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ABSTRACT 

This paper develops a close-to-real-time energy 

management system for a smart multi-family residential 

building with PV production and energy storage systems. 

The model aims to control the operation of controllable 

residential appliances to minimize the total energy 

procurement cost while ensuring the users’ satisfaction. A 

mixed integer linear programming model is developed to 

solve the optimization problem in a rolling time window. 

The results of the case study verify the effectiveness and 

the validity of the proposed model. Implementing the 

proposed approach in a residential building reduces the 

peak demand by 24.5% and the total energy procurement 

cost by 4.3%.  

INTRODUCTION 

The basic idea behind implementing energy management 

systems (EMS) for the residential users is to convert them 

to active players of the energy system [1]. The successful 

implementation of smart grids highly depends on effective 

demand-side management [2]. The building energy 

management system enables the inhabitants of the 

residential buildings to participate in demand response 

(DR) programs more actively [1].  

Smart buildings have an essential role in implementing DR 

programs. The main features of smart buildings are the 

improved measurement and automation systems. The 

automation of smart appliances and energy sources can be 

used in smart buildings to manage the energy consumption 

and to respond to the price signals sent from the utility 

company.  

Dispatching residential loads with a flexible consumption 

is a growing trend in smart grids. The demand-side 

flexibility potential becomes critical in future due to the 

increased electricity demand and the growth of 

intermittent renewable generation. Therefore, the reason 

behind many recent energy policies is to engage the 

consumers more in the market. For instance, in the “Clean 

energy for all Europeans” package, active consumers are 

the central players of the energy market [3]. This policy 

framework intends to make behavioral changes in 

consumers and increase their engagement in the market 

with effective regulation. In this modern design for the 

electricity market, the consumers are at the heart of clean 

energy transition.  

Optimal management of energy consumption at smart 

buildings enables the users to lower their energy bills and 

support the grid through providing flexibility. The energy 

management problem of residential consumers has been 

addressed in several studies. These studies can be 

classified from the following perspectives: 

• Scheduling horizon: Consumption scheduling is 

usually a day-ahead planning problem of the 

residential loads, while in actual demand response 

implementation the control commands should be 

made close to real-time.  

• Energy carriers: The interaction among different 

energy networks, such as natural gas network or 

district heating network with the electricity 

distribution network provides additional flexibility for 

the operation of each of these grids.  

• Energy sources: The characteristics of the EMS 

depend on the types of energy sources used in the 

model. Different types of controllable household 

appliances and small-scale generation units can be 

used in the models. 

The uncertainty of the EVs availability and the small-scale 

renewable energy sources has been incorporated in the 

stochastic home EMS proposed in [1].  The model 

guarantees the users’ satisfaction by using a response 

fatigue index, and the results indicate that implementing 

this model can reduce the response fatigue, as well as the 

cost. 

A day-ahead energy management algorithm that 

coordinates the scheduling of controllable appliances 

among smart homes with the objective of minimizing the 

energy bills is proposed in [4]. The coordinated decision-

making approach is used to avoid unexpected issues, such 

as rebound peaks, overloading, and contingencies in the 

distribution network. 

In [5], a home EMS employs load shifting strategy to 

optimize the energy consumption of the building. The load 

demand is managed efficiently to reduce the cost of energy 

and peak to average ratio of the demand while 

guaranteeing the comfort of the users. Loads in this model 

are interrupted in emergency situations and allocate the 

remaining time-slot to any other user preferred appliance 

by rescheduling. 

The EMS model proposed in [6] minimizes not only the 

users’ energy cost but also the customers' dissatisfaction, 

which is modeled as a function of load curtailment. In this 

paper, the energy consumption model of household 

appliances is based on a set of sequential non-interruptible 

energy phases applied to the day-ahead energy 

management framework of a residential microgrid. The 

homes in the microgrid include essential and time-
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shiftable household appliances. This model enables the 

utilization of the start-time shifting and inter-phase delay 

capabilities for the time-shiftable appliances. 

According to the technical literature in this area, most of 

the studies propose models for the consumption 

scheduling of residential loads. In this paper, a close to 

real-time building EMS for a multi-family residential 

building is proposed.  

The building EMS is designed to optimize the integrated 

use of multiple energy sources to minimize the electricity 

cost, considering different energy prices during the day.  

The proposed model is used in a case study to evaluate the 

flexibilities of a real multi-tenant residential building 

located at Chalmers university campus in Gothenburg, 

Sweden (HSB Living Lab). The building is equipped with 

a battery energy storage (ES), an EV charging station, and 

controllable washing machines and dishwashers as flexible 

sources. 

It is essential to consider that the users mainly seek the 

highest level of comfort in operating their appliances [1]. 

Since in this model the loads are always controlled within 

the range determined by the users, minimizing the user's 

dissatisfaction is not considered as an objective. This 

approach does not influence the users’ autonomy for the 

operation of the devices and only controls the devices in 

the range determined by the users. 

ENERGY MANAGEMENT MODEL 

The building EMS minimizes the energy procurement cost 

of the building, considering variable energy prices during 

the day and a power-based network tariff which works as 

a penalty for the peak consumption. The preferences of the 

users are considered as inputs to this model. 

The inhabitants of the building participate in a reward-

based DR program which is offered by the utility company 

and encourages them to provide more flexibility 

concerning the operation of their energy sources. The 

reward-based mechanism is beyond the scope of this 

paper, and the flexibility that each user provides for the 

EMS is considered as an input to this model. 

The smart building model in this paper has a PV panel 

coupled with an energy storage (ES) system. The shiftable 

non-interruptible loads are the washing machine and the 

dishwasher. The electric vehicles (EV) are also considered 

as controllable loads in this model. 

The building EMS can shift the demand after being 

initiated by the users. The EMS outputs are the start time 

of the washing machines and the dishwashers, as well as 

the controlled charging/discharging of the ES and the EV. 

Washing machines and dishwashers are considered as non-

interruptible loads, which function without a pause once 

activated. However, the start time of the machine can be 

delayed. The building EMS controls the operation of the 

shiftable devices by delaying the start time. 

The preferences of the users are in the form of the desired 

end time for the operation of the shiftable loads like the 

washing machine or the dishwasher, and the expected state 

of charge (SoC) of EV battery at a given time. The users 

determine the expected end time for the operation of the 

washing machine and the dishwasher.  

Operational decisions are made using a rolling time 

window, and the energy sources are dispatched near to 

real-time. The control decisions are made for each time 

step (e.g., 5-minute) while optimizing the cost for a longer 

time window (i.e., one day). Figure 1 shows the building 

EMS model and the concept of rolling time window. 

 
Figure 1. Schematic of the real-time building EMS 

The objective function in each iteration i is to minimize the 

energy cost of the building for the 24-hours ahead, 

considering the cost of energy and the peak demand 

penalty (1). The time-variable energy rates, which reflect 

the changes of the energy prices in the wholesale market 

are considered. It is essential to offer a reward-based DR 

program to users to encourage them to provide flexibility, 

otherwise providing flexibility would not have any benefit 

for them if they are buying electricity at fixed rates. The 

reward-based mechanism is not investigated in this paper, 

and the users’ behaviors are taken as inputs of the model. 

��(�) is the power that will be drawn from the grid and 

��(�) is the price of energy procurement for the utility 

company. 

Utilities can impose power-based tariffs on customers’ 

peak demand to avoid increased peak locally. This fee is 

set to encourage the customers to reduce their peak 

demand [7]. The second term in the objective function is a 

penalty function to reduce the peak demand. The penalty 
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parameter ���	
 [€/kW] can be equal to the price imposed 

on the daily peak consumption (��
�	�) of each individual 

user in τ time interval or to other values determined by the 

utility company. τ is the duration of each time interval and 

T is the number of time intervals in the scheduling horizon. 

The number of time intervals will not change in each 

iteration.  

Equation (2) enforces that the consumption profile in each 

iteration is always lower than the maximum available 

power, ��
�	� . ��(�) is the expected power that should be 

drawn from the external grid. 
1
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Equation (3) shows the components of the power profile. 

�
�(�) is the forecasted load profile of the non-flexible 

loads. Non-flexible loads are unchanged in terms of 

amount and time of consumption, in contrast to flexible 

loads that can be controlled to a large extent. Loads like 

lighting, electronic systems, and cooking appliances fall 

into this category [8]. �
��(�) is the forecasted production 

of the PV panels. This parameter is considered as an input 

in this model. ��
	(�) is the consumption profile of the 

shiftable non-interruptible appliance a. This decision 

variable is determined for the washing machines and the 

dishwashers. ��
�(�) is the charging power of the EV v. 

��
��(�) and ��

���(�) are the charging and discharging 

power of the ES system, respectively. 
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(3) 

The consumption profile of one complete operation cycle 

of appliance a is an input of the model. The EMS start 

determining the optimal start time of the washing machine 

or the dishwasher as soon as the user puts the clothes or 

the dishes inside the machine. At the beginning of each 

iteration, various scenarios for the consumption of 

appliance a can occur depending on the number of time 

periods allowed by the user (
�

��
�

(t)). ��
	 is a dynamic set 

which changes in each iteration, and represent the 

scenarios that might happen. In each iteration only one 

scenario will be selected. Equation (4) and (5) impose 

these conditions on the model. 
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The battery coupled with the PV panel can be charged or 

discharged in each time period. The SoC of the battery at 

each time period (����
��(�)) depends on the initial energy 

level, which changes in each iteration depending on what 

has been decided in the previous iteration, and the charging 

and discharging power (6). The charging power and 

discharging power are respectively shown with ��
��(�) and 

��
���(�). In this model, the charging efficiency (���) and 

the discharging efficiency (����) are also included in the 

model. The values of charging power and the discharging 

power, as well as the SoC are all limited in a specific range.  
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The changes of the SoC of the EV v in each iteration and 

each time period (����
�(�)) is shown in (7). It changes in 

each time period depending on the charging power ��
�(�) 

of the EV and the SoC level in the previous time period. 

SoC changes during the time periods that the EV is 

plugged in ( �). The charging efficiency of the EV v 

(��,��) is also considered in the model. 

,
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In each iteration, the decision variables are determined for 

all the T time periods. However, the real-time variables are 

the decisions made for the first time period in that iteration. 

These decisions are the main control commands for the 

operation of the shiftable appliances, e.g. the EVs and the 

ES system. 

CASE STUDIES AND RESULTS 

The performance of the building EMS is evaluated for the 

HSB Living Lab, which is a multi-family residential 

building with 29 apartments located at the campus of 

Chalmers University of Technology. This building is used 

as a purpose-built research facility [9]. 

The optimization problem in the rolling horizon building 

EMS is solved for the 24 hours ahead, divided into 288 

slots of 5 minutes time intervals. The actual non-flexible 

load data and the PV production at the HSB Living Lab are 

shown in Figure 2 and are based on historical 

measurements. Simulation starts at 7:00 on August 23rd, 

2018 and determines the real-time control commands for 

the washing machines, the dishwashers, the EVs and the 

ES system.  

 
Figure 2. Non-flexible load demand and the PV production 

profile 

The built-in characteristics of the EVs and the users’ 

arrival and departure time are shown in Table 1. In this 

table, the expected SoC at the departure time has been 

shown, in addition to the energy level at the arrival time 
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[10], [11]. The characteristics of the ES system are shown 

in Table 2. 

Table 3 shows the preferences of the users for the 

operation of the washing machines and the dishwashers. 

The users provide flexibility for the building EMS by 

determining the expected end time for the operation of the 

shiftable loads. The EMS will determine the optimal start 

time for the device. Four washing machines (WM 1-4) and 

three dishwashers (DW 1-3) are considered in this model. 

The number of available time periods for each of these 

devices in shown in Table 3. 

Table 1. Characteristics of the EVs and users’ preferences 
 EV1 EV2 EV3 EV4 

EV models 
Nissan 

Leaf 

Nissan 

Leaf 

Hyundai 

Ioniq 
Electric 

Renault 

Zoe 

SoC at the 

arrival time 

(%) 

30% 23% 34% 20% 

SoC at the 

departure time 

(%) 

80% 87% 79% 84% 

Charge 

rate (kW/h) 
4 6.6 4 4 

Charge 

efficiency 
0.9 0.9 0.9 0.9 

EV battery 

capacity 
24 24 28 22 

Arrival time 8:52 12:26 22:01 14:32 

Expected 

departure time 
13:35 20:35 6:25 21:40 

Available time 

periods 
55 96 99 84 

Table 2. ES system characteristics 
Capacity 

(kWh) 

Charging/ 

discharging 

rate (kW/h) 

Charging/ 

discharging 

efficiency 

Initial 

SoC 

(kWh) 

Minimum 

allowable 

SoC 

(kWh) 

7.2 3.5 0.92 3 0.5 

Table 3. Users’ preferences for the washing machines and the 

dishwashers 

  
WM 

1 

WM 

2 

WM 

3 

WM 

4 

DW 

1 

DW 

2 

DW 

3 

First 

possible 

start 

time 

8:03 12:08 17:29 23:41 8:02 12:31 21:32 

Latest 

end time 
12:35 19:00 23:35 6:05 12:05 18:00 6:05 

Available 

time 

periods 

53 81 72 75 46 64 101 

Figures 3 and 4 respectively show the consumption 

profiles of the washing machines and the dishwashers for 

one washing cycle. The operation of the washing machines 

takes 32 time intervals to complete and the operation of the 

dishwashers take 17 to complete one cycle. 

Two cases are considered in this study to compare the 

impact of the building EMS on the cost of energy and the 

peak demand in the building. In case 1, the EVs are 

charged as soon as they are plugged in with 3 kW charging 

power and the charger keeps charging the battery up to the 

time that the EV is connected and the expected SoC is 

obtained. Usually the chargers of the EV batteries have this 

possibility even if no EMS is being used. The washing 

machines and the dishwashers also start the operation, as 

soon as the user puts the clothes in the machine. The ES 

system also discharges from 12:00-17:00 if the load is 

above 17 kW and it is charged from 0:00 to 5:00 if the load 

is below 14 kW up to the point that the SoC goes above the 

initial energy level. Both charging and discharging are 

done at 2.5 kW rate. 

 
Figure 3. Consumption profile of the washing machines [12] 

 
Figure 4. Consumption profile of the dishwashers [12] 

In case 2, the proposed building EMS is used to control the 

devices. In both cases, the Nordpool market prices are 

considered for the energy cost with an additional markup 

and the taxes [13].  

The MILP problem of the EMS is coded in GAMS 24.7.4 

and solved iteratively for the 288 periods. The decisions 

made during each iteration influence the inputs of the 

optimization problem in the next iteration. The problem is 

solved by the commercial solver CPLEX 12 [14]. 

The results show that the peak demand of the power profile 

that should be drawn from the grid reduces by 24.5% in 

case 2 as compared to case 1. The total energy procurement 

cost in case 2 is also reduced by 4.3%, compared to case 1. 

The reason for the decrease in the procurement cost and 

the peak demand is that the EMS shifts the operation of the 

loads to the periods with lower prices, and the system tries 

to keep the peak demand as small as possible to avoid 

penalties due to the high consumption.  

Figure 5 shows the changes of the EVs’ SoC in case 2. The 

SoC increases with a varying slope, which means that the 

the charging power is changing while the EVs are 

connected. Table 4 also shows the delay in starting the 

operation of the washing machines and the dishwashers. 

For instance, WM 2 starts 2:47 hours after the user puts the 

clothes inside the machine and the DW 3 starts 3:53 hours 

after the user puts the dishes inside the dishwasher. 
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Figure 5. SoC of the EVs in case 2 

Table 4. Delay before starting the washing machines and the 

dishwashers 

 WM 

1 

WM 

2 

WM 

3 

WM 

4 

DW 

1 

DW 

2 

DW 

3 

Delay 

time 
0:27 2:47 3:26 1:09 0:53 1:04 3:53 

CONCLUSIONS 

In this paper, a building EMS is formulated for a 

residential building with PV production and time-shiftable 

household appliances, such as EVs, washing machines and 

dishwashers. The washing machines and the dishwashers 

are considered as non-interruptible electric loads, which 

their start time can be delayed to reduce the procurement 

cost of energy and to decrease the peak demand of the 

building. The results from the case study show that it is 

possible to reduce the peak demand in smart buildings with 

the controllable loads and an ES system, without causing 

discomfort for the users. It is done by controlling the 

charging/discharging of the batteries and shifting the 

demand of the non-interruptible loads. The users provide 

the flexibility for the utility company, and the company 

pays for this service through a reward mechanism.  
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