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Abstract

:

In recent years, the interest in properly conditioning the indoor environment of historic buildings has increased significantly. However, maintaining a suitable environment for building and artwork preservation while keeping comfortable conditions for occupants is a very challenging and multi-layered job that might require a considerable increase in energy consumption. Most historic structures use traditional on/off heating, ventilation, and air conditioning (HVAC) system controllers with predetermined setpoints. However, these controllers neglect the building sensitivity to occupancy and relative humidity changes. Thus, sophisticated controllers are needed to enhance historic building performance to reduce electric energy consumption and increase sustainability while maintaining the building historic values. This study presents an electric cooling air controller based on a fuzzy inference system (FIS) model to, simultaneously, control air temperature and relative humidity, taking into account building occupancy patterns. The FIS numerically expresses variables via predetermined fuzzy sets and their correlation via 27 fuzzy rules. This intelligent model is compared to the typical thermostat on/off baseline control to evaluate conditions of cooling supply during cooling season. The comparative analysis shows a FIS controller enhancing building performance by improving thermal comfort and optimizing indoor environmental conditions for building and artwork preservation, while reducing the HVAC operation time by 5.7%.
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1. Introduction


Smart power systems refer to use of information technologies in power systems to attain reduced energy consumption, and subsequently will result in energy sustainability; reduced consumption will ensure future energy availability and secure its continuous delivery via the power grid by diminishing probability of blackouts. Lately, the world dependence on energy has increased exponentially [1], and the building sector is accountable for a large share of this growth. In fact, the United Nations Environment Program (UNEP) recognized that more than 30% of global greenhouse gas emissions and 40% of total energy consumption are the responsibility of the building sector [2]. Moreover, heating and cooling are the main reasons for electrical energy consumption in buildings around the world. It is worth mentioning that these systems are generally controlled in a very simplistic way, based on current technologies available. This topic has sparked much attention; higher education institutions and research teams have focused on energy efficiency and improving heating, ventilation, and air conditioning (HVAC) systems aiming at maintaining required indoor temperatures and lowering electrical energy consumption [3].



The proportional integral derivative (PID) mechanism is the most commonly employed to optimize control technologies in order to make them more adaptative [4]. However, the technologies improving the PID mechanism are concentrated on optimizing energy consumption and air supply through fan motor speed. Unfortunately, these types of models do not have much flexibility and responsiveness, among other drawbacks, when used in spaces with time-sensitive hygrothermal requirements, such as historic buildings [5,6,7]. Recently, some statistical and computational methods have been developed in order to make the systems more responsive when immediate response is required to adapt to different environmental situations [8].



Some published research projects optimized output signals through more refined control methods, and PID correction algorithms dealt with sensitive parameters and thresholds, achieving the implementation of computing applications and improving different control models [9]. Other research in building HVAC systems dealt with demand–response by simulation and model predictive control (MPC) using statistical and mathematical predictive control approaches [10,11,12]. A study worth mentioning by Muniak [13] examined opening valve profiles inside the fluid HVAC system obtaining successful results, while other investigators focused on a much larger scale and district level, developing heating control models focused on optimization of the distribution system, lowering gas emissions and energy efficiency [14,15,16,17,18,19]. Most control models are created using advanced control strategies such as a fuzzy inference system (FIS) [20,21,22,23]; moreover, comparative research projects between these models and conventional control models are very reveling and informative [24]. For instance, Fazzolari et al. [25] compared signal control efficiency of a FIS model with a PID conventional rule, developing a genetic algorithm using HVAC case studies. Other comparative studies analyzed the energy consumption of different control models mixing PID and FIS models of HVAC controls [26]. Finally, Soyguder et al. [27] created a boiler control model operating a combination of FIS and PID strategies specifying theoretical configurations for outlining interfaces while using FIS and PID mechanisms.



The adapting and retrofitting of historic buildings, as well as the maintenance of their optimal internal environments for collections and structural preservation, are inherently complex, multifaceted tasks [28]. Moreover, indoor microclimates do not only affect collections and buildings—occupants and visitors must also be considered [29,30]. What is the best way to accomplish these goals and to effectively preserve a balance between architecture and efficiency when adapting historic structures to modern comfort and environmental standards? This issue has also become the focus of countless research projects in the last twenty years and artificial intelligence could help in solving this challenging problem. In fact, just a few research studies have focused on the actual energy performance of religious buildings [31,32,33]. Additionally, these unique buildings have very distinctive occupancy patterns, creating an added setback while trying to keep the required indoor environment for the three aspects: occupants’ satisfaction, building preservation and artwork conservation. Therefore, this multidimensional challenge cannot be dealt by using traditional electrical HVAC control systems.



This paper introduces the novel application of a FIS controller of an electric cooling system applied in enhancing historic building performance (i.e., electricity consumption and environment preservation), and presents the comparative investigation of traditional and intelligent cooling controls installed in a United Nations Educational, Scientific and Cultural Organization (UNESCO) World Heritage site building at San Antonio, TX. The ultimate goal of this comparative study is to describe the efficiency of both systems, traditional on/off and intelligent control implementing a FIS, in order to make the system more electrical energy efficient, provide a better thermal comfort for occupants and better preserve the buildings and the artwork housed in it. This paper also attempts to contribute to this field by linking historic building preservation strategies with artificial intelligence systems to control the indoor building environment.




2. Materials and Methods


2.1. Studied Church Description


The church at Mission la Purisima Concepción de Acuña is the building used in this research and it is located in San Antonio, Texas (USA). The city has a Cfa-Humid Subtropical Climate and has a Bsk-, Semi-Arid Climate bordering on the west of the city, according to Köppen classification [34], and is 240.5 m above sea level. The annual average temperature is 20.5 °C and temperatures can be as low as 11 °C in the coldest months and can reach as high as 29.5 °C during the hottest months.



Mission Concepcion was constructed in 1755 of local materials extracted from a nearby quarry. These materials included limestone, which was used for the construction of the surrounding walls of the complex. These walls stand over 6 m tall and are almost 1.50 m thick, and the only solid limestone features are the interior (60 cm) and exterior (84 cm) walls. A white lime-based plaster cover was used for the interior walls and the center of the building walls contain a rubble stone fill, along with wood framed windows and moldings with single pane glass and wood panel doors.



The church was built next to the San Antonio River as the center of a self-sustainable religious complex. The proximity to the river provided irrigation and the nearby military at the Presidio San Antonio de Bexar provided protection and safety for the site. The Mission is the oldest unrestored stone church in the United States; it became part of the San Antonio Missions National Historical Park in 1978 and has been a UNESCO World Heritage Site since 2015.



The main entrance of the church leads into the Nave, which holds 11 rows of pews that seat 5 to 6 people on each side and approaches the Chancel and the Sanctuary. Directly to either side of the main entrance along the Nave are the Baptistry, located directly to the right, and the Tower Room, located directly to the left. The two bell towers are located directly above these two rooms, framing the entrance, and are each approximately 18 m tall. There is a vaulted dome ceiling in the center of the Transept and the Sacristy is located to the right of the Transept. It houses the only window on the east side of the Church and leads to the back exit/entrance of the church. There are also inoperable windows located directly above the main entrance on the west side of the church as well as in the Baptistry and in the Tower room (Figure 1).



The Church has massive infiltrations due to the very low airtightness, which allows the building to be naturally ventilated. In addition to these passive systems, there is a split system heat pump that is made of scroll air-conditioning compressor assembly, an air-cooled coil, propeller-type condenser fans, and a control box. The cooling system has a constant setpoint of 22 °C and is operated 24 h per day, 7 days a week, and conducts weekly mass services on Sundays at 10:00 and 12:00.




2.2. Environmental Monitoring


A series of data loggers were strategically placed throughout the building to monitor temperature (°C) and relative humidity (%) during the cooling season (July to October 2019). Six temperature and relative humidity indoor sensors and one temperature and relative humidity outdoor sensor were placed in planned locations according to the requirements of The American Society of Heating, Refrigerating and Air-Conditioning Engineers (ASHRAE) 55 [35] (at least 1 m away from external walls and height at least 1.10 m from the ground) and the prescriptions of ISO 7726 (2012). These sensors were located far from light fixtures and windows to avoid incorrect measurements due to the additional heat. The data loggers were also installed out of people’s reach as another precaution to prevent tampering or theft and to maintain the historic architectural and material features of the mission (Figure 2).



To obtain a wide range of indoor temperatures and relative humidity conditions, the data loggers were set to capture readings every 15 min. This also enabled the research to detect any drastic changes during the testing period of each day. Occupancy and HVAC operation rates were monitored using two and one data loggers, respectively. These devices recorded the occupancy and operation percentages in 15-min intervals as well.



Average air temperature and relative humidity values for the average indoor and outdoor conditions of the Mission are shown in Table 1 during the research period of July through October 2019. The datalogger specifications are shown in Table 2.




2.3. Design Strategy


This project proposes a simplified operational model for the electric HVAC system in this religious building in order to reduce energy consumption and increase sustainability while maintaining thermal comfort standards and keeping heritage values unaltered. As mentioned above, this construction has one independent module equipped with a cooling system with two main ducts. This model neglects thermal comfort values such as air speed changes and their impact on pressure, plus air leakage between envelope and duct systems. The studied room’s airflow is also homogenous.



Field measured data was used for the hygrothermal model in order to optimize the controls to meet the indoor environmental requirements for this building. This unique structure requires a comfortable hygrothermal environment for visitors and mass attendants, for artwork conservation and for preserving the building itself. Based on the ASHRAE 55 [36], the recommended air temperature for occupants ranges from 22 to 28 °C with humidity between 30% and 60% during the cooling season. Additionally, historic buildings housing artwork are required to maintain these pieces and the historic buildings themselves unaltered, and to do so, air temperature values should be within the range of 21 to 24 °C, and relative humidity from 40% to 60% [36]. Therefore, in order to meet both requirements, the ideal indoor environmental parameters should be the most restrictive by meeting both parameters and therefore are considered to be from 22 to 24 °C for air temperature and from 40% to 60% for relative humidity.




2.4. Intelligent Controller Model


A baseline model and an intelligent control model were compared and tested using the expectations to define the successfulness of the controller. The reference model is a conventional thermostat on/off controller using temperature setpoints. While using the proposed thermostat, the controller activates the control algorithm fuzzy inference system. As shown in Figure 3, and based on the assumptions, requirements, HVAC system and controllers, a simulation model was generated.



2.4.1. Thermostat on/off Control


The usual setpoint temperature for the building is set at 22 °C with a dead band setup of ±2 °C. For example, if the indoor air temperature goes over 24 °C, the difference between the setpoint and the indoor air temperature is +2 °C, then the on/off controller sends a turn-on signal to the HVAC unit. Due to the hot and humid climate of San Antonio (ASHRAE climate zone 2A), this study focuses on the cooling performance, therefore the low dead band setup −2 °C is neglected. Relative humidity values do not currently impact the HVAC operation.




2.4.2. Fuzzy Inference System (FIS) Control


As shown in Figure 3, the FIS model has the objective of calculating the optimal HVAC operation values depending on the indoor air temperature, relative humidity, and occupancy levels. Each of the aforementioned variables is modeled with three fuzzy sets that span the value range of each variable. With regard to air temperature, authors used three fuzzy sets named LOW, MEDIUM and HIGH to span the range from 10 to 30 °C as presented in Figure 4a. The range of temperature values was determined based on observation of the historical temperature data in the studied building. The other two variables—relative humidity and occupancy—were also modeled by adopting three fuzzy sets labeled as LOW, MEDIUM and HIGH that span the range from 0%–100% as shown in Figure 4b,c, respectively. It is worth mentioning that occupancy input is established following the same format as the monitored occupancy during the monitoring campaign (percentage of occupied time every 15 min). Furthermore, selection of fuzzy set modeling was made in a way that the recommended operational values coincide with the MEDIUM fuzzy set. In addition, the shape of the membership function of the fuzzy sets exhibit a triangle shape as shown in Figure 4b–d. In analytical terms, the triangle membership functions are given by Tsoukalas et al. [37] as shown in Equation (1):


   μ A   ( x )  =  {    0    x < a       2  b − 3 a      a ≤ x ≤   b − a  2         − 2   b + a        b − a  2   < x ≤ b     0   x > b      



(1)




where a and b (a < b) are the two parameters that define the base of the triangle, A is the name of the fuzzy set, x is the input and μ(x) denotes the membership function of the fuzzy set. Furthermore, authors considered that all membership function maximum values are equal to 1.



With regard to control output, the FIS implements a single fuzzy variable named “operational percentage”. The output expresses the percentage of time that the electric cooling system should operate in the next 15 min. For instance, an FIS output equal to 50% implies that the cooling will operate for 7.5 min in the next 15 min. The fuzzy modeling of the output variable is attained by utilizing two fuzzy sets labeled as ON and OFF, whose membership functions are depicted in Figure 4d. Notably, the fuzzy set OFF, which peaks at 0%, expresses the system state in which cooling does not operate, while the fuzzy set ON expresses the state in which the cooling system operates and peaks at the value of 100%. Analytically, as presented in Equation (2) [37], the FIS output sets take the form of a trapezoidal with maximum value at 1 which is given below:


   μ A   ( x )  =  {    0   x < a      1  b − a      a ≤ x ≤ b      1    b < x < c        − 1   d − c      c ≤ x ≤ d      0    x > d       



(2)




where parameters a, d define the long support and b, c the short support area of the trapezoid.



Correlation of the input variables with the output is performed via a set of fuzzy rules of the form [37]:




	
IF Condition, THEN Action








where the left part expresses the condition that need to be valid in order to take the action on the right part of the rule. In the proposed FIS, the rules are comprised of more than one conditions that are connected via the AND operator as shown below:




	
IF Condition1 AND Condition2, THEN Action








which demands that the action is taken only if both conditions are valid.



Table 3 shows the fuzzy signal control rules for indoor temperature, indoor relative humidity and building occupancy (input variables) and one control action or HVAC operation (output). The overall number of rules developed for the FIS is equal to 27. Rule development was based on modeler’s experience derived from previous works on the needs for efficiently preserving the historic building and occupant’s thermal comfort. For example, the first rule provided in Table 3 takes the following form:




	
IF Indoor_Temperature is LOW, AND Indoor Humidity is LOW, AND Occupancy is LOW, THEN HVAC Operation is OFF.








Evaluation of the fuzzy rules is performed using the Mamdani Minimum operator whose analytical form is given in the Equation (3) below [37]:


  φ  [   μ A   ( x )  ,  μ B   ( x )   ]  = min  (     μ A   ( x )  ,  μ B   ( x )     )   



(3)




with A, B being the fuzzy sets and μ(x) are the respective membership function.



The output of the fuzzy rules will coincide with a fuzzy number that won’t be of practical use to the electric cooling system [38]. Therefore, the authors implemented a last stage in the FIS that is comprised of the defuzzification whose goal is to transform the fuzzy number into a crisp number—in this case, this coincides with the operational percentage as shown in Figure 3 [39]. In this work, authors adopt the Smallest Of Maximum (SOM) defuzzification which determines as the final output of the system the smallest value among those that have the highest degrees of membership [37].






3. Results


This section presents the results obtained with the two different controllers, the proposed intelligent controller and the original ON/OFF (manual) controller. The goal of each controller is to determine the amount of time that the electric HVAC system will operate in the next 15 min, so as to ensure the thermal comfort of people while enhancing building and artwork preservation. During the monitoring campaign, results are recorded every 15 min for an extensive period of time that covers the timeline from July to October 2019. Results taken with each of the controller are presented in terms of average operational percentage per 15 min and are bundled on a monthly basis—thus, results are given for the months of July, August, September and October (overall, there are 10,080 datapoints).



3.1. Manual Controller (ON/OFF) Measured Results


The manual controller is installed in the electric cooling system and regulates the air temperature in the building. Its operation is based exclusively on the predefined temperature setpoint. The results are presented in terms of average operational percentage per 15 min for each tested month. Table 4 provides the obtained results for the manual ON/OFF controller. It is worth mentioning that for the month of July the average operational percentage was as high as 31.7%, while for the rest months the average value was less than 5%. This observation is expected given the hot temperatures in the San Antonio area during the summer period, and especially in July, being the most humid month with almost 57% relative humidity outdoors. Additionally, this very high percentage of operation should be also attributed to the highest recorded occupancy in July of 25.5% (Table 1). The average relative humidity and occupancy diminished in the following months, a factor that drove the manual ON/OFF controller to operate less, given that the controller is exclusively based on the temperature values and occupancy (radiant heat).




3.2. Intelligent Control Modeled Results


As shown in Table 5, results of the FIS controller are provided for the same time period. The average operational percentage was lower than 5.1% in all tested months, with October giving the lowest percentage that was equal to 3.8%. As seen previously, the operational percentage gets lower as it moves from July to October, given that the intelligent controller is also partially driven by the temperature of the building. The largest decrease in time operation was achieved in July with a 26.6%. It should be noted that the controller evaluates the conditions at the beginning of each quarter of time (15 min) and then makes a decision over the portion of the next 15 min that the HVAC should operate.




3.3. Controller Comparison


The evaluation between the two controller types highlights the superiority of the intelligent controller over the manual ON/OFF controller. By comparing the performance of the two algorithms as depicted in Table 4 and Table 5, it can be concluded that the intelligent control is more efficient in the long term, even though it can be less efficient in certain particular situations. To facilitate the comparison of the controllers, the authors provide a graphical representation of the results from Table 4 and Table 5 augmented by the average operational percentage for the whole tested time period in Figure 5.



With regard to the month of July, comparison between the two controllers exhibited a clear superiority of the FIS over the manual ON/OFF. In particular, the FIS control provided a much more efficient operation with the average percentage being equal to 5.1%, while the manual control provided an average of 31.7%, which is over six times higher than the FIS controller average time. This high difference is attributed to the inherent operational principle of the manual controller which is driven only by the air temperature as opposed to the FIS that is driven only partially by this input variable. Consequently, the high air temperature in July makes the manual controller operate for a far longer time than the FIS.



Results calculated for August show that the difference between the average operational percentage of the two controllers was equal to 0.8%, with the intelligent controller giving a percentage value of 4% (4.8% for the manual control). In September, the FIS operates averagely 5.7% of the time at each 15 min, while the respective time for the manual was 3.9%. The comparison of the two values revealed a difference equal to 1.8%, with the manual operating less than the FIS. Going further, can be observe in Figure 5 that the intelligent controller operates, again, slightly more than the manual controller with respect to the month of October. In particular, the obtained average operation percentages were 3.8% and 1.2% for the FIS and manual controller, respectively. Overall, in September and October the manual controller operated for less time than the intelligent controller. This observation was fully anticipated given that the air temperature drops in these months and the manual temperature needs less time to operate as compared to the intelligent controller. However, the intelligent controller provides higher operational time—though the time percentage is still low given that was less than 6% for both months—since it takes into account the relative humidity and building occupancy. Relative humidity was higher (rain season) in San Antonio in these two months (September and October), as well as the number of visitors of the historic building decreased in the Fall. Additionally, as illustrated in Table 1, monitored indoor relative humidity values in September and October, while using the manual on/off controller, are usually higher than the maximum recommended (60%) for an adequate thermal comfort and preservation requirements. Due to the fact that the FIS controller needed also to lower these relative humidity values below 60%, it explains the longer hours of operations compared to the traditional controller. Therefore, the intelligent controller operates for more time to account for relative humidity and occupancy of the building, factors that are significant for building preservation and occupant’s comfort. Thus, even though the intelligent controller operates for a longer time than the manual one at certain periods of time, it succeeds in enhancing the preservation of the building in a more efficient way as opposed to the manual controller, which does not account for relative humidity and occupancy but only for temperature.



Lastly, the authors computed the average values of the operation for the whole monitored time—July to October—in order to evaluate the performance of the controller over time. Thus, comparison of the total average values illustrates the advantage of the intelligent controller over the manual controller expressed as a difference of 5.7% (manual: 10.4% and FIS 4.7%), as shown in Figure 5. In order to make a much-detailed analysis, the authors provided the cooling system operation obtained by FIS and manual OFF/ON in Figure 6 for four different days, one for each moth: 23 July, 23 August, 1 September, and 1 October 2019. Figure 6 also provides the operational percentage of each day taken with the two controllers. It is clearly proven that the FIS controller is extraordinarily efficient over time compared to a regular ON/OFF controller, particularly under very hot environmental conditions.





4. Conclusions


Although the sustainable adaptation of historic buildings has become a recurrent choice, the embedded heritage value could represent an additional constraint in the process due to preservation requirements that can limit the range of intervention from an architectural and technological point of view. However, it is to be noted that traditional constructions could also contribute to reduce energy consumption. Research has demonstrated that adapting historic buildings to current energy efficiency and thermal comfort standards is essential for improving sustainability and energy performance and for maintaining built heritage of historic structures. This article presents a cooling air controller taking into consideration not only indoor air temperature, but also relative humidity and occupancy levels. Utilizing manual controls as a baseline, hybrid controls are created to evaluate the system control and indoor environmental variables for unpredicted changes in hygrothermal demands. Comparing the regular manual ON/OFF controller with the FIS controller, the intelligent controller high efficiency is directly linked to occupant’s comfort and building and artwork preservation.



The outcomes prove the value of a cooling air controller based on artificial intelligence tools using a FIS model. When the building requires sensitive controls such as historic buildings, the FIS model can be used to optimize the cooling supply to meet air temperature and relative humidity requirements, taking into account the building occupancy. This enhancement not only improves indoor air quality but also reduces energy consumption and the building becomes holistically more sustainable. The model can be also used in cases requiring frequent changes in occupancy such as organized religious services, as well as situations when the building experiences rapid air temperature or relative humidity changes.







Author Contributions


Conceptualization, A.M.-M.; methodology, A.M.-M. and M.A.; model controller, M.A.; validation, A.M.-M. and M.A.; formal analysis, A.M.-M. and M.A.; writing—original draft preparation, A.M.-M. and M.A.; writing—review and editing, A.M.-M. and M.A.; visualization, A.M.-M. and M.A.; funding acquisition, A.M.-M. All authors have read and agreed to the published version of the manuscript.




Funding


This research was funded by the Archdiocese of San Antonio, project ID 1000002745.




Acknowledgments


This research would not have been possible without the co-operation of the Archdiocese of San Antonio, Ford, Powell and Carson Inc., and the valuable contribution of the Mission Concepción de Acuña staff. This research has been supported by the Centre of Cultural Sustainability (CCS) of the University of Texas at San Antonio (UTSA). The authors would like also to acknowledge Kelsey Williamson, Mayra Landin and Molly Padilla for their support in the research.




Conflicts of Interest


The authors declare no conflict of interest.




References


	



International Energy Agency (IEA). Key World Energy Statistics. 2014. Available online: www.iea.org (accessed on 1 July 2020).

	



United Nations Environment Programme (UNEP). Buildings and Climate Change. Paris, 2009. Available online: www.unep.fr/scp/sun (accessed on 1 July 2020).

	



Boarin, P.; Martinez-Molina, A.; Juan-Ferruses, I. Understanding students’ perception of sustainability in architecture education: A comparison among universities in three different continents. J. Clean. Prod. 2019, 119237. [Google Scholar] [CrossRef]

	



Mofidi, F.; Akbari, H. Intelligent buildings: An overview. Energy Build. 2020, 223, 110192. [Google Scholar] [CrossRef]

	



Zhuang, M.; Atherton, D.P. Automatic tuning of optimum PID controllers. IEE Proc. D Control Theory Appl. 1993, 140, 216. [Google Scholar] [CrossRef]

	



Wang, Q.-G.; Zou, B.; Lee, T.-H.; Bi, Q. Auto-tuning of multivariable PID controllers from decentralized relay feedback. Automatica 1997, 33, 319–330. [Google Scholar] [CrossRef]

	



Tan, W.; Liu, J.; Fang, F.; Chen, Y. Tuning of PID controllers for boiler-turbine units. ISA Trans. 2004, 43, 571–583. [Google Scholar] [CrossRef]

	



Anderson, M.; Buehner, M.; Young, P.; Hittle, D.; Anderson, C.; Tu, J.; Hodgson, D. An experimental system for advanced heating, ventilating and air conditioning (HVAC) control. Energy Build. 2007, 39, 136–147. [Google Scholar] [CrossRef]

	



Braun, J.E.; Montgomery, K.W.; Chaturvedi, N. Evaluating the Performance of Building Thermal Mass Control Strategies. HVAC R Res. 2001, 7, 403–428. [Google Scholar] [CrossRef]

	



Bianchini, G.; Casini, M.; Vicino, A.; Zarrilli, D. Demand-response in building heating systems: A Model Predictive Control approach. Appl. Energy 2016, 168, 159–170. [Google Scholar] [CrossRef]

	



Široký, J.; Oldewurtel, F.; Cigler, J.; Prívara, S. Experimental analysis of model predictive control for an energy efficient building heating system. Appl. Energy 2011, 88, 3079–3087. [Google Scholar] [CrossRef]

	



Kwak, Y.; Huh, J.-H.; Jang, C. Development of a model predictive control framework through real-time building energy management system data. Appl. Energy 2015, 155, 1–13. [Google Scholar] [CrossRef]

	



Muniak, D.P. A proposal for a new methodology to determine inner authority of the control valve in the heating system. Appl. Energy 2015, 155, 421–433. [Google Scholar] [CrossRef]

	



Lundström, L.; Wallin, F. Heat demand profiles of energy conservation measures in buildings and their impact on a district heating system. Appl. Energy 2016, 161, 290–299. [Google Scholar] [CrossRef]

	



Kensby, J.; Trüschel, A.; Dalenbäck, J.-O. Potential of residential buildings as thermal energy storage in district heating systems—Results from a pilot test. Appl. Energy 2015, 137, 773–781. [Google Scholar] [CrossRef]

	



Gustafsson, J.; Delsing, J.; van Deventer, J. Improved district heating substation efficiency with a new control strategy. Appl. Energy 2010, 87, 1996–2004. [Google Scholar] [CrossRef]

	



Brand, L.; Calvén, A.; Englund, J.; Landersjö, H.; Lauenburg, P. Smart district heating networks—A simulation study of prosumers’ impact on technical parameters in distribution networks. Appl. Energy 2014, 129, 39–48. [Google Scholar] [CrossRef]

	



Holmgren, K. Role of a district-heating network as a user of waste-heat supply from various sources—the case of Göteborg. Appl. Energy 2006, 83, 1351–1367. [Google Scholar] [CrossRef]

	



Hepbasli, A. A comparative investigation of various greenhouse heating options using exergy analysis method. Appl. Energy 2011, 88, 4411–4423. [Google Scholar] [CrossRef]

	



Sala-Cardoso, E.; Delgado-Prieto, M.; Kampouropoulos, K.; Romeral, L. Predictive chiller operation: A data-driven loading and scheduling approach. Energy Build. 2020, 208, 109639. [Google Scholar] [CrossRef]

	



Ngarambe, J.; Young Yun, G.; Santamouris, M. The use of artificial intelligence (AI) methods in the prediction of thermal comfort in buildings: Energy implications of AI-based thermal comfort controls. Energy Build. 2020, 211, 109807. [Google Scholar] [CrossRef]

	



Zendehboudi, A.; Song, P.; Li, X. Performance investigation of the cross-flow closed-type heat-source tower using experiments and an adaptive neuro-fuzzy inference system model. Energy Build. 2019, 183, 340–355. [Google Scholar] [CrossRef]

	



Rätz, M.; Pasha Javadi, A.; Baranski, M.; Finkbeiner, K.; Müller, D. Automated data-driven modeling of building energy systems via machine learning algorithms. Energy Build. 2019, 202, 109384. [Google Scholar] [CrossRef]

	



Fraisse, G.; Virgone, J.; Roux, J.J. Thermal control of a discontinuously occupied building using a classical and a fuzzy logic approach. Energy Build. 1997, 26, 303–316. [Google Scholar] [CrossRef]

	



Fazzolari, M.; Alcala, R.; Nojima, Y.; Ishibuchi, H.; Herrera, F. A Review of the Application of Multiobjective Evolutionary Fuzzy Systems: Current Status and Further Directions. IEEE Trans. Fuzzy Syst. 2013, 21, 45–65. [Google Scholar] [CrossRef]

	



Lianzhong, L.; Zaheeruddin, M. Hybrid fuzzy logic control strategies for hot water district heating systems. Build. Serv. Eng. Res. Technol. 2007, 28, 35–53. [Google Scholar] [CrossRef]

	



Soyguder, S.; Karakose, M.; Alli, H. Design and simulation of self-tuning PID-type fuzzy adaptive control for an expert HVAC system. Expert Syst. Appl. 2009, 36, 4566–4573. [Google Scholar] [CrossRef]

	



Martínez-Molina, A.; Tort-Ausina, I.; Cho, S.; Vivancos, J.-L. Energy efficiency and thermal comfort in historic buildings: A review. Renew. Sustain. Energy Rev. 2016, 61, 70–85. [Google Scholar] [CrossRef]

	



Martinez-Molina, A.; Boarin, P.; Tort-Ausina, I.; Vivancos, J.-L. Assessing visitors’ thermal comfort in historic museum buildings: Results from a Post-Occupancy Evaluation on a case study. Build. Environ. 2018, 132C, 291–302. [Google Scholar] [CrossRef]

	



Martinez-Molina, A.; Boarin, P.; Tort-Ausina, I.; Vivancos, J.-L. Post-occupancy evaluation of a historic primary school in Spain: Comparing PMV, TSV and PD for teachers’ and pupils’ thermal comfort. Build. Environ. 2017, 117, 248–259. [Google Scholar] [CrossRef]

	



Terrill, T.J.; Rasmussen, B.P. An evaluation of HVAC energy usage and occupant comfort in religious facilities. Energy Build. 2016, 128, 224–235. [Google Scholar] [CrossRef]

	



Terrill, T.J.; Rasmussen, B.P. A case study on how energy use and efficiency in religious facilities compares to other types of commercial buildings. ASHRAE Trans. 2017, 59, 123–135. [Google Scholar]

	



Ye, Y.; Hinkelman, K.; Zhang, J.; Zuo, W.; Wang, G. A methodology to create prototypical building energy models for existing buildings: A case study on US religious worship buildings. Energy Build. 2019, 194, 351–365. [Google Scholar] [CrossRef]

	



Institute for Veterinary Public Health World Maps of Köppen-Geiger Climate Classification. Available online: http://koeppen-geiger.vu-wien.ac.at (accessed on 1 December 2016).

	



Paliaga, G.; Schoen, L.J.; Alspach, P.F.; Arens, E.; Aynsley, R.M.; Bean, R.; Eddy, J.; Hartman, T.B.; Int-hout, D.; Humphreys, M.; et al. Thermal Environmental Conditions for Human Occupancy. ASHRAE 2013, 55. [Google Scholar]

	



ASHRAE. ASHRAE, Museums, Libraries and Archives; American Society of Heating, Refrigerating and Air-conditioning Engineers: Atlanta, GA, USA, 1999. [Google Scholar]

	



Tsoukalas, L.; Uhrig, R.; Zadeh, L. Fuzzy and Neural Approaches in Engineering; Wiley: Hoboken, NJ, USA, 1997; ISBN 978-0-471-16003-8. [Google Scholar]

	



Alamaniotis, M.; Agarwal, V. Fuzzy Integration of Support Vector Regression Models for Anticipatory Control of Complex Energy Systems. Int. J. Monit. Surveill. Technol. Res. 2014, 2, 26–40. [Google Scholar] [CrossRef]

	



Fainti, R.; Alamaniotis, M.; Tsoukalas, L.H.; Karasimou, M.; Tsionas, I. Ampacity Level Monitoring Utilizing Fuzzy Logic Theory in Deregulated Power Markets. In Proceedings of the 8th International Conference on Information, Systems and Applications (IISA), Larnaca, Cyprus, 30 August 2017; pp. 1–6. [Google Scholar]








[image: Sustainability 12 05848 g001 550] 





Figure 1. Two views of the church building located on Mission Concepcion (San Antonio, TX) showing the main façade (upper image) and nave from the main door (lower image). 
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Figure 2. Diagram of the church that designates the air temperature and relative humidity (red), cooling system operation (orange) and occupancy (green) data loggers’ locations. 
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Figure 3. Block diagram of fuzzy logic system, with three inputs such as air temperature, relative humidity and occupancy, and heating, ventilation, and air conditioning (HVAC) operation time as the only output. 
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Figure 4. Visualization of the membership functions of fuzzy sets of input variables (a) air temperature, (b) relative humidity, (c) occupancy, and output variable of (d) HVAC operation, utilized in the proposed FIS model. 
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Figure 5. Comparison of average HVAC operation monthly between the manual ON/OFF and fuzzy inference system (FIS) controller. 
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Figure 6. Daily plotted curve of the 15-min operational percentage of the manual ON/OFF (black curve) and FIS (red curve) controller for four different days sampled from the tested time period: (a) 23 July 2019 (b) 23 August 2019 (c) 1 September 2019 and (d) 1 October 2019. 
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Table 1. Indoor and outdoor average conditions during the environmental monitoring campaign (July to October 2019).
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Month (2019)

	
Indoor Conditions

	
Outdoor Conditions




	
Air Temperature (°C)

	
Relative Humidity (%)

	
Occupancy (%)

	
Air Temperature (°C)

	
Relative Humidity (%)






	
July

	
22.84

	
64.31

	
25.5

	
31.94

	
56.91




	
August

	
23.01

	
63.31

	
19.6

	
34.13

	
52.96




	
September

	
23.06

	
61.94

	
21.5

	
32.48

	
55.63




	
October

	
22.29

	
58.70

	
18.2

	
25.64

	
49.89
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Table 2. Characteristics of monitoring devices.
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	Measured Physical Variables
	Brand & Model
	Measuring Range
	Precision
	Response Time





	Indoor Air Temperature
	HOBO® MX1101
	−20 to 70 °C
	±0.21 °C
	1 s



	Indoor Relative Humidity
	HOBO® MX1101
	1 to 100%
	±2.0%
	1 s



	Outdoor Air Temperature
	HOBO® MX 2301A
	−40 to 70 °C
	±0.25 °C
	30 s



	Outdoor Relative Humidity
	HOBO® MX 2301A
	0 to 100%
	±2.5%
	30 s



	Occupancy
	HOBO® UX90-006
	0 to 100%
	-
	1 s



	HVAC operation
	HOBO® UX90-004
	0 to 100%
	-
	1 s/pulse
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Table 3. Fuzzy rules for HVAC operation.
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Input

	
Output




	
Ti

	
RHi

	
Occupancy

	
HVAC Operation






	
Low

	
Low

	
Low

	
OFF




	
High

	
Low

	
Low

	
ON




	
Low

	
High

	
Low

	
ON




	
Low

	
Low

	
High

	
OFF




	
Medium

	
Low

	
Low

	
OFF




	
Low

	
Medium

	
Low

	
OFF




	
Low

	
Low

	
Medium

	
OFF




	
Medium

	
Medium

	
Medium

	
OFF




	
High

	
Medium

	
Medium

	
ON




	
Medium

	
High

	
Medium

	
ON




	
Medium

	
Medium

	
High

	
ON




	
High

	
High

	
High

	
ON




	
Low

	
Medium

	
High

	
OFF




	
Low

	
High

	
Medium

	
OFF




	
Medium

	
Low

	
High

	
OFF




	
Medium

	
High

	
Low

	
OFF




	
High

	
Low

	
Medium

	
ON




	
High

	
Medium

	
Low

	
ON




	
Low

	
Medium

	
Medium

	
OFF




	
Low

	
High

	
High

	
OFF




	
Medium

	
Low

	
Medium

	
OFF




	
Medium

	
Medium

	
Low

	
OFF




	
Medium

	
High

	
High

	
ON




	
High

	
Low

	
High

	
ON




	
High

	
Medium

	
High

	
ON




	
High

	
High

	
Low

	
ON




	
High

	
High

	
Medium

	
ON
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Table 4. Average operational percentage for the manual controller per 15 min from July to October 2019.
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Months




	

	
July

	
August

	
September

	
October






	
Average Operation Time (%)

	
31.7

	
4.8

	
3.9

	
1.2
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Table 5. Average operational percentage for the intelligent controller per 15 min from July to October 2019.
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Months




	

	
July

	
August

	
September

	
October






	
Average Operation Time (%)

	
5.1

	
4.0

	
5.7

	
3.8
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