.0040

	
0.0051

	
0.0042

	
0.0259

	
0.0154

	
0.0057

	
0.0022

	
0.0009

	
0.0008

	
0.0009

	
0.0010




	
2

	
0.0040

	
0.0025

	
0.0018

	
0.0042

	
0.0039

	
0.0051

	
0.0042

	
0.0249

	
0.0145

	
0.0052

	
0.0019

	
0.0009

	
0.0008

	
0.0009

	
0.0010




	
3

	
0.0039

	
0.0024

	
0.0018

	
0.0042

	
0.0038

	
0.0050

	
0.0042

	
0.0237

	
0.0136

	
0.0047

	
0.0018

	
0.0008

	
0.0008

	
0.0009

	
0.0011




	
4

	
0.0037

	
0.0023

	
0.0019

	
0.0042

	
0.0037

	
0.0050

	
0.0042

	
0.0225

	
0.0128

	
0.0043

	
0.0016

	
0.0008

	
0.0008

	
0.0009

	
0.0012




	
5

	
0.0035

	
0.0022

	
0.0021

	
0.0042

	
0.0036

	
0.0050

	
0.0042

	
0.0212

	
0.0121

	
0.0039

	
0.0014

	
0.0008

	
0.0008

	
0.0009

	
0.0012




	
6

	
0.0034

	
0.0021

	
0.0023

	
0.0042

	
0.0035

	
0.0050

	
0.0042

	
0.0199

	
0.0115

	
0.0035

	
0.0013

	
0.0008

	
0.0009

	
0.0009

	
0.0014




	
7

	
0.0031

	
0.0020

	
0.0026

	
0.0041

	
0.0034

	
0.0050

	
0.0041

	
0.0186

	
0.0111

	
0.0032

	
0.0012

	
0.0008

	
0.0009

	
0.0009

	
0.0015




	
8

	
0.0032

	
0.0020

	
0.0030

	
0.0040

	
0.0033

	
0.0050

	
0.0040

	
0.0174

	
0.0106

	
0.0029

	
0.0011

	
0.0008

	
0.0009

	
0.0009

	
0.0016




	
9

	
0.0029

	
0.0019

	
0.0034

	
0.0039

	
0.0032

	
0.0050

	
0.0039

	
0.0161

	
0.0102

	
0.0026

	
0.0010

	
0.0008

	
0.0009

	
0.0009

	
0.0018




	
10

	
0.0028

	
0.0019

	
0.0037

	
0.0038

	
0.0031

	
0.0049

	
0.0038

	
0.0150

	
0.0106

	
0.0024

	
0.0010

	
0.0008

	
0.0009

	
0.0009

	
0.0019








* Category and its number: (1) price, (2) payback period, (3) guarantee period, (4) durability, (5) duration of works, (6) maximum glass unit thickness, (7) number of glazed panes, (8) thermal transmission coefficient of glazing units, (9) number of sealing circuits, (10) air leakage, (11) noise pollution, (12) condensation resistant, (13) waterproofness, (14) light transmission of double-glazing units and (15) reliability.
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Table 10. Input data.






Table 10. Input data.





	Criteria
	Measuring Units
	*
	Ultimate Weights, qi
	Alternative 1
	Alternative 2
	Alternative 3
	Alternative 4
	Alternative 5





	Price
	Eur
	FALSE
	0.6
	23,100
	20,100
	17,900
	17,550
	19,050



	Payback period
	Years
	FALSE
	0.0259
	15
	15
	20
	20
	18



	Guarantee period
	Years
	TRUE
	0.0247
	10
	5
	5
	10
	12



	Durability
	Years
	FALSE
	0.0227
	35
	30
	50
	40
	35



	Duration of works
	Days
	FALSE
	0.0257
	60
	60
	60
	60
	60



	Maximum glass unit thickness
	mm
	TRUE
	0.0288
	52
	32
	32
	42
	52



	Number of glazed panes
	Number
	FALSE
	0.0321
	6
	3
	4
	5
	5



	Thermal transmission coefficient of glazing unit
	W/m2K
	TRUE
	0.0330
	1.15
	0.65
	0.82
	0.77
	1.12



	Number of sealing circuits
	Number
	FALSE
	0.0318
	2
	4
	3
	2
	4



	Air leakage. when pressure difference Dp = 50 Pa
	m3/m2/h
	TRUE
	0.0296
	0.2
	0.15
	0.18
	0.13
	0.2



	Parameter of noise pollution
	dB
	TRUE
	0.0317
	47
	44
	42
	44
	48



	Condensation resistant
	%RH
	TRUE
	0.0286
	100
	90
	85
	95
	100



	Waterproofness
	Pa
	TRUE
	0.0295
	600
	400
	400
	550
	550



	Light transmission of double-glazing unit
	%
	TRUE
	0.0278
	90
	88
	81
	88
	88



	Reliability
	Cycles
	TRUE
	0.0281
	10,000
	1000
	1000
	10,000
	1000



	Happiness
	Points
	TRUE
	0.1
	0.2784
	0.1191
	0.0795
	0.0156
	0.3701



	Sadness
	Points
	FALSE
	0.1
	0.0088
	0.0031
	0.0020
	0.0101
	0.0421



	Anger
	Points
	FALSE
	0.1
	0.0191
	0.0124
	0.0088
	0.0023
	0.0048



	Surprise
	Points
	TRUE
	0.1
	0.1495
	0.4783
	0.6210
	0.0286
	0.0216



	Scared
	Points
	FALSE
	0.1
	0.0844
	0.0917
	0.0725
	0.0574
	0.0199



	Disgust
	Points
	FALSE
	0.1
	0.0014
	0.0005
	0.0004
	0.0218
	0.0036



	Valence
	Points
	TRUE
	0.1
	0.1941
	0.0272
	0.0069
	0.0418
	0.3279



	Arousal
	Points
	TRUE
	0.1
	0.4481
	0.6598
	0.7741
	0.2566
	0.4026



	Heart rate
	Beats per minute (BMP)
	TRUE
	0.1
	86
	78
	94
	72
	93







* TRUE—maximised criterion; FALSE—minimised criterion.
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Table 11. Results/Output data.






Table 11. Results/Output data.
















	Criteria
	Measuring Units
	*
	Ultimate Weights, qi
	Alternative 1
	Alternative 2
	Alternative 3
	Alternative 4
	Alternative 5





	Price
	Eur
	0
	0.6
	0.1418
	0.1616
	0.1971
	0.2877
	0.5999



	Payback period
	Years
	0
	0.0259
	0.0044
	0.0053
	0.0089
	0.0136
	0.0258



	Guarantee period
	Years
	1
	0.0247
	0.0058
	0.0038
	0.0045
	0.0112
	0.0246



	Durability
	Years
	0
	0.0227
	0.0041
	0.0043
	0.0091
	0.0121
	0.0227



	Duration of works
	Days
	0
	0.0257
	0.0051
	0.0064
	0.0085
	0.0128
	0.0256



	Maximum glass unit thickness
	mm
	1
	0.0288
	0.0071
	0.0058
	0.0073
	0.0128
	0.0287



	Number of glazed panes
	Number
	0
	0.0321
	0.0083
	0.0056
	0.0091
	0.0161
	0.0318



	Thermal transmission coefficient of glazing unit
	W/m2K
	1
	0.033
	0.0084
	0.0063
	0.0099
	0.0132
	0.0319



	Number of sealing circuits
	Number
	0
	0.0318
	0.0042
	0.0097
	0.0106
	0.0105
	0.0315



	Air leakage at pressure difference Dp = 50 Pa
	m3/m2/h
	1
	0.0296
	0.0068
	0.0066
	0.0102
	0.0108
	0.0252



	Parameter of noise pollution
	dB
	1
	0.0317
	0.0066
	0.0078
	0.0099
	0.0152
	0.0316



	Condensation resistant
	%RH
	1
	0.0286
	0.0061
	0.0069
	0.0086
	0.0139
	0.0285



	Waterproofness
	Pa
	1
	0.0295
	0.0071
	0.0062
	0.0078
	0.0147
	0.0294



	Light transmission of double-glazing unit
	%
	1
	0.0278
	0.0057
	0.0071
	0.0087
	0.0138
	0.0277



	Reliability
	Cycles
	1
	0.0281
	0.0122
	0.0021
	0.0023
	0.0255
	0.0281



	Happiness
	Points
	1
	0.1
	0.0322
	0.0193
	0.0153
	0.0034
	0.0841



	Sadness
	Points
	0
	0.1
	0.0133
	0.0044
	0.0027
	0.0139
	0.0549



	Anger
	Points
	0
	0.1
	0.0401
	0.0182
	0.0119
	0.0031
	0.0061



	Surprise
	Points
	1
	0.1
	0.0115
	0.0412
	0.0857
	0.0152
	0.0123



	Scared
	Points
	0
	0.1
	0.0258
	0.0342
	0.0345
	0.0334
	0.0134



	Disgust
	Points
	0
	0.1
	0.0051
	0.0019
	0.0012
	0.0649
	0.0046



	Valence
	Points
	1
	0.1
	0.0324
	0.0062
	0.0017
	0.0102
	0.0866



	Arousal
	Points
	1
	0.1
	0.0176
	0.0313
	0.0522
	0.0337
	0.0749



	Heart rate
	Beats per minute (BMP)
	1
	0.1
	0.0203
	0.0231
	0.0363
	0.0436
	0.0998



	The sums of weighted normalised maximising indices related to windows, S+j
	
	
	
	0.1802
	0.1741
	0.2609
	0.2377
	0.6141



	The sums of weighted normalised maximising indices related to windows, S–j
	
	
	
	0.2526
	0.2521
	0.2939
	0.4681
	0.8168



	Windows significance, Qj
	
	
	
	0.7417
	0.7369
	0.7435
	0.5406
	0.7876



	Priority of the alternative
	
	
	
	3
	4
	2
	5
	1



	The alternative’s utility degree (%)
	
	
	
	94.17
	93.56
	94.39
	68.64
	100







* 1—maximised criterion; 0—minimised criterion.
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Table 12. A system for the performance evaluation in a sustainable development decision support system. The indicator ‘Thermal transmission coefficient of a double-glazed window’ is used as an example.






Table 12. A system for the performance evaluation in a sustainable development decision support system. The indicator ‘Thermal transmission coefficient of a double-glazed window’ is used as an example.





	
Thermal Transmission Coefficient of a Double-Glazed Window

	
Value

	
Standards

	
Ratio

	
Example






	
[image: Applsci 13 05453 i001]

	
1

	
Sub-standard

	
Low

	
0.65




	
2

	
Minimum standard

	
Reasonable

	
0.77




	
3

	
Good practice

	
Moderately

	
0.82




	
4

	
Best practice

	
High

	
1.12




	
5

	
Exemplary

	
Very high

	
1.15
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Table 13. Correlations between the level of happiness, sadness and HR obtained in this experiment and the data of other researchers.






Table 13. Correlations between the level of happiness, sadness and HR obtained in this experiment and the data of other researchers.





	
Correlations

	
Data from Our Experiments [38,39,40,41,42,43,44,45]

	
Data by Other Authors






	

	
Happiness level measured in case study

	
Heart rate measured in case study

	
Sadness level measured in case study

	
Happiness level measured by Li et al. [86]

	
Heart rate measured by Lin et al. [87]

	
Sadness level measured by Storbeck et al. [84]




	
Happiness level measured in case study

	
−

	
0.6055

	
−0.7826

	
0.6464

	
0.6908

	
−0.7431




	
Heart rate measured in case study

	

	
−

	
−0.2411

	
0.4182

	
0.7203

	
−0.3408




	
Sadness level measured in case study

	

	

	
−

	
−0.8201

	
0.2967

	
0.7791




	
Happiness level measured by Li et al. [86]

	

	

	

	
−

	
−0.1149

	
−0.6121




	
Heart rate measured by Lin et al. [87]

	

	

	

	

	
−

	
0.2801




	
Sadness level measured by Li et al. [86]

	

	

	

	

	

	
−
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