
 

A User Demand and Preference 
Profiling Method for Residential Energy 
Management

 

Abstract 

 The home appliance scheduling is a promising energy 

saving technique that has significant commercial 

potential. In this paper, a novel method is proposed to 

profile user demand and preference for residential 

energy management. Non-Intrusion Load Monitoring 

(NILM) is applied to identify user operations on each 

appliance. The operations are integrated with dynamic 

electric price and environment data to mine users’ 

personal demand and preference on various devices. 

Finally, the personalized scheduling strategy is 

generated to meet the different users’ demands at the 

minimal cost. The major contributions of this paper are: 

1) NILM is an low-cost and easy-accept solution to 

profile users’ demand, since power meters have been 

widely deployed and power consumption data are less 

privacy-related. 2) Five preference indexes are firstly 

introduced, which can dramatically improve the user’s 

satisfaction on scheduling strategies. 
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1．Introduction 

In the modern age, worldwide energy shortage has 

become one of the major global problems. Since home 

appliances account for 42 percent of all electricity 

consumed in U.S. households [1], effective scheduling 

is considered a promising energy saving technique with 

significant commercial potential.  

The ongoing modernization of power grid, namely the 

smart grid, provides a new perspective to realize home 

appliance energy saving. Real-time pricing mechanism 

enables motivates more residents to plan their 

appliance usage. The customer can save as much as 

50% of the electricity cost due to the fact that the off-

peak electricity price can be 1/3 of the peak price. 

Moreover, the cost of electricity generation can be 

dramatically reduced, since generators running at 

economy zone are 30% more efficient than those 

running at maximum capacity. Therefore, home 

appliance scheduling that avoids peak time usage is 

one of most anticipated techniques for utility companies 

[2]. As the support, the development of smart meters 

makes it possible to obtain information at breaker level 

and explore users’ profile and operation pattern [3].  

The key factor of home appliance scheduling is to 

satisfy the personalized demands of individual user. 

However it is challenging to meet such requirement 

because of two aspects: 1) User demand, which 

describe the appliance demand of the users, such as 

the list of appliances, the timing of being turned on.  It 

is the basis of appliance scheduling [4]. Unfortunately, 

most users either cannot abstract their operation 

patterns, or refuse third parties to deploy sensors to 

monitor and profile their appliance usages due to 

privacy concerns. 2) Operation preference, which 

describe the users’ comfort requirement, price elasticity, 

usage habits etc. Besides the technical restraints of the 

appliances, the operation preference can be drastically 

different based on different lifestyles. For example, 

most housewives in Shanghai turn on the washers after 

10:00 PM when the price is 50% off. On the other hand, 

most boys will turn on air-condition after playing 

basketball regardless of electricity price. Without the 

analysis of the user demand and operation preference, 

the load scheduling of residential appliances is difficult 

to meet user’s satisfaction. 

In our work, a novel method is proposed to profile 

users’ demand and preference for residential energy 

management. An anti-privacy method called Non-

intrusion load monitoring (NILM) [3], considered as an 

anti-privacy method in security area, is applied to 

identify the operation of various home appliances from 

the power consumption measurements. Five indices are 

introduced to profile user’s operation preference, by 

integrating the appliance operations with dynamic 

electric price, environment data etc. The optimization 

method is applied to design personalized scheduling 

scheme. 

The major contributions of our work could be 

summarized as:  

1) NILM is introduced to mine user demand which is 

one of most challenging problems in scheduling. It 

is difficult for most users to describe their demand 

completely. Meanwhile, extra sensors would be 

refused, since the cost and privacy concerns. Since 

the power consumption measurements could be 

obtained on the power meters which have been 

widely deployed in millions of homes, and are not 

so sensitive that user’s worry on privacy would be 

NILM 
Non-intrusion load 

monitoring 

STD Switching-time distribution 

PLD Power-level distribution 

DTD Duration time distribution 

PR Price-Relevance 

WR Weather-Relevance 

Table 1: abbreviations introduction 
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relieved, NILM is believed as a low-cost and easy-

accept solution to set up user profile [5]. 

2) Preference indexes are firstly introduced into 

personalized scheduling which can dramatically 

improve the user’s satisfaction on scheduling 

strategies. Most current optimization methods 

focus on how to find the best schedules to minimize 

electrical cost and meet user’s demand, neglecting 

the preference of user [6, 7]. They would generate 

same scheduling strategy for the users with similar 

demand, which would not be matched with various 

user habits. Thus, quantitative description of users’ 

preference is necessary to evaluate users’ cost or 

sacrifice when designing scheduling scheme. 

The rest of the paper is organized as follows. In section 

2, the detailed methods for load monitoring and user 

preference analysis are introduced. Simulation results 

for air conditioner are provided and discussed in section 

3. Finally the paper is concluded in section 4. 

2. Methods 

2.1 Load Monitoring  

The goal of Load Monitoring is to identify the operation 

of home appliances and set up user profiles. Four 

measurements: active power P, reactive power Q, 

power factor PF and harmonic waves H in time, can be 

obtained from smart meters. Meanwhile, NILM is 

applied to identify home appliance as following: 1) The 

differences of P and Q are calculated to detect the 

switch events and select possible devices. 2) Current PF 

and H are used to accurately identify home appliances 

[8]. Using load monitoring methods, we can obtain the 

load information of switch events, total energy 

consumption and duration time. 

2.2 User Demand Analysis 

The appliance operation sequence is analyzed to 

abstract user’s operation patterns, such as average 

running power, switch time, and working duration. 

Then, user demands on various appliances can be 

profiled using statistical methods.  For example, by 

monitoring the turn-on/off time of a water heater, we 

can obtain the knowledge when the customer regularly 

uses it and estimate the temperature from the 

electricity consumption data. This is also true for other 

appliances such as washers, dryers, and air 

conditioners. The result will serve as constraints in the 

scheduling model, which leads to a reasonable scheme.  

2.3 User Preference Analysis 

To achieve smart residential load scheduling, it is 

essential to obtain users’ operation preference [9]. 

Besides the technical attributes of the appliances, the 

different operation preference may lead to drastically 

different usage behavior. Soares et al. gave a 

qualitative description for operation preference: 

reparameterizable, interruptible and shiftable [10]: 

 reparameterizable loads: loads that can have 

various power level;  

 interruptible loads: loads that can be interrupted 

at a certain point of their working cycle;  

 shiftable loads: loads that can have the working 

cycle anticipated or postponed. 

However, it is hard to directly evaluate the users’ 

preference. To quantify the preference results, in our 

work, five quantitative indices are proposed to evaluate 

the operation preference of various appliances: 
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Switching-time distribution (STD), Power-level 

distribution (PLD), Duration time distribution (DTD), 

Price-Relevance (PR) and Weather-Relevance (WR). 

The five indices can be further divided into two 

categories according to their nature and computing 

method. 

2.3.1 Distribution Indices 

The distribution indices include PLD and STD.  

 Power-level distribution (PLD): statistical analysis 

on the working power of an appliance. A high PLD 

means that the variance of power is high, 

indicating that the load is reparameterizable. 

 Duration time distribution (DTD): examination of 

the operation duration following fixed number of 

cycles, which indicates whether the appliance is 

interruptible. 

In fact PLD and DTD describe the dispersion degree of 

duration time and power consumption respectively. We 

use the variance of data to calculate STD and PLD. The 

variance is calculated as follow. 
1
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                             (1) 

where X is the data, N is the length of the data. 

2.3.2 RELEVANCE INDICES  

The relevance indices mainly include PR, WR and STD. 

 Price-Relevance (PR): indication of whether the 

operation is respondent to the price changing. The 

index mainly represents the load’s degree of 

control according to the price. 

 Weather-Relevance (WR): indication of whether 

the operation is respondent to the weather. The 

index mainly reflects how strict users’ comfort 

requirement is. 

 Switching-time distribution (STD): examination of 

the work duration following a fixed pattern. We 

mainly examine the relevance of history power 

consumption data to examine if there exists a 

fixed pattern. 

We use Pearson’s correlation coefficient to represent 

the relevance indices. The Pearson’s correlation 

coefficient is calculated as follow. 

22
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                 (2) 

X and Y represent the two sets of data being examined. 

The five indices can be used to describe users’ three 

preferences. For instance, if an appliance shows high 

DTD and PR, it is highly possible that its users will 

accept the scheduling scheme. And if an appliance 

shows high WR and PLD, it is suggests that the load is 

thermally reparameterizable. Thus, the preference 

indices are employed to estimate the costs and savings 

of scheduling when designing personalized scheduling 

scheme. 

3. Simulation 

In this section, we carry out simulation to verify the 

proposed methods. We do preference analysis for two 

users with different behavior patterns. Then a 

scheduling scheme based on the preference analysis is 

generated for each user. The simulation results show 

that our proposed methods can effectively mirror users’ 

different preferences and achieve personalized 

scheduling. 
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The simulation should include two scenarios: Load 

Monitoring and User Preference Analysis. However, 

given that we have no access to power consumption 

data of real household so we use data of two air 

conditioners in [11] as load profile (see Figure 1). In 

this section we will begin with User Preference Analysis. 

3.1 User Preference Analysis 

 
Figure 1: The air conditioner data of two users. [9] 

The Figure 1 shows two users’ air conditioner data [9]. 

User 1 choose to turn on the air conditioner all day long 

while User 2 turn on the air conditioner only 

occationally. It is obvious that two people have 

different preference for a same load. The real-time 

weather data and pricing data is given in Figure 2 and 

Figure 3. Using the preference analysis methods 

mentioned in Section II, we can calculate the 5 indices 

as shown in Table 2. STD in the following table is none 

because it can not be calculated based on data of one 

day.  

The preferece analysis data can be explained as follows: 

For User 1: Air conditoner presents high WR (almost 1) 

and PLD which means its power consumption is highly 

sensitive to temperature change. This  shows that user 

1 has a strict comfort requirement. PR is not as high as 

WR which indicates that user 1 would prefer to sacrifice 

some cost in exchange of comfort requirement.  From 

the analysis we can conclude that user 1 would not 

accept scheduling result that save cost by setting 

higher temperature point due to his/her extremely 

strict comfort requirement. 

Table 2: Preference Analysis Results for 2 different users 

index STD PLD DTD PR WR 

User 1 Null 0.660 0.103 0.657 0.975 

User 2 Null 0.076 0.153 0.527 0.377 
 

Figure 2: Real-time weather data [9] 

 
Figure 3: Real-time electricity price data [9] 
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For User 2: Air conditioner has presents high PR 

compared with WR indicating that the cost should be 

considered more important than comfortness when 

scheduling the electricity usage. Plus user 2 presents 

higher DTD which shows that the operation duration 

time is not fixed. So user 2 can accept to turn on air 

conditioner interruptably to save cost. From the 

analysis we can conclude that user 2 has a higher 

degree of control ability and user 2 would more likely to 

accept cost-saving scheduling scheme. 

Then 5 preference indices are employed in Load 

Scheduling part to mirror users’ personal preference.  

They are used as relative weight when calculating 

users’ sacrifice in the optimization model. 

3.2 Load scheduling  

The goal of Load scheduling is to generate personalized 

scheduling strategies for different users to save their 

cost and satisfy their various needs. A multi-objective 

optimization model is established to achieve a trade off 

between cost, time delay and comfort requirment while 

satisfying all the constraints of time, power and 

comfortness. 

The objective cost fuction is composed of three parts: 

electricity cost CE, delay cost CD and comfort 

requirement cost CC. The coefficient i represents the 

calculated preference index related to each cost. 

Through this objective fuction, it achieves a trade-off 

among cost, delay and comfortness.  

min

int
subjects to

PR E WR D STD CC i C i C i C

if power level is discrete or not

if duration time is erruptble or not

comfort requirements

physical condition of the load

  

     
      



     

(3) 

The first two constraints can be obtained by Demand 

Analyzer and Operation Preference Analyzer. The third 

and forth constraints are different for each load due to 

their own attributes. For an air conditioner, the third 

condition would be a constrain of temperature zone and 

the forth conditon would be a thermal balance equation 

of the room [12]. 

Since the air conditioner do not have a fixed turn-on 
time so the time delay cost equals to zero.The 
simplified optimization problem for air conditioner of 
user 1 can be formulated as below. The optimization 
model for user 2 can be constructed using the same 
method.  

96 96

t arg et
1 1

0.657* 0.975*k k in
k k

C p q T T
 

           (4) 

subject to 

min max

min max

1 96

( )

( 1) ( ) (1 )( ( ) / )

k

in

in in out k

q q q

k

T T k T

T k T k T k COP q A 

 

 


 

      

  (5) 

where kp  and kq  are the real-time electricity price and 

power consuption of time interval k respectively, Tin(k) 
is the indoor temperature in hour k, Tmin and Tmax are 
the lower bound and upper bound of the comfort 
temperature zone respectively, Tout(k) is outdoor 
temperature,  is the system inertia, COP is coefficient 

of performance of air conditioner and A is the thermal 
conductivity. 
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Since the comfort requirement cost is relatively small 
due to the constraint, it is ignored and the optimization 
model is simplified to a linear programming problem. 
The generated load scheduling results are shown in the 
following paragraphs. 

3.3 Scheduling Results 

Table 3: Energy consumption, total cost and temperature 

 
Consumption(KWh) Total Cost($) 

User1 User 2 User1 User 2 

No Scheduling 10.18 10.19 1.01 0.63 

Scheduling 25.31 11.30 1.96 0.57 

 

 

Figure 4: Simulated power consumption of user 1 

 

Figure 5: Simulated indoor temperature change of user 1 

 User 2 

For User 2, PR is higher than WR, which indicates that  

the price is concerned more. This means User 2 has a 

greater degree of tolerance for environment 

temperature.  

After scheduling, the cost is less because high energy 

consumption occurs almost exclusively at the low price 

time . The indoor temperature range is wider.  But we 

think the user 2 can accept the scheduling scheme due 

to his concern of cost.  

 

 

 

Figure 6: Simulated power consumption of user 2 

 

Figure 7: Simulated indoor temperature change of user 2 

Scheduling Results 

The scheduling result is 

shown in the Table 3. Figure 

4 and Figure 5 show 

simulated power consumption 

and indoor temperature of 

user 1 respectively. Figure 6 

and Figure 7 show simulated 

power consumption and 

indoor temperature of user 2 

respectively. 

 User 1:  

In the operation preference 

analysis, for its high WR and 

low PR, we define User1 as a 

person with high comfort 

requirement and less concern 

for the price. PR and WR are 

used as weight in the 

objective function so the 

weight for comfort cost is 

much higher than the price. 

The range of indoor 

temperature is from 76.2 to 

78.9 degrees under the 

scheduling, which can 

increase customer 

satisfaction. The cost is a 

little higher but we think that 

the scheme can still increase 

user 1’s overall satisfaction 

due to his strict comfort 

requirement. 
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The scheduling results for two users are drastically 

different. The comfort is the major concern for User 1; 

and the cost is the first choice of User 2. From the 

scheduling results we can conclude that our preference 

analysis method can mirror users’ different preferences. 

By integrating preference result into scheduling model, 

the scheduling scheme can cater to different users’ 

needs and enhance users’ satisfaction. 

4. Conclusion and Future Work 

In our work, a novel way to analyze users’ preference 

based on NILM is presented. NILM is applied to identify 

users’ power usage patterns. User demand and 

preference are analyzed using 5 indices to ensure 

satisfaction on generated scheduling. Simulation based 

experiments of two users’ air conditioner data is carried 

out to verify our methods. Moreover, a demo software 

SHE is developed on Android platform based on our 

methods.  

Currently, we are analyzing various appliances to 

improve the load identification accuracy, monitoring 

electricity usage to profile users’ demand and 

preference. We will further investigate the relationship 

between appliance operation and environment data 

such as date, time and location to design more 

preference indices. 
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