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Abstract

District heating networks are commonly addressed in the literature as one of the most effective solutions for decreasing the 
greenhouse gas emissions from the building sector. These systems require high investments which are returned through the heat
sales. Due to the changed climate conditions and building renovation policies, heat demand in the future could decrease, 
prolonging the investment return period. 
The main scope of this paper is to assess the feasibility of using the heat demand – outdoor temperature function for heat demand 
forecast. The district of Alvalade, located in Lisbon (Portugal), was used as a case study. The district is consisted of 665 
buildings that vary in both construction period and typology. Three weather scenarios (low, medium, high) and three district 
renovation scenarios were developed (shallow, intermediate, deep). To estimate the error, obtained heat demand values were 
compared with results from a dynamic heat demand model, previously developed and validated by the authors.
The results showed that when only weather change is considered, the margin of error could be acceptable for some applications
(the error in annual demand was lower than 20% for all weather scenarios considered). However, after introducing renovation 
scenarios, the error value increased up to 59.5% (depending on the weather and renovation scenarios combination considered). 
The value of slope coefficient increased on average within the range of 3.8% up to 8% per decade, that corresponds to the 
decrease in the number of heating hours of 22-139h during the heating season (depending on the combination of weather and 
renovation scenarios considered). On the other hand, function intercept increased for 7.8-12.7% per decade (depending on the 
coupled scenarios). The values suggested could be used to modify the function parameters for the scenarios considered, and 
improve the accuracy of heat demand estimations.
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Abstract 

The increasing power demand and the widening peak-valley differences bring more challenges to the power system. Moreover, the 
home energy management system (HEMS) becomes an effective way for residential customers to participate in demand response 
(DR). This paper classifies the smart appliances of residential customers and analyzes the electrical characteristics. An optimal 
control model is proposed to minimize customers’ cost and decrease the peak-valley differences by day-ahead electricity prices 
and real-time incentive signals, whereas comfort is not affected. Several cases are studied to prove the effectiveness of the proposed 
method. 
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1. Introduction 

With the development of socio-economic and industrial, the power demand and the peak-valley differences are 
increasing rapidly [1]. Moreover, the renewable energy power generations will bring randomness and uncontrollability 
to the power system [2]. In order not to startup and shutdown conventional generators (e.g. thermal power units) 
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repeatedly, demand response (DR) has become an essential way to reduce the peak-valley differences, improve 
resource utilization and strengthen the reliability of power system [3]. 

Implementation of electricity management for residential customers is an important way for demand side 
management (DSM). In recent years, the smart sockets, smart meters, intelligent control terminals and smart 
appliances are gaining popularity among residential customers. HEMS is used to optimize the operation scheduling 
of smart appliances by electricity prices and control signals without affecting customers’ comfort, which contributes 
to the reduction of customers’ electricity cost and system’s peak loads [4-5]. Some studies have been carried out on 
HEMS. Most of them focus on the single or multi-objective optimizations which minimize electricity costs or peak-
valley differences under variable price mechanisms [4-11]. However, the rapid responses of HEMS in the grid 
emergency are not involved in the studies. 

This paper classifies the smart appliances of residential customers and analyzes the intelligent power characteristics. 
An optimal control model considering customers’ cost and comfort requirements is proposed under day-ahead 
electricity prices. HEMS will adjust the model parameters after receiving the real-time incentive signals. Several cases 
are studied to prove the proposed method. 

 
Nomenclature 

N                 interval number of a day                                          a                   smart appliance 
0t                   length of each interval                                             i                    interval 

Q , q            electricity consumption                                           startt / endt         actual start interval/stop interval 
                  day-ahead electricity price                                      sigT                 release time of incentive signal 

startT / endT      allowed start interval/stop interval                          sigN                required continue intervals 
T                  minimum runtime for a work                                   rest                 response interval 

offT                maximum length of interrupt time                           resN               continue intervals of response 

offN               maximum number of interrupt times                       R                  reserve capacity 

2. Intelligent power characteristics 

2.1. Intelligent power model 

Divide one day into N  intervals, then the length of each interval is 0 1440 / (min)t N . A large value of N  may 
improve the accuracy of the model in theory, but the amount of computations will also increase. This paper assumes 
that the continuous operation time of each appliance is an integer multiple of 0t , otherwise it will be replaced by the 
nearest integer value according to the rounding principle. Furthermore, 0t  should match up to the change cycle of 
real-time electricity price priceT , usually 0priceT t . 

It is assumed that the electricity consumption of the smart appliance a  is aQ  per hour. The consumption of a  in 
each interval can be expressed as 

, ,
24 a

a i a i
Qq

N


      (1) 

The 0-1 variable ,a i  describes the operating status of a  in interval i . ,i 0 /1a   means a  is shutdown/running in 
interval i . The total electricity consumption in i  is iQ , which can be expressed as 

,i a i
a A

Q q


     (2) 
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2.2. Classification of smart appliances 

According to the characteristics of smart appliances and the customer's electricity usages, the smart appliances can 
be divided into three categories [11]. The Electrical characteristics are shown in Figure 1. 

a. Uncontrolled load (UL): The appliances don’t have the ability to participate in DR, such as lights and refrigerators, 
whose operation time is fixed and cannot be interrupted. 

b. Transferable load (TL): The operation time can be adjusted within some time extensions. However, any 
interruptions are not allowed when the appliances running to avoid discomfort or losses. 

c. Interruptible load (IL): The start-top status of the appliances is allowed to be controlled by HEMS. It will restore 
the original operating state at the end of an interval. 
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Fig. 1. Electrical characteristics of (a) UL; (b) TL; (c) IL. 

3. Optimal control model of HEMS 

3.1. HEMS 

The structure of HEMS is shown in Figure 2. The controllers receive the electricity prices or incentive signals and 
periodically output commands with the cycle 0conT t . Customers are allowed to set the electrical parameters based 
on different seasons and working/non-working days on controller panel. Whether to participate in the next day's 
incentive control can also be chosen a day in advance. 
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Fig. 2. Structure of HEMS. 

3.2. Optimal model by day-ahead electricity prices 

According to the day-ahead price, HEMS controllers perform the optimal algorithm within the adjustable range of 
customer’s electrical parameters to arrange the working status of smart appliances. Minimize the electricity cost 
without affecting customers’ comfort. The objective function is 

1

min ( ( ))
N

i i i
i

Cost Q 


      (3) 
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To meet the customer's comfort requirements, the appliance a  can only run in intervals , ,,start a end aT T   . A smaller 
interval range indicates a higher requirement for comfort. The optimize control constraints for each category of 
appliances are as follows. 

a. UL 1a  

1 1 1

1 1 1 1
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b. TL 2a : The equality constraints are same to formula (4), the inequality constraint is 

2 2 2 2, , , ,start a start a end a end aT t t T       (5) 

c. IL 3a : Frequent start/stop or long-time standby will impact appliances life. Therefore, the maximum number of 
interrupt times and the maximum length of interrupt time should be limited. 
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3.3. Optimal model by incentive mechanisms 

If HEMS receives an incentive signal asks for reserve capacity R  at sigT  and continue sigN  intervals, the 
controller will output a command at the beginning of the next adjacent interval rest  and continue resN . 
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Fig. 3. Response characteristics to incentive signal. 

Adapt the constraint conditions on the basis of the optimal models in Section 3.2. 
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4. Case and discussions 

4.1. Data initialization 

In order to verify the practicality of the optimal models, this paper designs some electrical parameters of a 
residential customer on summer working day (Table 1). The day-ahead electricity price is shown in Figure 4. 96N   
and 0 15mint  . In this paper, genetic algorithm is used to solve the optimal models [12-13]. The algorithm parameters 
are as follows: the population number is 200, the maximum number of iterations is 400, the crossover probability is 
0.90 and the mutation probability is 0.20. 

        Table 1. Smart appliances power data. 

No. Appliances startT  endT  T  offN  offT  aQ (kW·h) 

1 Light (UL) 73 92 20 0 0 0.05 

2 Water Heater (IL) 
17 32 4 2 8 

2.00 
65 90 6 2 8 

3 Rice Cooker (TL) 
37 50 3 0 0 

0.65 
53 72 3 0 0 

4 Washing Machine (TL) 53 88 4 0 0 0.35 

5 TV (IL) 73 92 10 1 2 0.15 

6 Computer (TL) 77 94 8 0 0 0.20 

7 Refrigerator (UL) 1 96 96 0 0 0.07 

8 EV (IL) 1, 75 30, 96 24 3 6 2.00 
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Fig. 4. Day-ahead electricity price. 

4.2. Results and discussions 

It is assumed that the controller receives the incentives at 3:15 a.m. and 4:50 p.m., 3sigN  , 0.50R kWh  The 
customer’s electricity curves and costs in various mechanisms are shown in Figure 5. 

 

   

(a) electricity cost = ¥ 13.89 (b) electricity cost = ¥ 8.96 (c) electricity cost = ¥ 9.65 

Fig. 5. Electricity curves and costs in various mechanisms (a) random consumption; (b) day-ahead price; (c) incentive mechanism. 
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The results indicate that: The peak load and the electricity cost of day-ahead electricity price is obviously lower 
than random consumption, which prove that the optimal models can reduce the pressure of the grid and enhance the 
economy of electricity consumption effectively. After receiving the incentive signal, the load reduce in intervals 15~17 
and intervals 69~71 while the cost is a little higher than price mechanism. To encourage residents to actively response 
the incentive mechanism, the grid companies need to subsidize to the customers who have responded successfully. 

5. Conclusions 

This paper classifies the smart appliances of residential customers and analyzes the intelligent power characteristics. 
An optimal control model to minimize customers’ cost is proposed under day-ahead electricity prices. HEMS will 
adjust the model parameters after receiving the real-time incentive signals to cut down power loads. The cases illustrate 
that HEMS is able to reduce electricity costs and peak-valley differences without affecting the customers’ comfort, 
and provide reserve capacity for the grid. 

Acknowledgements 

The research is supported by the National Key Research and Development Program of China (2016YFB0901103). 

References 

[1] Hui H, Jiang X, Ding Y, Song Y, Guo L. Demonstration of friendly interactive grid under the background of electricity market reform in China. 
InEnvironment and Electrical Engineering and 2017 IEEE Industrial and Commercial Power Systems Europe (EEEIC/I&CPS Europe), 2017 
IEEE International Conference, 1-5. 

[2] Zhang X P, Cheng X M. Energy consumption, carbon emissions, and economic growth in China. Ecological Economics, 2009, 68(10), 2706-
2712. 

[3] US Department of Energy. Benefits of demand response in electricity markets and recommendations for achieving them [R]. Washington DC: 
US Department of Energy, 2006. 

[4] Benzi F, Anglani N, Bassi E, et al. Electricity smart meters interfacing the households [J]. IEEE Transactions on Industrial Electronics, 2011, 
58(10), 4487-4494. 

[5] Liu X, Ivanescu L, Kang R, et al. Real-time household load priority scheduling algorithm based on prediction of renewable source availability 
[J]. IEEE Transactions on Consumer Electronics, 2012, 58 (2), 318-326. 

[6] Choi C S, Lee J I, Lee I W. Complex home energy management system architecture and implementation for green home with built-in 
photovoltaic and motorized blinders [C]. International Conference on ICT Convergence (ICTC), 295-296. 

[7] Pipattanasomporn M, Kuzlu M, Rahman S. An algorithm for intelligent home energy management and demand response analysis [J]. IEEE 
Transactions on Power System, 2012, 3(4), 2166-2173. 

[8] Hui H, Ding Y, Liu W, Lin Y, Song Y. Operating reserve evaluation of aggregated air conditioners [J]. Applied Energy, 2017, 196, 218-228. 
[9] Roh H T, Lee J W. Residential demand response scheduling with multiclass appliances in the smart grid [J]. IEEE Transactions on Smart Grid, 

2016,7(1), 94-104. 
[10] Zhao A, Lee W C, Shin Y, et al. An optimal power scheduling method for demand response in home energy management system [J]. IEEE 

Transactions on Smart Grid, 2013, 4(3), 1391-1400. 
[11] Li S H, Zhang D, Roget A B, et al. Integrating home energy simulation and dynamic electricity price for demand response study [J]. IEEE 

Transactions on Smart Grid, 2014, 5(2), 779-788. 
[12] Leung Y W, Wang Y P. An orthogonal genetic algorithm with quantization for global numerical optimization [J]. IEEE Transactions on 

Evolutionary Computation, 2011, 5(1), 41-53. 
[13] Arabali A, Ghofrani M, Etezadi-Amoli M, et al. Genetic-algorithm-based optimization approach for energy management [J]. IEEE 

Transactions on Power Delivery, 2013, 28(1), 162-170. 

Biography 

Xinyao Qu received the B.Eng. degree from the College of Electrical Engineering in Zhejiang 
University in 2015. She is currently pursuing master degree in Zhejiang University. Her main research 
direction is demand response. 

 



 Xinyao Qu  et al. / Energy Procedia 145 (2018) 510–515 515
 Xinyao Qu et al. / Energy Procedia 00 (2018) 000–000  5 

4. Case and discussions 

4.1. Data initialization 

In order to verify the practicality of the optimal models, this paper designs some electrical parameters of a 
residential customer on summer working day (Table 1). The day-ahead electricity price is shown in Figure 4. 96N   
and 0 15mint  . In this paper, genetic algorithm is used to solve the optimal models [12-13]. The algorithm parameters 
are as follows: the population number is 200, the maximum number of iterations is 400, the crossover probability is 
0.90 and the mutation probability is 0.20. 

        Table 1. Smart appliances power data. 

No. Appliances startT  endT  T  offN  offT  aQ (kW·h) 

1 Light (UL) 73 92 20 0 0 0.05 

2 Water Heater (IL) 
17 32 4 2 8 

2.00 
65 90 6 2 8 

3 Rice Cooker (TL) 
37 50 3 0 0 

0.65 
53 72 3 0 0 

4 Washing Machine (TL) 53 88 4 0 0 0.35 

5 TV (IL) 73 92 10 1 2 0.15 

6 Computer (TL) 77 94 8 0 0 0.20 

7 Refrigerator (UL) 1 96 96 0 0 0.07 

8 EV (IL) 1, 75 30, 96 24 3 6 2.00 
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Fig. 4. Day-ahead electricity price. 

4.2. Results and discussions 

It is assumed that the controller receives the incentives at 3:15 a.m. and 4:50 p.m., 3sigN  , 0.50R kWh  The 
customer’s electricity curves and costs in various mechanisms are shown in Figure 5. 

 

   

(a) electricity cost = ¥ 13.89 (b) electricity cost = ¥ 8.96 (c) electricity cost = ¥ 9.65 

Fig. 5. Electricity curves and costs in various mechanisms (a) random consumption; (b) day-ahead price; (c) incentive mechanism. 
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The results indicate that: The peak load and the electricity cost of day-ahead electricity price is obviously lower 
than random consumption, which prove that the optimal models can reduce the pressure of the grid and enhance the 
economy of electricity consumption effectively. After receiving the incentive signal, the load reduce in intervals 15~17 
and intervals 69~71 while the cost is a little higher than price mechanism. To encourage residents to actively response 
the incentive mechanism, the grid companies need to subsidize to the customers who have responded successfully. 

5. Conclusions 

This paper classifies the smart appliances of residential customers and analyzes the intelligent power characteristics. 
An optimal control model to minimize customers’ cost is proposed under day-ahead electricity prices. HEMS will 
adjust the model parameters after receiving the real-time incentive signals to cut down power loads. The cases illustrate 
that HEMS is able to reduce electricity costs and peak-valley differences without affecting the customers’ comfort, 
and provide reserve capacity for the grid. 
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