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The components of a smart home, such as energy storage systems, solar panels, and electric vehicles, interact with each other through an integrated infrastructure, known as Energy management systems (EMS)s. EMS optimizes energy supply and demand chain in smart home devices. In this paper, we aim to optimize the performance of energy storage devices, solar panels, and electric vehicles in a smart home, connected to a power grid. The proposed management approach is based on mixed integer linear programming. In this research, we analyzed and validated various power/load demand scenarios with possible uncertainties. The simulations are developed in MATLAB/Simulink environment, and the results show that energy consumption and cost of electricity are reduced significantly.

Introduction

Many countries are investing in cutting energy costs and reducing energy consumption. Recently, this topic is under significant attention for a number of important reasons, including the depletion of fossil fuels, global warming, excessive greenhouse gas emissions, and climate change [START_REF] Rajkumar | Demand response management-a survey[END_REF][START_REF] Matthews | The smart grid-a literature review[END_REF][START_REF] Rakhtala | Pem fuel cell system modeling for nonlinear control application[END_REF]. Meeting peak daily and seasonal demand in power plants is challenging and expensive. Peak demand occurs when the consumer demand for power is at its highest. Power plants should be designed in a way to anticipate peak scenarios, and be prepared for the surge in demand to quickly ramp up their power supply. One of the efficient measures for addressing peak power is the demand side management (DSM) or demand side response (DSR). DSM encourages power consumers to modify or reduce their electricity usage during the peak hours. DSM technologies in smart homes offers various economic and environmental advantages for both power suppliers and customers. Various strategies can be utilized for demand response management; these strategies are categorized into two main groups: time-based demand response programs, and incentive-based demand response programs. Real-time scheduling, time of used program, and critical peak pricing are examples of time-based programming approaches. Examples of incentive-based scheduling approaches include direct load control, capacity market program, and demand bidding. Three essential steps in any DSM strategy are prediction, optimal planning, and control. Predictive approaches are useful in foreseeing the smart home response to control inputs, and to predict the future variables. Various literature proposed predictive control strategies for building energy management [START_REF] Zhou | Investigating the demand response management of residential buildings[END_REF][START_REF] Eini | Learning-based model predictive control for smart building thermal management[END_REF][START_REF] Sharifi | Identification algorithm to determine the trajectory of robots with singularities[END_REF][START_REF] Johnson | A predictive control strategy for hvacs based on regression techniques[END_REF]. Authors in [START_REF] Zhou | Investigating the demand response management of residential buildings[END_REF] proposed a non-cooperative predictive control strategy for minimizing energy usage in residential buildings. They predicted the residential energy profiles and minimized energy consumption considering the predicted information. The work in [START_REF] Eini | Learning-based model predictive control for smart building thermal management[END_REF] focused on the building energy patterns and occupancy forecasting through predictive control. Authors used the predicted data to assist with the pre-cooling and pre-heating processes in the HVAC systems. They claimed that energy consumption was significantly reduced through their proposed approach. The study in [START_REF] Johnson | A predictive control strategy for hvacs based on regression techniques[END_REF] investigated a predictive control technique based on neural networks. They aimed at minimizing energy consumption in a commercial BEMS.

In literature, several DSM control methodologies are proposed. Authors in [START_REF] Smit | Demand side management based on game-theoretic energy consumption scheduling[END_REF] proposed an energy management approach based on the game theory. Authors claimed that they could attain the optimum electricity prices. Literature [START_REF] Eini | Distributed model predictive control for intelligent traffic system[END_REF][START_REF] Sanders | Distributed demand-side management optimization for residential buildings[END_REF][START_REF] Fuller | Decentralized agent-based control for demand side management smart grids[END_REF][START_REF] Eini | Distributed model predictive control based on goal coordination for multi-zone building temperature control[END_REF][START_REF] Walker | Performance analysis of energy storage devices for building energy manmagement systems[END_REF][START_REF] Parker | Evaluating economical effect of energy-efficient commercial buildings[END_REF] proposed distributed energy management system for smart buildings. In [START_REF] Fuller | Decentralized agent-based control for demand side management smart grids[END_REF], a distributed mixed-integer quadratic programming (MIQP) optimization approach based on cost functions is implemented. The distributed energy saving strategy proposed in [START_REF] Eini | Distributed model predictive control based on goal coordination for multi-zone building temperature control[END_REF] is based on model predictive control methodology. In [START_REF] Bakker | Multi-agent control for energy management in sustainable buildings[END_REF], a control strategy based on particle swarm optimization algorithm is proposed for energy management of smart homes. The study in [START_REF] Siddiqui | Energy disaggregation in smart home appliances: A deep learning approach[END_REF] proposed a learning-based control methodology for the energy management of smart buildings. Authors showed that their approach has significantly improved energy savings and residents comfort. An integer-linear programming (ILP)-based control approach (through using objective functions) is proposed in [START_REF] Williams | Integer linear programming-based optimization models for energy management in a smart homes[END_REF] for the energy management in smart houses. In [START_REF] Sfeir | Internet of things solutions in smart cities[END_REF], a demand side management strategy is proposed using the Internet of Things. Authors proposed a DSM system as the internet of energy based on fog and cloud computing. The related works explained previously did not consider the uncertainties in anticipating generated and consumed power. However, uncertainties associated in the predictions can highly degrade the performance of management system. The main aim of this paper is to proposed a scheduling strategy for smart home components (including solar panels, electric vehicles, and energy storage systems) considering the disturbances in power predictions. Our proposed strategy is based on the mixed integer linear programming (MILP) method, and its performance is evaluated through the conditional value at risk (CVAR). The rest of the paper is organized as follows. Section 2 provides an overview of the system under study; cost functions and problem constraints. Our proposed technique and the models of smart home components are presented in section 3. The simulation results are shown in the next section. Section 5 presents the conclusions.

System definition

The main objectives of energy management systems in buildings are to maximize profit and minimize operational costs, considering all the constraints on the system models and optimization problems. The cost function equation is presented in [START_REF] Rajkumar | Demand response management-a survey[END_REF]. The cost is the difference between the cost of purchasing power from the grid and the selling power to the grid.

Cost = (1 -β ) ∑ t ∑ s ρ s [ P ts grid ∆T λ t buy - P ts sold ∆T λ t sell ] + βCVAR (1) 
In the above equation, Cost is the daily cost of household energy, ρ s is the probability of scenario s to occur, ∆T is the time period, CVAR is the conditional value at risk, and β is the weighting factor. CVAR is defined as follows.

CVAR = η + 1 1 -α ∑ s ρ s ζ s ∑ t [ P ts grid ∆T λ t buy - P ts sold ∆T λ t sell ] -η ≤ ζ (s) (2) 
where η, α, and ζ are the weighting coefficients of CVAR equation. The cost function in (1) includes the following constraints:

• Power balance constraints:

The power balance equations are as follows.

P 

According to the power balance equation, the consumed power and the generated power are equal. Generated power is composed of the purchased power, generated power in the solar panels, electric vehicle's discharge power, and the generated power in energy storage systems • Energy storage system model constraints:

The constraints on energy storage systems are usually on the charge/discharge power.

P ts ESS,ch ≤ CR ESS u t ESS (4) 
P ts ESS,dis ≤ DR ESS (1 -u t ESS ) ( 5 
)
SOE ts ESS = SOE (t-1)s ESS +CE ESS P ts ESS,ch ∆T - P ts ESS,dis ∆T (6) 
SOE 1s ESS = SOE ESS,ini (7) 
SOE ESS,min ≤ SOE ts ESS ≤ SOE ESS,max (8) 
The first two constraints above state that in each state, the battery can be either charged or discharged; the binary variable u t ESS can meet these two constraints. The rest of the constraints above show the boundaries on the battery's level of energy. The stored energy at each instant is equal to the energy stored in the previous instant plus the energy injected to the battery (or minus the energy discharged from it). The stored energy in the battery is limited; it is between its maximum and minimum capacity.

• Electric vehicle model constraints:

In this study, we assumed the battery of the electric vehicle is quite similar to the energy storage system (or battery which is explained previously). The constraints on the electric vehicle are as follows. 

P ts EV ,ch ≤ CR EV u t EV Z t EV (9) 
The constraints above are on the electric vehicle's power when parked.

• Solar panel model constraints:

The constraints on the energy generated in the solar panels are as follows.

P ts PV = P ts PV ,used + P ts PV ,sold

P ts sold = P ts PV ,sold

The generated power in the solar panels can be sold to the grid or can be used in the household.

Proposed methodology

Our proposed energy management methodology is based on the mixed integer linear programming. Fig. 1 shows the household power consumption and generated power from the solar panels.

Figure 1: Household power consumption and the produced power form the solar panels

The parameters of the electric vehicle and energy storage system are shown in Table 1. It is assumed that the vehicle leaves at 7 am and comes back to the parking at 6 pm. Also, it is assumed that the vehicle battery is fully charged before leaving. Fig. 2 shows the price of purchased energy in different periods. For predicting the generated power from solar panels, 100 scenarios are tested. All the tested scenarios and prediction results are shown in Fig. 3. The standard deviation in the prediction is 20%. Three different scenarios are considered in our simulations. scenario 1: Solar panels and energy storage systems are not considered in the house. scenario 2: Solar panel with capacity of 500 watts is considered. scenario 3: An electric vehicle, a solar panel, and an energy storage system with capacity of 3 kWh are considered.

Fig. 4 shows the results (power generation and consumption) for the first scenario. The price of energy in this scenario is 169.66 cents. The proposed approach reveals the optimum point in less than 0.2 seconds. Figs. 5 and6 show the results for the second and third scenarios, respectively. The electricity expenses in the second scenario is 116.47 cents. The price of electricity is less than the first scenario (reduced by 31%) due to the use of solar panels. In the third scenario, energy cost is 111.234 cents, and it is 34% reduced compared to the first scenario. This is due to the use of solar panels and electric vehicle. 

Conclusion

In this paper a control strategy based on the mixed integer linear programming (MILP) methodology is proposed. An electric vehicle, a solar panel, and a energy storage system are considered in the energy managent system. Three different scenarios are implemented in the simulations and the results are analyzed and compared. Regarding the simulation results and based on the CVAR criterion, our proposed strategy has significantly improved energy saving aspect in the smart home. 
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Table 1 :

 1 Electric vehicle and energy storage system parameters

	Parameter	Value	Parameter	Value
	CE EV	95%	SOE EV,ini		8 kWh
	DE EV	95%	SOE EV,max	16 kWh
	CR EV	3.3 kWh	SOE EV,min	4.8 kWh
	DR EV	3.3 kWh	SOE ESS,ini	1.5 kWh
	CE ESS	95%	SOE ESS,max 3 kWh
	DE ESS	95%	SOE ESS,min	0.75 kWh
	CR ESS	0.6 kWh	DR ESS		0.6 kWh
		P ts	EV ,dis ≤ DR EV (1 -u t	EV )Z t	EV	(10)
	SOE ts	EV = SOE (t-1)s	EV +CE EV P ts ∆T EV ,ch	-	EV ,dis ∆T P ts