Coordinated Residential Energy Resource Scheduling with Vehicle-to-Home and High Photovoltaic Penetrations
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Abstract: Home Energy Management System (HEMS) provides an effective solution to assist residential users in dealing with the complexity of dynamic electricity prices. This paper proposes a new HEMS in contexts of real-time electricity tariff and high residential photovoltaic penetrations. Firstly, the HEMS accepts user-specified Residential Energy Resource operation restrictions as inputs. Then, based on the forecasted solar power outputs and electricity prices, an optimal scheduling model is proposed to support the decision-making of the RES operations. For the scheduling of Heating, Ventilating, and Air Conditioning (HVAC) system, an advanced adaptive thermal comfort model is employed to estimate the user’s indoor thermal comfort degree. For the controllable appliances, the ‘User Disturbance Value (UDV)’ metric is proposed to estimate the psychological disturbances of an appliance schedule on the user’s preference. The proposed scheduling model aims to minimize the future 1-day energy costs and disturbances to the user. A new biological self-aggregation intelligence inspired metaheuristic algorithm recently proposed by the authors (a Natural Aggregation Algorithm, NAA), is applied to solve the model. Extensive simulations are conducted to validate the proposed method.



9

Nomenclature 
	Constants

	

	Total number of scheduling time intervals;

	

	Duration of scheduling time interval (hour);

	

	Duration of a full operation cycle of the ith SA (hour);

	

	Rated power of ith SA (kW);

	

,
	User preferred operation time range of ith SA;

	

	Number of SAs;

	

	Number of ISAs;

	

	Number of NISAs;

	

	Weighting factor of the objective function;

	

	Electricity price at time t ($/kWh);

	

	Power capacity of the electric vehicle (kW);

	

	Forecasted aggregated power load of NSAs at time t (kW);

	

	Energy capacity of the electric vehicle (kWh);

	

	Forecasted solar power output at time t (kW);

	

	Begin and end time of the user’s preferred operation time ranges of CA a;

	

	Cost coefficient of the electric vehicle;

	

	Lower SOC limit of the electric vehicle;

	

	Upper SOC limit of the electric vehicle;

	

	Charging loss (%) and leakage loss factors (%/month) of the electric vehicle;

	

	Photovoltaic source installation fee ($);

	

	Number of guarantee year of the solar  panel;

	

	Minimum SOC level desired by the user at the end of the scheduling horizon;

	

	Minimum online and offline limits of ith ISA at t (hour);

	

	Building thermal capacitance (kWh/ ºC);

	

	Building thermal resistance (ºC/kW);

	

	Lower threshold of the APMV;

	

	Upper threshold of the APMV;

	a, b, c
	Coefficients of the simplified PMV model;

	

	Feed-in tariff factor ($/kWh);

	Variables

	

	User disturbance value of the operation of ith SA;

	

	State of the ith SA at time t: 1-ON, 0-OFF;

	

	APMV value at time t;

	

	Charging/discharging power of the electric vehicle at time t (kW): positive-charging, negative-discharging;

	

	Remaining energy in electric vehicle at time t (kWh);

	

,
	Accumulated online and offline durations of ith ISA at time t (hour);

	

	SOC of the battery of electric vehicle at time t;

	

,
	Leaving and back home time of the user;

	

	Outdoor & indoor air temperatures at time t (ºC);

	

	Vapour pressure in air at time t (mmHg);

	

	Indoor relative humidity at time t;  



1. Introduction 
Demand Response [1] has been recognized as an important approach to improve the energy efficiency of modern power systems. Through certain incentive signals, demand side resources actively re-shape their energy consumption profiles to achieve grid-level objectives (e.g., load reduction in peak hours, grid frequency regulation, and so forth). 
Varying electricity tariff is one of the most widely adopted demand response signals. The most common dynamic electricity tariff schemes include the Time-of-Use tariff, real-time tariff pricing, and critical peak time pricing. The implementation and use of varying tariff schemes can sometimes become over complicated from the user’s viewpoint. This challenge is more obvious for the real-time pricing, whose price update cycle is often less or equal than one hour [2]. Thanks to the advanced metering and two-way communication technologies, building automation systems and Home Energy Management Systems (HEMSs) provide decision-making support for users to respond to the dynamic tariff and optimize the building energy consumptions. HEMS often automatically schedules various distributed residential energy resources subjected to varying electricity pricing signals and other demand response programs. 
Many works have been devoted to the design and development of HEMS. Some works studied the scheduling and control of the Heating, Ventilating, and Air Conditioning (HVAC) system in buildings/houses. For example, in our previous works, the authors studied the scheduling of HVAC in a smart home environment [3] and microgrid environment [4], respectively, as well as the aggregated dispatch schemes of large scale HVACs in the grid level [5], [6]. Other works coordinately scheduled various kinds of residential energy resources. [7] proposed a scheduling model to optimally arrange the operations of the household appliances under the day-ahead forecasted real-time electricity pricings; [8] optimally scheduled the residential battery energy storage system (BESS) and household appliances with solar power penetrations; in [9], a load commitment framework was proposed to minimize the household operation costs. In [10], a HEMS was designed to dynamically schedule appliances in each dwelling unit, and based on which the power demand of the whole community was forecasted and reported to the utility. [11] proposes a two-stage HEMS. In the day-ahead stage, the charging/discharging of BESS is optimally scheduled based on the forecasted solar power and; in the actual operation stage, the actual charging/discharging of BESS is determined based on the real solar power output. In [12], a home management scheme is proposed under the real-time pricing environment, so as to achieve a trade-off between minimizing the home electricity cost and minimizing the waiting time of the appliance operation. In [13], an appliance control strategy is proposed to regulate the feeder voltage through the customer reward scheme. In our recent works [14], [15], the authors proposed coordinated scheduling models for controllable appliances with and without plug-in electric vehicle, respectively; scheduling model was established to minimize the home electricity cost; Above works studied the residential energy management under the full automated/semi-automated environment. In our recent works [16-18], the home energy recommender systems based on the service recommendation technology are developed, which can be operated in the manually operated environment. 
This paper studies the design of HEMS, which optimally schedules the residential energy resources in a real-time pricing and high renewable penetrated environment. Residential energy resources considered in this paper include multiple household appliances, a plug-in electric vehicle, a HVAC system, and a set of rooftop solar panels. The household appliances can be categorized as non-shiftable appliances (NSAs) and shiftable appliances (SAs). Non-shiftable appliances include some manually operated appliances (e.g., computers, televisions, etc.) and the appliances which must be kept online (e.g., refrigerators). SA refers to the appliances that can be automatically controlled by the HEMS. SAs can be further divided into interruptible SAs (ISAs) and non-interruptible SAs (NISAs). ISAs include the appliances whose operation can be interrupted, e.g., clothes dryer, while NIAs include the ones whose operation cannot be interrupted until they finish the work, e.g., rice cooker. The operation of HVAC is driven by the user’s thermal comfort, and the operation of SAs are scheduled by the HEMS subjected to certain operational constraints. Existing works often strictly restrict the operation time ranges of SAs within the time ranges pre-specified by the user, so as to ensure the non-disturbance for the user [7-10]. This approach ignores the adaption of the user on the SA schedule. For instance, if a considerable amount of electricity costs can be saved by running some appliances out of the pre-specified time ranges, then the user would probably accept that. The major contribution of this paper is to propose a new HEMS, which is distinguished from existing works in following aspects: 
(1) For HVAC scheduling, this paper introduces an adaptive thermal comfort model to estimate the indoor thermal comfort degree of the user. To the best of our knowledge, the authors are the first to employ the adaptive thermal comfort model into HEMS;
(2) Instead of using user-specified appliance operation time rages as explicit constraints, this paper proposes a metric to estimate the psychological disturbance degree of a SA schedule to the user. Based on this, this paper proposes a coordinated residential energy resource scheduling model, which aims to minimize the home energy costs and the disturbances to the user; and
(3) A new metaheuristic algorithm recently proposed by the authors, i.e., Natural Aggregation Algorithm (NAA), is employed to solve the proposed model. 
Comparing with our previous works [14], [15], the residential energy resources scheduling model proposed in this paper takes into account the HVAC system, and incorporates an adaptive thermal comfort model to estimate the user’s indoor thermal comfort. To the best of our knowledge, this is the first research to integrate adaptive thermal comfort model into the building energy management. Further, we consider and model the psychological disturbance degree of a SA schedule to the user, which would affect the SA scheduling decision.
This paper is organized as follows. Section II introduces the adaptive thermal comfort module; Section III describes the proposed residential energy resource scheduling model; Section IV presents the NAA based solving approach; simulations are discussed in Section V; Section VI draws the conclusions and future works. 

2. Adaptive Thermal Comfort Model
The aim of HVAC operation is to maintain a comfort indoor environment for the user. Modelling and evaluating people’s thermal comfort degree is thus an essential task and has been widely studied in the building environment science. In the last decades, the PMV-PPD thermal comfort model proposed by Fanger [19] has been used worldwide and standardized by the American Society of Heating, Refrigeration, and AC Engineering (ASHARE) as the ISO 7730 thermal comfort model. Here the term ‘PMV’ means Predicted Mean Vote and ‘PPD’ means Percentage People Dissatisfied. PMV is an index that predicts the mean value of the votes of a large group of persons on the 7-point thermal sensation scale based on the heat balance of the human body, shown in table 1. In our previous work [5], [6], the authors introduced the ISO 7730 thermal comfort model into the grid-level HVAC dispatch. 

Table 1 7-Point thermal sensation scale [19]
	+3
	Hot

	+2
	Warm

	+1
	Slightly warm

	0
	Neutral

	-1
	Slightly cool

	-2
	Cool

	-3
	Cold



Fanger’s model seeks to capture people’s responses to the thermal environment in terms of the physics and physiology of heater transfer. It assumes the human body as a passive recipient of outdoor thermal stimuli, rather than an active one interacting with the person-environment system via multiple feedback loops [20]. However, in real buildings, if discomfort occurs, people often react in various ways to restore their comfort (e.g., putting on/taking off clothing and taking in hot/cold drinks) [20]. Based on this realization, the adaptive thermal comfort model is proposed [20] to account for people’s reactions. In this study, the adaptive thermal comfort model is employed to evaluate the user’s indoor thermal comfort, which consequently affects the HVAC scheduling decisions. 
2.1. Building Thermal Dynamics Model


The modelling of building thermal dynamics is an active research topic and not the focus on this paper. In this study, the widely-adopted R-C model is used to model the thermal transition of buildings, which has been proved to be capable for capturing the main thermal dynamics of the building [5], [6]. The R-C model includes two parameters: thermal resistance () and thermal capacitance (). The indoor temperature trajectory caused by the HVAC is governed by a first-order ordinary differential equation [6] shown as follows: 

        (1)

where  denotes the rated power of the HVAC (kW).
2.2. PMV Calculation
   ISO 7730 model calculates the PMV value based on the sensing of six variables: four environment factors (air temperature, air relative humidity, air velocity, and mean radiant temperature) and two individual factors (activity level and clothing insulation). For home energy management, accurately estimating the values of all the six parameters in a day-ahead scale would be a difficulty. To reduce the number of variables involved in the PMV calculation, Buratti et al. [21] proposed a simplified PMV calculation model, which only requires three parameters and can provide good approximation to the ISO 7730 model. This simplified PMV calculation model can be thus well adapted on the day-ahead residential energy resource scheduling, and is thus utilized in this study. It is expressed as: 

               (2)

               (3)




            Values of coefficients , , and are determined based on the homeowner’s clothing condition (), shown in table 2. 

Table 2 Coefficients of thermal comfort model [21]
	

	Sex
	a
	b
	c

	0.25-0.5
	Male
	0.2630
	0.3027
	6.8066

	
	Female
	0.2658
	0.1072
	6.7232

	
	Both
	0.2803
	0.1717
	7.1383

	0.51-1.0
	Male
	0.1162
	-0.1338
	2.2011

	
	Female
	0.2424
	0.0614
	5.5869

	
	Both
	0.1383
	0.0269
	3.0190

	1.01-1.65
	Male
	0.1500
	-0.1668
	2.5121

	
	Female
	0.1494
	-0.1056
	2.6408

	
	Both
	0.1478
	-0.1371
	2.5239



2.3. Adaptive PMV Calculation
    Based on the PMV value calculated by Eq. (2), the adaptive PMV (APMV) at time t is calculated as: 

            (4)


where  is the adaptive coefficient, representing the effects of people’s reactions. In this study, the value of  is obtained from the Evaluation Standard for Indoor Thermal Environment in Civil Buildings of China [22], shown in table 2. 


Fig. 1. Schematic of the home energy management system


           By calculating the APMV, the HVAC operation is then driven by the pre-specified APMV dead-band: 

     (5)

Table 3 Value determination of adaptive coefficient (translated from [22])
	Climate Zone of Building
	Educational Buildings
	Residential buildings, shops, hotels, and offices

	Severe Cold Area
	

	0.21
	0.24

	
	

	-0.29
	-0.5

	Warm Area
	

	0.17
	0.21

	
	

	-0.28
	-0.49



3. Coordinated Residential Energy Resource Scheduling Model
The SAs considered in this study include a clothes’ dryer, a washing machine, a dish washer, a rice cooker, and a pool pump. In this section, the proposed coordinated RES scheduling model is formulated, which is the core component of the HEMS. The overall schematic of the proposed HEMS is depicted in Fig. 1. It aims to optimize the charging/discharging power of plug-in electric vehicle and commitments of SAs, based on the real-time pricing tariff published by the utility and other day-ahead forecasted information, including:
(1) Meteorological data, including solar radiation, outdoor air temperature, and indoor air humidity; 
(2) Aggregated power demands of the NSAs; 
(3) User’s clothing and indoor activity conditions. 
        For the home load and meteorological data, there have been many short-term forecasting techniques that can be applied. The user’s clothing and indoor activity can be explicitly specified by the user through the HEMS portal, or implicitly estimated from the past recorded information. 

3.1. User Inputs
     The HEMS accepts user-specified information and use them as residential energy resource operational constraints. In the proposed HEMS, the user should specify following information through the HEMS portal prior to the incoming day:
    (1) Operation time ranges of the HVAC. Existing building energy management systems often schedule the commitments of the HVAC to maintain the indoor temperature within a comfort range throughout the day [3]. This whole-day control strategy could be suitable for public buildings such as office buildings, hospitals, but not suitable for residential buildings. For residential buildings, maintaining the comfort indoor environment is only meaningful when the user is at home. Therefore, in the proposed HEMS, the user should tell the HEMS the operation time ranges of HVAC;
    (2) Preferred operation time ranges of SAs; and 
    (3) Electric vehicle’s plug-in period and the desired SOC level of electric vehicle battery at the end of the scheduling horizon.
3.2. User Disturbance Measurement
      As mentioned in the introduction section, almost all existing works use the user-specified allowable SA operation time ranges as explicit constraints, to ensure the SAs are scheduled within the pre-specified time range. However, in practical situations, the user’s willing to make compromise on saving money and running SAs out of his/her preferable time should be taken into account. This consideration is particular important in the real-time pricing environment, as the variable electricity prices have significant impacts of the home energy costs. 
      To make such compromise, it is essential to measure the disturbance degree of a given SA schedule on the user’s habit preference. In [7], the authors assumed the user always preferred to have the SA finish its work as earliest as possible, and measured the disturbance of a SA schedule to the user by using the ‘delay time rate (DTR)’, in which the later the SA finishes its work, the larger of the DTR value.  However, in this study we argue that above strategy used in [7] may not truly reflect a practical user’s willingness. Imaging a user who prefers to have the washing machine run between the period of 9am to 5pm (after he/she leaves home to work in the morning and backs home after work), then the washing machine finishes the work on 11am or 2pm would probably has no difference to the user. What actually disturbs the user is to run the washing machine out of the user-specified time ranges (e.g., run from 4pm to 5:30pm). Based on this realization, in this study the metric of “User Disturbance Value (UDV)” is proposed to measure the disturbance degree of a SA schedule on the user. The UDV of the operation of ith SA is calculated as: 

                         (6)

                (7)


where  and  are specified by the user. If a SA is scheduled within the user specified preferred operation time range, then it is considered to have no disturbance to the homeowner; otherwise, the disturbance degree of the SA schedule to the user’s life habit is proportion to the operation time outside the user’s preferred time range. 
 
3.3. Optimal Residential Energy Resource Scheduling Model
        The optimal residential energy resource scheduling model can be formulated as: 

	                 (8)

                    (9)








where  represents the home energy cost;  is calculated as Eq. (6).  consists of the electricity tariff cost (), Electric vehicle’s battery depreciation cost (),discounted solar panel installation cost (), and the revenue of the user due to the feed-in tariff ().  is calculated as: 

  (10)
     The operational cost of the electric vehicle battery is calculated by the total energy usage, shown as Eq. (11):

             (11)

 (12)
The daily discounted photovoltaic source investment cost is calculated by its installation fee paid by the user and the guarantee years provided by the utility:

                                  (13)
           The feed-in tariff represents a ratio paid for electricity fed back into the grid from designated renewable sources, which has been deployed in many countries [23]. The homeowner’s revenue from the feed-in tariff is calculated as: 

 (14)


           The decision variables of the residential energy resource scheduling mode include the commitments of SAs () and the charging/discharging power of the plug-in electric vehicle (). The model is subjected to following operation constraints: 
       (a) Plug-in electric vehicle operation constraints:

                (15)

     (16)

                                    (17)

                              (18)
        Eq. (15) ensures the electric vehicle cannot be charged/discharged when it is not plugged in the parking slot; Eq. (16) ensures during the plug-in period, the charging/discharging power of electric vehicle cannot exceed the rated power; Eq. (17) constraints that when the electric vehicle leaves home, the energy stored of the electric vehicle’s battery must be larger or equal than the user’s desired level. 
           (b) Indoor thermal comfort constraint: 

          (19)
            Eq. (19) ensures when the homeowner is at home, the indoor thermal comfort must be kept within the comfort range. 
           (c) SA operation cycle constraint. The time duration of the operation cycle of the appliances must be ensured:

                                      (20)
       (d) NISA operation constraint. The operation of NISA cannot be interrupted until it finishes its work:

                                            (21)


where  represents the time interval when the ith NISA is first time to be turned on;  is the number of NISAs. 
     (e) ISA minimum online/offline time constraints. For the interruptible SAs, the minimum online and offline time constraint is applied to protect their mechanical devices, shown as：

            (22)

4. NAA Based Solving Approach
Analog to the unit commitment, the residential energy resource commitment model (8) is a constrained mixed-integer combinatorial optimization problem with the computational complexity of NP hard. In the literature, the heuristic methods are often applied to search for the global/near global optimal solution in the high dimensional problem space [7-9]. Recently, a new metaheuristic algorithm is proposed by the authors, i.e. Natural Aggregation Algorithm (NAA) [24]. NAA mimics the biological self-aggregation intelligence and uses heuristic rules to search in the problem space. In lab experiments, NAA shows superior performance on many benchmark functions. In this study, NAA is applied to solve the proposed model.  
4.1. Introduction of NAA

NAA mimics the collective intelligence of group-living animals in their resource sharing and competition process. The group-living animals tend to group on the multiple resources (e.g., shelters and food) to exploit the resources. Resources with higher qualities will attract more swarm individuals to aggregate, while the overcrowding of a group would make the group members leave it to explore better resource or join other groups. Biologists established probabilistic models to describe the group-living animals’ self-aggregation behaviors [25]. In NAA, a population of individuals is distributed as multiple sub-populations, where each sub-population is called a ‘shelter’. The core of NAA is a stochastic migration model, which makes individuals migrate among sub-populations. In each generation, each individual placed at a shelter s evaluates its probability of leaving its current shelter ():

                      (23)






where  is the normalized quality of shelter ;  is the number of individuals currently in ;  is the capacity of shelter s representing the maximum number of individuals it can contain. Based on , the individual decides whether or not to leave the current shelter. For each individual not part of any shelter, it randomly selects a shelter s and evaluates its probability of entering it:

                   (24)

          Based on , the individual decides whether or not to enter the shelter under consideration. After making the migration decisions, each individual placed at a certain shelter performs a located search, while each individual not included in any shelter performs a generalized search. Further details related to NAA can be found in reference [24]. 
4.2. Encoding Protocol and Constraint Handling Strategy






Each individual is encoded as a vector with the dimension of . For the first  dimensions of each individual, every sequential T dimensions are binary variables representing the ON/OFF states of an SA at each time interval; the next  dimensions are continuous variables, representing the charging/discharging power of the plug-in electric vehicle at each of the  plug-in time intervals; the last  dimensions are binary variables, representing the ON/OFF states of the HVAC at each of the  operation time intervals. 
The proposed model is subjected to several constraints. In each generation, before the fitness evaluations, following constraint handling procedures are applied on each individual:

(1) Check the SOC constraint of the electric vehicle battery sequentially for each plug-in time interval, under the plug-in electric vehicle charging solution given by the individual. If the calculated SOC is out of the allowable lower and upper limits, then adjust the charging/discharging power value to maintain the SOC in the boundary limit. If the SOC at the end of the scheduling horizon is smaller than , then mark the individual as ‘infeasible’;
(2) Check the ISA minimum online/offline constraint for each time interval sequentially. If it is violated, then reverse the ISA’s state of that time interval;
(3) After above two steps, check the NISA operation constraint and SA operation cycle constraint. If one of them is violated, then mark the individual as ‘infeasible’;


(4) Check the APMV constraint of the HVAC at each time interval of the HVAC operation periods. If the APMV value is higher than  and the state of HVAC is OFF, then reverse the HVAC state to be ON; if the APMV value is lower than  and the state of HVAC is ON, then reverse the HVAC state to be OFF. 

5. Simulation Studies
Simulation are conducted in this section. All programs are implemented on Matlab and executed on a DELL workstation with 128-G memory and 2 Intel Xeon processors.  
5.1. Smart Home Environment Configuration
The operation of a smart home in a normal summer working day is simulated. The dispatch interval is set to be 15 minutes. The operations of dish washer (DW), pool pump (PP), and clothes dryer (CD) are assumed to be interruptible, while those of rice cooker (RC) and washing machine (WM) are assumed to be non-interruptible. The configurations of the smart home are shown in table 4. The upper and lower limits of APMV are set to the ‘level II’ of the Chinese civil building standard [22], i.e., [-1, 1]. Solar panels with capacity of 5-kW is simulated, and the installations fee and guarantee years are set to $6220 and 25 years, respectively, according to the Australian residential solar business market survey [26].   
24-hour smart home operation is simulated, starting from 12:00am of a day to the 12:00am of the next day. 24-our real-time pricing tariff published by the Ameren Illinois Power Company, U.S and 24-hour Australian solar radiation data is used for simulation, shown in Fig. 2. The solar radiation data is then converted to the photovoltaic power output with the energy conversion efficiency of 0.9. A 24-hour recorded outdoor air temperature profile of Sydney, Australia in a summer season is also used for simulation. A 24-hour aggregated NSA demand profile is generated based on the residential data published by the Australian “Smart Grid, Smart City” project [27], shown in Fig. 3. Due to the lack of relevant data, the indoor air relative humidity is assumed to be kept in a comfort level, i.e., 40%. This can be achieved by utilizing a certain humidity control facility. 






The control parameter settings of NAA are: population size=120, maximum generation time=600, , =15, , , , .

Table 4 Configuration of the smart home environment
	Building Parameters

	Rth
	18 ºC/ kWh

	Cth
	0.525 kWh/ºC

	AOA Operation Settings

	Name
	OC
	POTR
	Rated Power

	PP
	6 hours
	[9am, 6pm]
	1.5 kW

	DW
	2 hours
	[12pm, 7am]
	0.8 kW

	WM
	1.5 hours
	[12pm, 7am]
	1 kW

	RC
	1 hour
	[5pm, 7pm]
	0.6 kW

	CD
	2 hours
	[9am, 6:30pm]
	1 kW

	Plug-in Electric Vehicle Settings

	Plug-out Time
	Plug-in Time
	Desired SOC

	8:30am
	6:30pm
	60%

	Power Capacity
	Energy Capacity
	


	3kW
	12kWh
	0.2

	HVAC Operation Settings

	Operation Time Range
	APMV Lower Limit
	APMV Upper Limit

	[7am, 8:30am], 
[6:30pm-10pm]
	-1
	1

	Homeowner’s Clothing Settings

	Time Range
	Icl
	Clothing Condition

	[7am, 8:30pm], [6:30pm, 10pm]
	0.7 
	Short sleeve shirt, light trousers, shoes

	[10pm, 7am]
	0.3
	Underwear, T-shirt


Note: ‘OC’ means ‘operation cycle’; ‘POTR’ means ‘preferred operation time ranges’; clothing insulation value (Icl) are obtained from [17].  

[image: C:\Users\fluo7735\AppData\Roaming\Tencent\Users\3527428268\QQ\WinTemp\RichOle\Y@GK~I8%F_32Z9TU49~`LKX.png]

Fig. 2. 24-hour real-time pricing tariff and forecasted solar power outputs

[image: C:\Users\fluo7735\AppData\Local\Temp\1508809836(1).png]
Fig. 3. 24-hour forecasted must-run appliance load profile


5.2. Trade-off of User Preference and Electricity Cost



The weighting factor  controls the compromise between the energy costs and user’s preference on the SA scheduling. We adjust the value of  from 0 to 1 with the step size of 0.2, and plot the trade-off relationship of UDV and energy costs in Fig. 4. Fig. 4 shows that generally more energy cost saving can be achieved with the increase of UDV. When UDV=0, the 1-day energy cost is the largest value ($3.422); on the other hand, when UDV=3.133, the energy cost is reduced to $1.555. The user can choose the proper value of  to make compromise between cost saving and life convenience based on his/her practical considerations and willingness. 

[image: C:\Users\fluo7735\AppData\Roaming\Tencent\Users\3527428268\QQ\WinTemp\RichOle\S([[_{2U5$8MA}O9(EG]N1A.png]

Fig. 4. Trade-off of UDV and electricity cost


5.3. Residential Energy Resource Scheduling Details


We set  to 0.4 and run the optimization. The detailed residential energy resource scheduling results are shown in Figs. 5 and 6. The commitments of SAs and HVAC are shown in Fig. 5. The results show that with =0.4, generally the SAs are scheduled to run within the user’s preferred ranges, while a part of the running time of dish washer is out of the user’s preferred time ranges. From Fig. 6, it can be seen that the charge/discharge power of the plug-in electric vehicle and the corresponding SOC profile. It can be seen that at the plug-out time (8:30am), the SOC of the electric vehicle’s battery is slightly larger than the user’s desired lowest SOC level (60%). Fig. 6 also reports the corresponding indoor temperature and calculated APMV values under the commitment in Fig. 5. The results show that the air conditioner starts to pre-cool the house at about 5:15pm, before the user arrives home. It maintains the indoor thermal environment within an acceptable level during the period of 6:30pm and 8:30am.  Different home cost/revenue items under the solution is shown in table 5. 
5.4. Validation of NAA
Lastly, the efficiency of NAA on the proposed model is validated by comparing it with two most widely used heuristic optimization techniques: Particle Swarm Optimization (PSO) and Differential Evolution (DE). The 3 algorithms are implemented in Matlab. Same population size and maximum generation time settings are applied, and the control parameters of PSO and DE are determined by several trials. For fair comparison purpose, each algorithm is executed five times and the average result is calculated to compare. Fig. 7 gives the convergence curves of the four algorithms. Fig. 7 clearly shows that NAA quickly finds good solutions in early generations, and continuously updates the searched optimal solution with the increase of generation. In summary, on the proposed model NAA shows superior global searching performance to the other two algorithms. This observation is generally consistent with experiments of NAA on benchmark functions [24]. 
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Fig. 5. Commitments of pool pump (upper-left), dish washer (upper-middle); washing machine (upper-right), rice cooker (lower-left), clothes dryer (lower-middle), and HVAC (lower-right).
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Fig. 6. Total house consumption (left), charging decisions of electric vehicle (middle), and indoor temperature and APMV profiles (right).



Table 5 Cost and revenue of the smart home
	Energy Purchase Cost
	Feed-in Tariff Revenue
	Electric vehicle’s Battery Depreciation
	Discounted Solar Generation Cost
	Total Cost

	$3.41
	$2.435
	$1.089
	$0.660
	$2.722
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Fig. 7. Convergence comparison of three algorithms on the proposed model

6. Conclusions and Future Works
This paper studies the residential energy source scheduling problem with the real-time pricing tariff and high solar penetrations. The operations of appliances are modelled, and the disturbances of the SA scheduling to the user is considered by proposing the metric of user disturbance value. For the HVAC operation control, an advanced adaptive thermal comfort model is utilized to estimate and measure the user’s indoor thermal comfort degree. A new biological self-aggregation intelligence inspired algorithm previously proposed by the authors is utilized to solve the proposed residential energy resource scheduling model, and simulations are conducted. The proposed model and simulation results demonstrate the feasibility and reasonability of incorporating the adaptive human thermal comfort model into the building energy management. Further, the simulation results reveal that the proposed scheduling method can well schedule residential energy resources to respond to the renewable output and real-time pricing signals, and can thus improve the automation of the residential buildings. The results show that by introducing the weighting factor, the proposed model can provide flexibilities for the user to achieve the compromise of appliance utilization time preference and electricity cost. 
More works can be done in future. The authors are currently working on develop risk based stochastic residential energy resource scheduling approach to account for the uncertainties of renewable sources; the authors are also developing agent intelligence-based framework for residential energy resources. While these works focus on the short-term scheduling and control of residential energy resources, the sizing of residential photovoltaic sources and residential energy storage systems are also deserved to be studied. 
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