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Abstract: This paper proposes a novel approach of estimating synthetic load profiles based on the electrical usage
behavior using the fuzzy inference system (FIS) for demand side management (DSM). In practice, DSM is utilized to
change the pattern of electrical energy consumed by end-users to modify the load profile by manipulating the price of
the electricity. This study focuses on the energy consumption consumed by students who are paying electricity bills
indirectly. Therefore, the effectiveness of conventional DSM methods on this user requires further investigation. In this
study, the FIS estimates the synthetic load profile based on the student’s behavior profile. Then, three DSM techniques:
load clipping, load shifting, and load conservation, are applied to the electrical usage behavior model. The FIS estimates
the synthetic load profile based on the modified electrical usage behavior model with these DSM techniques. From this
estimation, the synthetic load profiles are analyzed and compared to evaluate the effectiveness of the DSM methods on
the students. The result shows that the FIS estimates the synthetic load profile satisfactorily. Also, load conservation is
the most effective technique in reducing the peak load profile and power consumption for this type of user. Conclusively,
the result implies that the proposed methodology can be used to evaluate the effectiveness of the DSM method to reshape
the load profile.
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1. Introduction
In the industrial revolution 4.0, the real-time analytic unlocks performance enhancement and efficiency improve-
ment of the system in real-time. The analytic engine can take the form of a digital twin of the real networked
system. In power system operation, the digital twin concept is the key to the advancement of the smart grid
system. The concept is referred to as a virtual mirror of the real power system that represents its state and
behavior [1]. Various power system operations may benefit from this concept, especially for demand side man-
agement applications. The effectiveness of the demand side management varies with time, operation, and type
of user [2]. The demand side management modifies the load profile pattern by changing the user behavior in
consuming the load [3]. Thus, the digital twin may hold the key to validate the effectiveness of numerous DSM
techniques for its suitability towards this variation. To realize the digital twin concept in DSM application, a
tool to estimate the synthetic load profile is needed to verify the effectiveness of any DSM technique.

This project proposes a tool to estimate the synthetic load profile estimator based on the electrical user

behavior model. The method works as an assessment tool to evaluate the effectiveness of the DSM applications
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on the load. In the literature, the reported DSM technique is based on price manipulation to control users
in utilizing their load [4]. However, not all types of users can be manipulated through the tariff. The college
student, factory worker, and industrial worker are the type of users that are not directly responsible for the
electricity bill. This situation addresses a challenge to the facilities administrator to manage electrical load
usage. In this study, college students are chosen as the subject as they are the dominant electrical users in a
university. The electricity bills utilized by the college student are usually incorporated into their accommodation
fees. In other words, the student pays electricity bills indirectly. Thus, the university management needs to
minimize the energy consumption and electricity bill of the residential college. For example, according to
Malaysia Efficient Management of Electrical Energy Regulation 2008 [5], all installation that utilized 3,000,000
kWh from the national grid for six consecutive months is required to come out with an energy management
objective and plan for the installation. Therefore, the proposed technique may serve as an analytical tool to
evaluate the effectiveness of various DSM techniques within the compound. The synthetic load profile estimator
utilizes FIS to capture the dynamics of the electrical usage behavior of the residential college students to estimate
the corresponding load profile. The electrical user behavior is modeled based on the student’s daily activities,
number of students, and the typical types of load that is generally used by students. The application of DSM
techniques modifies the electrical usage behavior model. Consequently, the proposed method estimates the
corresponding load profile based on the modified behavior model. The load profiles based on the variation of
the DSM technique are compared to evaluate their effectiveness on this type of user.

Following this introduction, this paper is organized as follows: Section 2 describes the state-of-the-art of
the synthetic load profile estimator. Then, the development of the synthetic load profile estimator is elaborated
in Section 3. Next, Section 4 presents the application of the proposed method on the actual load profile data
to validate its estimation accuracy. Consequently,the effectiveness of the proposed method on various DSM

techniques is discussed in Section 5. Finally, Section 6 concludes this study.

2. State-of-the-art

Synthesizing load profile is critical in exploring the future demand response and load curtailment prospect for
the smart grid implementation. There are various methods reported to reduce the needs for data acquisition
and to improve the accuracy in representing the user behavior in the load profile. The researchers in [6]
utilize the stochastic model to investigate the factor that influences the energy consumption of the domestic
sector. The study focuses on the effects of occupant behavior, appliance stock, and efficiency on the load
profile behavior of a user. The method incorporates the usage of the appliance into a probability distribution.
Although the method can synthesize the load profile of a single user accurately, other factors that may cause
the deviation in the estimation, such as an extreme seasonal event and thermal electric heat generation, are
not considered in the study. In [7], the researchers establish a mathematical model to represent the load profile
of each type of load based on the bottom-up model. The report shows that the method can synthesize the
load profile with the details on the electrical appliances, its energy requirement, and the consumption pattern.
However, various critical factors are considered in the development of this method, such as abnormal weather,
annual events, and public holidays. On the other hand, the technique reported in [8] synthesizes the residential
load profiles using the behavior simulation method. This method synthesizes the residential load profile by
considering the user behavior of different career backgrounds. However, the method requires detailed household
information such as the information of family members, living habits, home appliances, and others as its input

to synthesize the user load profile accurately. Next, a bottom-up method to estimate the household load profile
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based on resident consumption behavior is reported in [9]. The technique synthesizes the load profile by using
the extraction model formulated based on the comparison between the external environmental factors and
household factors. Consequently, the reported bottom-up method can estimate the load profile of different
family categories accurately. Besides, the result shows that the method can synthesize the load profile behavior
of the commercial users or highly localized power grid as well.

Based on the literature review, the development of the methods to synthesize the load profile is focused
on the standard household electrical usage behavior. To this author’s knowledge, the load profile behavior of
the student has not been investigated yet. The influence of the student behavior on the overall load profile
is significant because the load consumption in the university varies according to the academic calendar. The
electricity bills associated with the load profile of students are incorporated with the accommodation fees.
Therefore, any DSM method that manipulates the tariff of electricity to control the load is no necessary suitable.
Consequently, the development of a method to synthesize the load profile based on the electrical usage behavior

of various types of users is required.

3. Estimating synthetic load profile using FIS
Figure 1 shows the load profile modeling utilized in this project. From the figure, the load profile modeling is

segregated into three vital components: modeling of consumer electrical usage behavior, the development of FIS,
and estimating the corresponding load profile. The modeling of electrical usage behavior requires the number
of students, activities, and appliances which reflect the trends of energy consumption of the user. Consequently,
the FIS is utilized to capture and represent the energy consumption trend from the data and to estimate the
synthetic load profile based on student behavior. For FIS to effectively capture the trend from the data, a
comprehensive input-output pair is needed to develop the if-then rules of the FIS. The development process will

be discussed in the following subsection.
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Figure 1. The block diagram of estimating synthetic load profile.

3.1. Modeling of electrical usage behavior

Figure 2 shows the information considered to model electrical usage behavior. In this study, the number of
users, the user’s daily activities and schedules, and the types of electrical appliances are used to represent the
user’s electrical usage behavior. Several methods are required to obtain this information. For example, the
number of users is obtained from the user’s registration record. However, the other two information is not
available in any official record. The activities and schedules represent the duration and frequency of appliances

usage [10]. For example, as students go to their class in the morning, they will switch off the light and fan
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in their room. However, some of the students will only go to their class in the afternoon, and the other may
not have class in the afternoon. Therefore, the variety of student activities and schedules should be captured
to represent the electrical usage behavior accurately. On the other hand, the type of appliances is also crucial
information to model the electrical usage behavior as it dictates the amount of power utilized by the user.
The essential appliances such as light and fan can be known from the record. However, personal appliances
may vary from one student to another. An ideal option to obtain this information is by monitoring the power
consumption of each appliance directly. Smart sockets can collect and upload energy consumption information
from each appliance to the data center with Wi-Fi communication [11]. Although this method may provide a
viable solution to obtain this information, it requires an enormous cost to install this socket at each electrical
power plug. Another option is by using cameras to monitor the user’s activities as conducted in [12], but it
may cause various privacy issues in the institution. In this study, an extensive survey is conducted to identify
the number of uncontrollable loads and activities of students. An online survey is disseminated among the
residential student and collected to model the electrical usage behavior of the student. A similar approach has

been used to capture the student activities and schedule for other studies [13].
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Figure 2. The modelling of electrical usage behavior.

3.2. Developing FIS to synthesize load profile
The development of FIS to synthesize the load profile is shown in Figure 3. Based on the figure, the FIS

development is divided into two major parts: the formation of the input-output pairs and the development of
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FIS itself. The input-output pairs are formed to develop the if-then rules for the FIS operation. It is worth
noting that the FIS does not require any training phase [14]. In this paper, the load behavior model is set to
be the input of the FIS. The utilization of the lamps, the ceiling fans, the exhaust fan, the hairdryer, the water
heater, the washing machine, the iron, the laptop charger, the phone charger, and the table fan are arranged
accordingly as the input. Consequently, the desired load profile obtained from the measurement of the incoming
distribution board supplying electricity to the residential college is set as the output.

For the development of the FIS, there is two variant of FIS: Mamdani and Sugeno [15, 16]. In this study,
Mamdani FIS is preferred because the system is intuitive, and it has widespread acceptance and well-suited to
human input [17]. Figure 4 represents the basic principle of the Mamdani FIS. From the figure, the system
consists of five different processes: fuzzification, fuzzy operation, implication method, aggregation method, and

defuzzification to provide the desired output response corresponds to a given set of input.

Output

Mamdani M Power

Figure 3. The development of FIS.

Fuzzy Implication Aggregation
operation method method

Fuzzification — Defuzzification

Figure 4. The basic operation of Mamdani FIS.

First, the inputs must be fuzzified according to the fuzzy linguistic set. In this study, the input of the
FIS is the load usage model based on student activities. Therefore, the fuzzification process yields and classifies
the input to the appropriate fuzzy sets that are represented by the membership functions. Figure 5 shows a
sample of the membership function utilized in this study. From the figure, the membership functions are divided
into three categories: low, medium, and high. These categories represent the frequency of electrical appliances’
usage, respectively. The output from this process is the degree of the fuzzy set with the interval between 0 to
1. Consequently, the output of the fuzzification process is applied to the fuzzy operation process.

Following the fuzzification process, there will be a situation that the fuzzified input does not clearly
belong to any fuzzy sets. As a result, the fuzzified input of a given fuzzy set has more than one part. The fuzzy
operation is applied to address this issue by obtaining the number that represents the result of the fuzzified

input for the given fuzzy set. Consequently, the number is employed on the output function. In other words,
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Figure 5. A sample of the membership function.

the fuzzy operation clarifies the fuzzified input with two or more fuzzy set membership values into one single

truth value.
Next, the implication method is implemented to produce a corresponding consequent for a given fuzzified

input. A consequent is a fuzzy set exemplified by a membership function, which is reshaped in this process using
the function that is associated with the fuzzified input. The consequent is established based on the if-then rules
developed using the input-output pairs. There are two typical implication methods to reshape the consequent:
the AND, and PROD methods [18]. The AND method truncates the fuzzy set, while the PROD method scales
the fuzzy set. In this study, the AND method is considered because it is less complex and easier to defuzzify

later [19]. An example of the FIS rules utilized in this study is shown as follows:

Example 1 If (Load; is Normal) and (Loady is High) and (Loads is High) and (Loads is Low) and (Loads
is Low) and (Loads is Low) and (Load; is Normal) and (Loads is Normal) and (Loadg is Normal) and
(Load10 is High), then (Power is 1).

The outcome of the implication method is a set of individual reshaped fuzzy set based on the corresponding
fuzzified input. The reshaped fuzzy set must be combined in order to yield a decision. Aggregation method
combines the fuzzy sets that represent the outputs of each rule into a single fuzzy set. The method is
commutative, and there are three typical options to aggregate the fuzzy set: the maximum, probabilistic,
and sum method [20]. In this study, the maximum method is considered because it is widely considered in the
literature due to its simplicity [21].

The aggregated fuzzy set encompasses a range of output values. Thus, it must be defuzzified to resolve a
single output value from the fuzzy set. There are several standard options to realize this process: the centroid,
bisector, middle of maximum, largest of maximum, and smallest of the maximum [22]. This study considers
the centroid method to defuzzify the aggregated fuzzy set by calculating the center of gravity of the area under
the curve. The defuzzified fuzzy set represents the synthetic load profile estimated in this study.

4. Application, analysis and discussions

In this section, the proposed method is applied to the actual load profile data measured at the incoming
distribution board of the student residential college. The load profile of Tun Dr. Ismail Residential College in
Universiti Tun Hussein Onn Malaysia is considered in this study. The load consumption in 2017 is measured
daily for the entire year. The electrical user behavior is modeled based on the number of students, daily
activities, and the types of load used by the students. This information is gathered through online surveys
of the student activities and the official student record. The FIS is developed using MATLAB software to

estimate the synthetic load profile based on the electrical user behavior model of residential college students.
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Consequently, the synthetic and the actual load profile is compared to validate the FIS performance in estimating
the synthetic load profile based on the electrical user behavior model of the student.

Figure 6 shows the actual load profile of Tun Dr. Ismail Residential College in Universiti Tun Hussein
Onn Malaysia (UTHM) in 2017. The measured data represents the average hourly load consumption by month.
Each month is differentiated by colors and shapes. The load profile with the triangle, circle, and square shape
represents the load consumption during semester 1, semester 2, and semester break, respectively. From the
figure, it shows that the average hourly load consumption every month has a similar time trend of usage
behavior. The load consumption reduces starting from 7 am until 6 pm, then increases back from 7 pm to 6
am. Besides, the load in May and June shows significantly higher consumption as compared to other months.
On the other hand, the lowest load consumption is in July and August. As explained in Section 3, the actual
load profile in Figure 6 is used to form the input-output pairs to develop the if-then rules for the proposed FIS.

Figure 7 illustrates the timeline of the student’s daily activities and schedule in a day. The timeline is
constructed based on the typical student activities. It is classified into 4 different periods: Stage 1, Stage 2,
Stage 3, and Stage 4. Each period represents the combination of various activities in 6 hours, such as studying,
entertainment, laundry, ironing, attending class, and outdoor activities. From the timeline, Stages 1 and 4 show
a higher load consumption level as compared to Stages 2 and 3. The electricity usage decreases during Stages

2 and 3 because students conducted their activities outside the residential college area.
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Figure 6. Actual load profile of Tun Dr. Ismail Residential College in 2017.

Table 1 shows the detail of the utilization of electrical appliances used in this study. The table tabulates
the types of load, the corresponding power consumed, and the number of loads that are being used by the
students. This data is collected from the residential college registration record of electrical appliances. From
the table, there are ten types of connected loads which are the lamp, fan, exhaust fan, hairdryer, kettle, washing
machine, iron, laptop charger, phone charger, and table fan. The highest power rating is the hairdryer and
kettle due to the heating element inside the appliance. Meanwhile, the lamp and phone charger have the lowest
power rating as compared to others. The total energy consumption depends on the power rating the numbers
of load and the frequency of usage, which measured from the incoming power supply. In this college, there is no
air conditioner or heater required as the geographical location of the college is close to the equator. Therefore,

the resident does not require such appliances to deal with any extreme weather conditions. In this study, the
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Figure 7. The timeline of student behavior.

utilization of electrical appliances is sampled hourly based on student activities. The appliances on/off status
are based on the student activities which are translated into the load profile. In this study, the utilization of
electrical appliances is sampled hourly. It is sampled based on the time interval used to model the electrical user
behavior, which is sampled hourly as well. It is challenging to track the student within the university in greater
detail as they are stochastic in nature. On the other hand, the energy consumption of electrical appliances is
measured at the incoming power supply, and the appliances on and off status are modeled based on the student
activities.

The timeline in Figure 7 is translated to the electrical usage behavior. Table 2 represents the electrical
usage behavior during the active calendar years when the students are available in the residential college. In the
table, the electrical usage behavior represents the load used by the student daily in March 2017. This month is
considered in this study because it is the peak month of semester 2, where the student activities are the highest
as compared to other months. The electrical usage behavior is applied to the FIS to estimate the synthetic
average hourly load consumption in a month. This assumption is considered based on the monthly billing cycle
of the organization. The table consists of ten types of electrical appliances that are used in daily activities, as
listed in Table 1. The load usage of each electrical appliances is represented into three different conditions: low
(L), normal (N), and high (H) signify 20%, 50%, and 100% of load consumption, respectively. The electrical
usage behavior is applied to the FIS for the synthetic load profile estimation.

Figure 8 compares the actual and the synthetic load profile estimated based on the electrical usage
behavior. The red and blue line represents the actual and synthetic load profile, respectively. The actual
and synthetic load profiles represent the average hourly load consumption in a month (March 2017). Figure 8
shows that the time trend of the synthetic load profile and the actual load profile has a good agreement. This
implies that the synthetic load consumption is almost similar to the actual load consumption. From the graph,
the variation between the actual and synthesized load profile is larger during the off-peak as compared to the
on-peak estimation. Figure 9 shows the estimation error of the synthetic load profile. The estimation error is
calculated based on the difference between actual load consumption and synthesized load consumption. As seen
in Figure 9, the highest estimation error is 8.5% at 12:00. The result implies that the FIS is able to estimate
the synthetic load profile based on the electrical usage behavior model of the student. Next, various DSM
techniques are applied to the proposed FIS and the corresponding synthetic load profile is analyzed to study the

effectiveness of these techniques in reshaping the load profile by managing the student electrical usage behavior.
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Table 1. The detail of the utilization of electrical appliances.

No. | Electrical appliances | Power rating (W) | No. of load
1 Lamps 36 1004
2 Fan 80 1080
3 Exhaust fan 61 32
4 Hair dryer 1200 120
5 Kettle 1200 825
6 Washing machine 700 6
7 Iron 1000 870
8 Laptop charger 45 1200
9 Phone charger 36 1185
10 | Stand/table fan 58 210
Table 2. The electrical usage behavior.
Time
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Figure 8. The actual load profile versus the synthetic Figure 9. The synthetic load profile estimation error.
load profile of student behavior.
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5. Performance evaluation of the proposed FIS in the DSM application

This section evaluates the performance of the FIS in estimating the synthetic load profile by applying the DSM
technique to modify the electrical usage behavior of the student. The FIS only considers the electrical load
behavior with the corresponding load profile behavior in the development process. Then, the DSM technique
is applied to the proposed method by modifying the load behavior model accordingly. The FIS is utilized to
estimate the corresponding synthetic load profile of the modified electrical usage behavior. From this study, the
performance of various DSM techniques on the student can be compared and analyzed. In practice, there are six
variants of DSM techniques available: peak clipping, load shifting, load conservation, flexible load, valley filling,
and load growth. This study only considered the peak clipping, load shifting, and load conservation methods
as shown in Figure 10. Each technique aims to solve different objectives with certain limitations. The load
clipping aims to reduce energy consumption during on-peak load periods [21], the load shifting technique aims
to shift the demand of customers from on-peak period to the off-peak period [22], while the load conservation
techniques aim to reduce the energy consumption and need for electricity consumers as a whole [23]. At the
distribution level, these objectives are achieved by manipulating the electricity tariff. However, the electricity

tariff manipulation is not effective to the student as they are paying their electricity bill indirectly.

Peak clipping Load shifting Load conservation
St b
s — o o
: 2 L DI
a A~ A~
Time Time Time

Figure 10. Demand side management techniques.

5.1. Load clipping

The load clipping implemented in this study represents the actual college program implemented in Tun Dr.
Ismail Residential College, UTHM. The program is called the “Earth Hour Program”, which is part of the
college initiative to reduce the electricity bill of the university. In the program, the student is urged to turn off
the light for one hour starting from 11 pm until 12 am. The online survey conducted in this study also evaluates
the satisfaction level of the student towards this program. The study shows that 96.3% of students support this
program as part of their contribution to combat climate change. The corresponding student behavior is modeled
by modifying electrical usage behavior. The modified electrical usage behavior is applied to the proposed FIS to
estimate the synthetic load profile with the load clipping technique. Figure 11 depicts the comparison between
the actual average, the synthetic average, and the actual load profile with the application of the load clipping
technique. Based on Figure 11, the red line represents the actual average hourly, the blue line represents the
synthetic average hourly with the load clipping technique, and the green line represents the actual load profile
of the “Earth Hour Program” conducted on the 19th March 2018. It is observed from the figure that there is
a significant drop in load consumption of the synthetic average hourly load profile from 11 pm until 12 am.
This drop is associated with the modification of the electrical usage behavior that represents the load clipping
program. Then, the FIS is utilized to estimate the synthetic load profile based on the modified electrical usage
behavior. Also, the actual “Earth Hour Program” load profile corroborated the trend shown in the estimated

synthetic load profile.
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5.2. Load shifting
The aim of the load shifting technique is to transfer the load from the on-peak to the off-peak period. The

technique is a successful DSM technique in practice as the utility imposes a high tariff during the on-peak period
and reduces the tariff at the off-peak period [24]. Consequently, the industry and commercial user shifts their
business activities from the on-peak period to the off-peak period. However, it is very challenging to implement
this technique to the student because the tariff manipulation is not effective to them. Therefore, the price
is manipulated by changing the rate of laundry services used by the student as they are paying the service
separately. The response from the online survey to the student shows that 97.5% of the respondent is willing to
shift this activity to another period if the price package is attractive. Consequently, the electrical usage behavior
is modified to shifting the laundry activities from the on-peak period to the off-peak period. Then, the modified
electrical usage behavior is applied to the proposed FIS to estimate the synthetic load profile. Figure 12 shows
the comparison between the actual load profile and the synthetic load profile with the load shifting technique.
The red and blue lines represent the actual average hourly load profile and the synthetic average hourly load
profile with the load shifting technique, respectively. In this discussion, there are divided into three parts, which
represent on-peak and off-peak of the load usage. The result indicates the manipulation of the laundry service
rate affects the load profile time trend. The result demonstrates the load consumption during the on-period is
shifted to the off-peak period. This implies that the student shifts their laundry activities from the on-peak to
the off-peak period.
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Figure 11. The actual average, the synthetic average with ~ Figure 12. The actual average and the synthetic average
load clipping, and the actual load clipping. load profile with the load shifting technique.

5.3. Load conservation

In this study, the lamp and fan are selected for the upgrade as they are the most utilized loads in the residential
college. In addition, the replacement of these loads is within the college management authority. Following this
change, the electrical usage behavior is modified and applied to the FIS to estimate the corresponding synthetic
load profile. The challenge in implementing this technique lies in the huge capital expenditure required for the
highly efficient appliance replacement. However, based on the online survey, 92.4% of students are willing to
invest in this upgrade if there is any attractive refundable scheme program to recover their investment using

the profit gained from the energy saving. Figure 13 shows the comparison between the actual load profile
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and the synthetic load profile with the load conservation technique. The blue and the red lines represent
the actual average hourly load profile and the synthetic average hourly load profile with the load conservation
technique, correspondingly. From the result, it is shown that the load conservation technique reduces the energy
consumption for the entire period except at 12 pm. This characteristic is expected as the load conservation
technique replaces the conventional lamp and fan to the appliances with higher efficiency. At 12 pm, the
utilization of the lamp and fan are at the minimum. Therefore, the impact of the load conservation technique
is also minimum at this time. This implies that the impact of the load conservation technique is directly
proportional to the usage of these two appliances. Thus, it is also observed that the impact of the load

conservation technique is the most significant during the peak of the load consumption.
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Figure 13. The actual average and the synthetic average load profile with the load conservation technique.

5.4. Comparison of DSM method

The DSM techniques comparison is presented in Table 3. The table shows the total energy consumption, total
energy saving, peak power, and peak power reduction of all DSM techniques considered in this study. The
total energy consumption of load clipping, load shifting, and load conservation are 2314.835 kWh, 2288.38 kWh
and 2247.5 kWh, respectively. The result shows that the total energy saving contributed by each technique is
0.655 kWh, 27.11 kWh, and 67.99 kWh, respectively. The results imply that the load conservation technique
outperforms the load clipping and the load shifting technique in this application. This indicates that the FIS
technique can estimate the synthetic load profile accurately, even when the DSM techniques are applied. In this
study, the potential energy savings by replacing the currently fluorescent lighting system with a modern LED
lighting system is up to 56%. Meanwhile, the fan replacement with high efficiency saves about 28% of energy. In
terms of investment perspective, the payback period of replacing the lamp alone is around 9 months, while the
total payback period of replacing the fan alone is around 70 months. However, the combination of both lamp and
fan replacement only requires around 36 months to regain the investment. This implies that the most attractive
replacement plan is by replacing the lamp only. However, the replacement of both lamp and fan is still relevant
for the student as the payback period is within the study-time length of an undergraduate course (3—4 years,
depending on the type of program). It is noted that the payback period is calculated based on the effective tariff
and the average cost of an LED lighting system and a highly efficient fan of the current market. Based on the

survey conducted for this study, although the implementation of the conservation technique requires substantial
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capital expenditure, the residential college student is willing to invest if there is an attractive program to recover
the investment is available.

Table 3. Comparison of DSM techniques.

DSM techniques Total energy Total energy | Peak power | Peak power
consumption (kWh) | saving (kWh) | (kW) reduction (kW)

Load clipping 2314.835 0.655 128.348 0.192

Load shifting 2288.38 27.11 125 3.54

Load conservation | 2247.5 67.99 120 8.54

The proposed FIS technique facilitates the performance evaluation of the DSM techniques to the student.
The effectiveness of the DSM technique can be evaluated by modifying the electrical usage behavior of the
student, and the corresponding synthetic load profile can be comparatively analyzed. The application of the
FIS technique to estimate the synthetic load profile can be extended to other types of users, defined by various
types of tariff. The proposed technique is beneficial to perform this study as the definition of tariff varies
from one country to another. The results show that the FIS can estimate the synthetic load profile based
on the electrical usage behavior model. The application of DSM modifies the electrical usage behavior and
consequently, affects the corresponding load profile time trend. This implies that the proposed FIS can be
used to create the digital twin of the residential college load consumption. By using the proposed technique,
the performance of various DSM approaches can be analyzed first in the digital twin of the residential college
load consumption prior to its implementation to the real-world. The outcome of this approach will help the
decision makers to form intelligent solutions by identifying the most effective ways to reduce the use of energy
consumption.

6. Conclusion

Conclusively, a novel approach to estimate the synthetic load profile based on the electrical usage behavior model
using FIS is presented. The method models the electrical usage behavior based on the numbers of users, the user’s
schedule and activities, and the type of load. Then, the corresponding load profile is paired with the electrical
usage behavior model as the input-output pairs to train the FIS. The result shows the FIS can estimate the
synthetic load profile based on the electrical usage behavior model accurately. The effectiveness of the proposed
method is demonstrated in a study case to evaluate the performance of DSM techniques to modify the load
profile behavior of the student. This study case is essential in managing the load consumption in an institution
where the student pays the electricity bill indirectly. Three types of DSM techniques, load clipping, load
shifting, and load conservation, are applied to the proposed FIS, and the corresponding synthetic load profiles
are comparatively analyzed. The results show that the FIS technique can estimate the synthetic load profile
accurately, even when the DSM techniques are applied. Also, the conservation technique is the most suitable
DSM method to reduce the peak load and energy consumption of the residential college student. Although the
implementation of the conservation technique requires substantial capital expenditure, the residential college
student is willing to invest if there is an attractive program to recover the investment is available. From this
study case, the proposed FIS can be used to evaluate the performance of any DSM method to various types
of users. The proposed methodology can be utilized as an analytical tool in the realization of the digital twin
concept in the future smart grid advancement where the performance of the DSM technique is evaluated prior

to its deployment in the real system.

3205



OMAR et al./Turk J Elec Eng & Comp Sci

Acknowledgment

The authors would like to thank Universiti Tun Hussein Onn Malaysia (UTHM), Johor and Ministry of
Education (MOE), Malaysia for the award of the grant that enabled this research under the grant No. H405.

References

[1] Brosinsky C, Song X, Westermann D. Digital twin concept of a continuously adaptive power system mirror. In:
International ETG-Congress 2019, ETG Symposium; New York, NY, USA; 2019. pp. 1-20.

[2] Gaur G, Mehta N, Khanna R, Kaur S. Demand side management in a smart grid environment. In: 2017 IEEE
International Conference on Smart Grid and Smart Cities; Singapore; 2017. pp. 227-231.

[3] Anjana SP. Intelligent demand side management for residential users in a smart micro-grid. In: 2017 International
Conference on Technological Advancements in Power and Energy; Kollam, India; 2017. pp. 1-5.

[4] Ma K, Yao T, Yang J, Guan X. Electrical power and energy systems residential power scheduling for demand
response in smart grid. International Journal of Electrical Power and Energy System 2016; 78: 320-325.

[5] Energy Commission of Malaysia. Efficient Management of Electrical Energy Regulations 2008. Malaysia: Malaysia
Electricity Supply Act 1990, 2008.

[6] David F, Hartl A, Wille-Haussmann B. Model for electric load profiles with high time resolution for German
households. Energy and Buildings 2015; 92: 170-179.

[7] Chuan L, Ukil A. Modeling and validation of electrical load profiling in residential buildings in Singapore. IEEE
Transactions on Power Systems 2015; 30 (5): 2800-2809. doi: 10.1109/PESGM.2015.7286345

[8] Pflugradt N, Muntwyler U. Synthesizing residential load profiles using behavior simulation. Energy Procedia 2017;
122 (5): 655-660.

[9] Gao B, Liu X, Zhu Z. A bottom-up model for household load profile based on the consumption behavior of residents.
Energies 2018; 11 (8): 1-16.

[10] Ogwumike C, Short M, Abugchem F. An embedded prototype of a residential smart appliance scheduling system.
In: IEEE International Conference on Emerging Technologies and Factory Automation; Berlin, Germany; 2016. pp.
1-5.

[11] Ma M, Huang B, Wang B, Chen J, Liao L. Development of an energy efficient smart socket based on STM32F103.
Applied Sciences 2018; 8 (11): 2276.

[12] Chaaraoui A, Padilla-Lépez J, Ferrandez-Pastor F, Nieto-Hidalgo M, Flérez-Revuelta F. A vision-based system for
intelligent monitoring: human behaviour analysis and privacy by context. Sensors 2014; 14 (5): 8895-8925.

[13] Papadopoulos TA, Giannakopoulos GT, Nikolaidis VC, Safigianni AS, Panapakidis IP. Study of electricity load

profiles in university campuses: the case study of Democritus University of Thrace. In: Mediterranean Conference
on Power Generation, Transmission, Distribution and Energy Conversion; Belgrade, Serbia; 2016. pp. 15-8.

[14] Sumathi S, Paneerselvam S. Computational Intelligence Paradigms: Theory & Applications Using MATLAB. Boca
Raton, FL, USA: CRC Press, 2010.

[15] Kumar E, Sundaresan M. Edge detection using trapezoidal membership function based on fuzzy’s Mamdani inference

system. In: 2014 International Conference on Computing for Sustainable Global Development; New Delhi, India;
2014. pp. 515-518.

[16] Soytirk MA, Bastiirk A, Yiiksel ME. A novel fuzzy filter for speckle noise removal. Turkish Journal of Electrical
Engineering and Computer Sciences 2014; 22 (5): 1367-1381. doi: 10.3906/elk-1210-24

[17] Sivanandam S, Sumathi S, Deepa S. Introduction to Fuzzy Logic Using MATLAB. New York, NY, USA: Springer,
2007.

[18] Dadios E. Fuzzy Logic: Controls, Concepts, Theories and Applications. New York, NY, USA: Springer, 2012.

3206



OMAR et al./Turk J Elec Eng & Comp Sci

[19] Wang C. A study of membership functions on mamdani-type fuzzy inference system for industrial decision-making.
PhD, Lehigh University, Bethlehem, PA, USA, 2015.

[20] Siler W, Buckley JJ. Fuzzy Expert Systems and Fuzzy Reasoning. Hoboken, NJ, USA: John Wiley & Sons, 2005.

[21] Hamid E, Nallagownden P, Mohd N. Intelligent demand side management technique for industrial consumer. In:
2014 5th International Conference on Intelligent and Advanced Systems: Technological Convergence for Sustainable
Future; Kuala Lumpur, Malaysia; 2014. pp. 1-6.

[22] Logenthiran T, Srinivasan D, Vanessa KWM. Demand side management of smart grid: load shifting and incentives.
Journal of Renewable and Sustainable Energy 2014; 6 (3): 033136.

[23] Purnawan P, Alaydrus M. Demand-side management: lighting system based on microcontroller and solar cell supply.
In: International Conference on Control, Electronics, Renewable Energy and Communications; Bandung, Indonesia;
2015. pp. 117-121.

[24] Ye Y, Papadaskalopoulos D, Strbac G. Investigating the ability of demand shifting to mitigate electricity producers’
market power. IEEE Transactions on Power Systems 2018; 33 (4): 3800-3811. doi: 10.1109/TPWRS.2017.2782703

3207



	Introduction
	State-of-the-art
	Estimating synthetic load profile using FIS
	Modeling of electrical usage behavior
	Developing FIS to synthesize load profile

	Application, analysis and discussions
	Performance evaluation of the proposed FIS in the DSM application
	Load clipping
	Load shifting
	Load conservation
	Comparison of DSM method

	Conclusion

