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Abstract As a typical industrial Internet of things (IIOT) service,demand response(DR) is becoming a promising enabler for in-
telligent energy management in 6G-enabled smart grid systems.,to achieve quick response for supply-demand mismatches. How-
ever,existing literatures try to adjust customers’ load profiles optimally,instead of electricity overhead,energy consumption pat-
terns of residential appliances, customer satisfaction levels,and energy consumption habits. In this paper,a novel DR method is in-
vestigated by mixing the aforementioned factors, where the residential customer cluster is proposed to enhance the performance.
Clustering approaches are leveraged to study the electricity consumption habits of various customers by extracting their features
and characteristics from historical data. Based on the extracted information, the residential appliances can be scheduled effectively
and flexibly. Moreover, we propose and study an efficient optimization framework to obtain the optimal scheduling solution by
using clustering and deep learning methods. Extensive simulation experiments are conducted with real-world traces. Numerical re-
sults show that the proposed DR method and optimization framework outperform other baseline schemes in terms of the system
overhead and peak-to-average ratio (PAR). The impact of various factors on the system utility is further analyzed, which provides

useful insights on improving the efficiency of the DR strategy. With the achievement of efficient and intelligent energy manage-

ment,the proposed method also promotes the realization of China’s carbon peaking and carbon neutrality goals.

Keywords
srid(SG)
Chinese Library Classification TP393

1 INTRODUCTION

The 6G network will become a basis of intrinsic intelli-
gence, ubiquitous connectivity and multidimensional integra-
tion,and an important foundation for various future industrial
vertical application developments. 6G network will be embed-
ded with artificial intelligence (AI) capabilities to achieve ar-
chitecture-level intelligence. Internally,intelligence can be used
to optimize network performance, enhance user experience,
and automate network operation,laying a solid foundation for
the cross-border convergence of different industrial networks.
Externally, it can extract and encapsulate network intelli-
gence, and provide communication and computing services
combining network and AI for industrial Internet of things
(TIOT) .for instance,the future smart grid(SG).

As an important 6G-enabled 1IOT scenario, SG is a pro-
mising solution for conventional power networks by leveraging

information and communication technologies, where power
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Demand response (DR) , Customer clustering, Deep learning, 6G-enabled industrial Internet of things (1IOT) , Smart

supply status can be detected and collected with digital or ana-
log signals when electricity is supplied,and power usage infor-
mation can be properly analyzed when electricity is used. De-
mand response (DR) is becoming a novel enabler in SG by ex-
ploring its potential benefits to achieve quick response for
supply-demand mismatches™,

Nowadays,different types of DR programs have been im-
plemented to realize efficient energy consumption management
for residential customers and achieve carbon peaking and car-

23] Generally speaking, there are two

bon neutrality goals
main types of DR programs: control-based and motivation-
based DR programs. However, these two types of program are
not completely mutually exclusive. We will study the state of
art concerning the DR programs in 6G enabled SG,and then
analyze our research motivations in the following subsections.

We organize the rest of this paper as follows. In Section

2,we review the state of the art. Section 3 studies the system

operation details and proposes an optimization problem for the
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DR problem. The DR scheme based on the cluster of residen-
tial customers is introduced in Section 4. In Section 5, the opti-
mization framework is presented. Section 6 presents the base-
line methods in simulation. The simulation experiments are in-

cluded and discussed in Section 7. Finally, this paper is conclu-

ded.
2 RELATED WORK

2.1 Features of DR Program

In the control-based DR programs, centralized and dis-
tributed schemes are defined according to where the decisions
are made. For the former. utility companies with centralized
infrastructure make the decisions according to the information
collected from all appliances and provide optimal energy con-
sumption solutions for customers by considering limited grid
technical constraint'’). Nevertheless, the complexity of the
centralized scheme increases significantly with the increase in
the number of residential appliances due to centralized deci-
sion-making. It is extremely difficult to collect information ac-
curately from massive appliances. More flexibility can be
achieved by the distributed scheme due to scalability and cus-
tomer involvement. Efficient coordination is realized among
different customers according to the load demands and re-
ceived price signals. Although the decentralized one can pro-
vide ownership authority to customers, the optimal operation
of appliances cannot be guaranteed and new security issues of
power grids arise.

Unlike the aforementioned DR programs, motivational
DR programs can be mainly divided into the following two
types.

With China is already committed to peak carbon dioxide
emissions before 2030 and achieve carbon neutrality before
2060, the Central Economic Work Conference urges quicker
steps to come up with an action plan that enables the peaking
of emissions.

Incentive-based and price-based DR programs. In the for-
mer one, customers are encouraged to decrease their energy
consumption upon the request offers or based on their con-
tractual agreements reached by both customers and compa-

niest® ™

. Under such an incentive scheme,some customers will
be rewarded due to actions taken by the program administra-
tor,e. g. appliance rescheduling, reduction, and disconnection.
However, it may bring new challenges and issues regarding
customers’ privacy and security when accessing appliances di-
rectly. In the latter one, time-varying electricity prices are of-
fered to customers-* . The electricity price is increased when
peak comes and reduced during less congested periods. With
the price signal, the peak-to-valley gap of the power load can
be reduced, and the energy consumption behaviors of custo-

mers can be changed to achieve peak shaving and valley fil-

ling. The examples of the price-based scheme mainly include
the time of use price(ToU) ,critical-peak price(CPP),and re-
al-time price(RTP)™), With the usage of the price-based DR
program, customer privacy and security can be enhanced dra-
matically. However, the customers should respond to the va-
rying price signal quickly. At the same time, the unfairness
among consumers may incur due to the different pricing mecha-
nisms. To summarize, the performance metrics, e. g. overall
energy overhead and peak-to-average ratios (PARs), can be
improved significantly by leveraging appropriate DR schemes.
2.2 Optimization Methods of DR

To optimize the cost minimization-based DR problems,
fuzzy and programming methods as well as game theory have

12]

been widely utilized"*'*!, In addition, machine learning-based

methods, such as clustering,have been used to further improve

1 propose a stable coding

the performance. Kwac et al. [
mechanism that uses an adaptive K-means algorithm to find
the representative load shape from the daily power data of
consumers and uses hierarchical clustering to summarize, and
calculates various indexes according to the coding mechanism.
Kang et al. "' propose a k-sliding distance between two elec-
tricity customers for customer clustering. In literature [15],
the density-based spatial clustering of applications with noise
is applied to explore end-customers’ inherent electricity con-
sumption patterns from historical load data. With the comple-
mentarity of different consumers, utility companies can deve-
lop more appropriate DR schemes for different types of con-
sumers''®), Haben et al. "' present a comprehensive study of
customers’ smart meter data for analyzing peak demand and
main factors of variability in their behavior. A finite mixture
model-based clustering method is also presented for discove-
ring different behavior groups based on demand and variabili-
1. [18]

ty. Zhou et a develop an improved fuzzy clustering model

for the mining of household monthly electricity consumption

1.7 employs K-means clustering algo-

patterns. Melicio et a
rithm to predict daily load profile of typical electricity usage.

With the development of computer technology, deep
learning plays an increasingly important role in SG. Shi et

20 propose a novel pooling-based deep recurrent neural

al.
network which batches a group of customers’ load profiles in-
to a pool of inputs to directly learn the uncertainty of load
profiles. Sun et al. *'' propose a novel probabilistic baseline
estimation framework, which employs a deep learning-based
clustering method to process a large quantity of daily patterns

21 exploit

for improving estimation performance. Fan et al.
and compare the performance metrics of cooling load predic-
tion with deep learning in building field with two manners,
which are methods with typical feature extraction as well as

[23]

popular prediction. Cai et al. propose two classical deep

neural network models in both recursive and direct multi-step
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[24] .
propose a

manners to forecast building loads. Kong et al.
long short-term memory (LSTM) recurrent neural network-
based framework to forecast the electric load of a single ener-
gy customer. Kim et al. ) study a CNN-LSTM neural net-
work that extracts both spatial and temporal features for de-
veloping an effective housing energy consumption prediction.
2.3 Main Contributions

The above-mentioned works mainly studied the optimiza-
tion problems for load profiles of customers by smoothing the
demand profile and decreasing the PARs. None of them con-
siders the satisfaction degree,fairness and energy consumption
preferences of customers,which are very important for the in-
teractions between utility companies and appliances since cus-
tomers are the main roles in the system. For example, the elec-
tricity prices are highlighted by some customers and others fo-
cus more on the comfort of power consumption. Thus.a novel
DR scheme is proposed in this work based on the cluster of
residential customers, which is achieved by the energy con-
sumption habits and preferences. The main contributions can
be summarized as follows:

(1) An optimization problem for the proposed DR scheme
is formulated by considering the energy consumption pat-
terns,electricity prices, customer satisfaction,as well as fair-
ness. To the best of our knowledge. the aforementioned impact
factors are not comprehensively investigated in a DR scheme
in existing literatures.

(2) Clustering methods are leveraged to investigate the
electricity consumption features of customers. Based on the
clustering results, residential appliances are scheduled more
flexibly and effectively.

(3) An optimization framework based on clustering and
deep learning is proposed to solve the problem of huge compu-
tation in large-scale customer scenarios.

(4) Extensive simulation experiments are conducted with
real-world traces. The numerical results show that our pro-
posed DR method and optimization framework outperform
other baseline schemes in terms of the system overhead and

PAR of the electricity grid.
3 DR PROBLEM FORMULATION

As shown in Fig. 1,an SG system is composed of a power
supplier,i. e. ,a utility company, and also N residential cus-
tomers, We denote U= {1,+--,N} as the set of customers. The
6G communication network is assumed to connect the power
supplier and numerous residential customers as power users. It
is assumed that the residential customers have signed relevant
authorization documents with the utility company. Then, the
power data can be downloaded from the utility company to the
residential customers so that the customer energy consump-

tion can be monitored and the remote control can be achieved

to realize the required demand response strategy. A time slot-
based system is considered, where there are T time slots with
equal length. The length of a time slot can be set to 15min.
J={1,-+,T} is denoted as the index set of time slots. Since
each residential customer has several appliances, we assume
that the appliance set is denoted by «/,={1,--+,A,} in house-

hold «€ . The total number of appliances is set to A,.

Power Supplier

Load control command l T Energy consumption

Cluster I Cluster IT Cluster m
Customers
Load control command Energy consumption,[

Electric vehicles Air conditioners; Dishwashers Washing machines' Television sets
Adjustable Loads Schedulable Loads Fixed Loads

Appliances

Fig. 1 Illustration of the proposed system

3.1 Model of Residential Appliances

According to the appliance features,the loads can be cate-
gorized into three different types,including adjustable, schedu-
lable and fixed loads.

(1) Adjustable Loads: Loads can be considered as adjus-
table loads given the loads are able to be adjusted in each time
slot. For instance, electric vehicles and air conditioners can
control their energy consumption on a time slot basis. The set
of adjustable loads used by customer u is denoted by C,. By
dynamically altering the charging rates of electric vehicles as
well as the current temperatures of air conditioners, the con-
trol of appliance operations can be realized. In time slot 1€ 7,a
variable I,.,., € {0,1} is introduced to depict the the state of
customer u’ s appliance a (0 for the state off and 1 for on).
The active power consumption is defined as E, ..., when appli-
ance a is switched on in time slot ¢, The consumed energy of
customer u’s appliance a during time slot ¢ is derived as:

ES . =l *EpcisYueU,YaeC,,ViET @)

E:% ., denotes the baseline of energy consumption for cus-
tomer u’s app-liance a. Let 72" and 7' denote the elastic-
ities of ramping up and ramping down for customer u’s app-
liance a. We have the following constraint for the potential

appliance’s scheduling strategy:
T
vl e By <D ES <y e BN Yu€ U, Va€C,
=1
(2)
The total energy consumption amount by the adjustable

appliances of customer u can be achieved as:

ES= 2 E&, (3)

«€C,

(2) Schedulable Loads: The operation time of particular
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loads can be shifted backward or forward. Nevertheless, these
loads should be completed without a break once the system
runs. Assuming that S, is the category of schedulable loads
generated by customer u. Typical appliances with schedulable
loads include pumps.dish washers,and washing/laundry ma-
chines. The dedicated energy consumption pattern is another
feature of the appliances generating schedulable loads. For
example,as illustrated in Fig. 2, the operation state of a wa-
shing machine can be divided into fine-grained stages., inclu-
ding soaking, washing, and drying. Energy consumption for
each stage shows different patterns. The key procedure of
scheduling for schedulable loads is the translation of energy
consumption on the time axis. The DR scheme is expected to
properly consider the energy consumption patterns of such ap-

pa

pliances during the scheduling process. Let EY, = (e, ,

pa

ella s ser, g ) denote the energy consumption pattern vec-

tor of customer u’s app-liance a, where T™" is the minimum
required number of time slots to finish the operation process
for the schedulable appliance. The pattern for energy con-
sumption of «’s appliance a is formulated as:
ere. 1Ty
S (D= 4
0 otherwise
We assume that appliance a of customer u begins to ope-
rate in time slot T3%"'. Then, the energy consumption of app-
liance a of customer u« in time slot ¢z can be calculated as:
ES. = G—T+1) « I....YVuc U, Ya€ES,,
Vied (5)
Let TM" and T € 7 denote the the beginning and ending
of a time interval repetitively, in which appliance a can be
scheduled. An auxiliary binary variable is introduced such that
Zua 21 if the operation of customer u’s appliance a starts in
time slot 7, where a € S,. Otherwise, z,..., 20. Then, it holds
that:
end _min

T, ,*1

u.a .

Y zeen=1 (6)

=Tl

and
Ruwd =0, Yt EINLTH, , T — T+ 1] D

45
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40 —— After DR
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Fig. 2 Energy consumption pattern for a washing machine

Elements in both the state indicator matrix I,«,~, and the
start time matrix Z,.,x, are thus correlated in the following
manner ;

Liwi Z2uai s Lowitn Z 20 s L i 0 Z 2000 (8D

which indicates that T}%' = ¢ and I,., = l,..41 =
Lwrrmin oy =1 if z,,, = 1. Once a schedulable appliance be-
gins to operate,it keeps operating continuously for a duration
of T time slots. The total energy consumption of schedula-
ble loads by customer «’s appliances is hereof derived as:

El= 2 ES. €))

a€S,

(3) Fixed Loads: Some appliances are not eligible to be
dynamically controlled during operation, which are categorized
as appliances with fixed loads. Typical examples of such app-
liances include microwave ovens, electric stoves, and televi-

sions. Total energy consumption of the appliances with fixed

loads by customer u at time slot ¢ is defined as:

E=YE,.,.Vu€UYET 10)

«€F,

where FF, represents the fixed load category of customer,

E,.... is the historical energy consumption of customer u’s ap-
pliance a at time slot ¢. For fixed loads,no DR strategies are
applied since it will cause significant inconvenience to custo-
mers. For example, when customers are watching TV, if pow-
er companies send DR signals to turn off TVs, it will bring
great inconvenience to customers’ life.

The total energy consumption of customer u at ¢ is:

Ef,=ES +ES+ED 1D
3.2 Objective Functions

Power suppliers aim at improving satisfaction degree and
fairness of their customers, as well as reducing the overall
energy cost of the SG system when the system is in operation.
Objective functions of the power suppliers are derived in the
following.

(1) Degree of Dissatisfaction: To depict a satisfaction
measurement of a customer, the degree of dissatisfaction can
be defined as an increasing and convex function concerning the
energy consumption deviation by leveraging the DR strate-
gy, The convexity indicates that the increase in the energy
consumption deviation leads to higher dissatisfaction of cus-
tomers. Without loss of generality,a quadratic dissatisfaction
function is proposed in this work. In time slot 7, the dissatis-
faction degree of customer u can be defined as:

S G =m"™ = GGu.)P +a" « j,, 12)
where m"™ =0 and »" =0 indicate the coefficients,j,,, is the
energy consumption deviation after customer u by leveraging
the DR strategy in time slot ¢. It holds that :

jue= I E2i—E | (13)
where E®, denotes the average historical energy consumption
of customer u in time slot ¢. It means that once the power uti-
lity dispatches the customers’ appliances, the customers will
be dissatisfied with the DR scheme if the energy consumption
after DR is different from the historical energy consumption.

(2)Degree of Unfairness: To measure whether customers

are fairly served or not,a generalized increasing and convex
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function can be defined for measuring unfairness degree as fol-
lows:

k) =m™ e (k) ™ ek, (14)
where m™ =0 and #n""==0 denote the coefficients,,., indicates
the energy consumption deviation by comparing the average
energy consumption of customer u with that of other custom-
ers:

ko= | En— 2= X En | (15)

L et
where A, is the customer set that compares with u,and n is
the size of that set. In the comparison range, only when the
energy consumption of each customer after DR is the same in
any time slot,the degree of unfairness is 0,and the DR is ab-
solutely fair.

(3) Energy Cost: An increasing and convex function in
terms of the amount of consumed energy is defined as the
energy cost, indicating the expenditure spent on electricity
consumption. The convexity of the cost function indicates that
the cost increases significantly when the amount of required

[27]

energy increases. The quadratic cost function”””” and piecewise

linear cost function’*

are widely used in existing works.
Therefore.a quadratic cost function is utilized in this work.
The energy cost of customer u in time slot ¢ can be achieved
as:

FOES) =m™ o (EX)+n™ « EY, (16)
where m“* =0 and n°" =0 denote coefficients defined by the

cost

power supplier. Actually,m*® is an arbitrarily small number.

4 CUSTOMER CLUSTER-BASED DR SCHEME

Customers are often featured with various preferences and
characteristics. For instance, customers who focus more on the
energy costs will actively be a part of the DR scheme to reduce
their electricity bills significantly by taking more DR responsi-
bilities. Instead of monetary overhead, the customers who are
insensitive to the cost want to achieve convenient and comfor-
table appliance operations for better experiences. Driven by
the aforementioned situations,we propose a customer cluster-
based DR scheme by considering different customer prefe-
rences to provide flexible scheduling services.

K-means algorithm is one of the most popular and used
clustering methods for unsupervised learning, where efficient
multi-dimensional feature clusters can be obtained in SG'*.
With a given data set, K-means can find the globally optimal
partitions efficiently. In this work, the customer features are
the inputs of the K-means algorithm, which is listed in Table
1. There are 10 features for every customer, where the first
eight features are collected from customers and gathered by
smart meters. Moreover, flexibility and interruption tolerance
factors are extracted from historical data as two new features.
In the following subsections,more details are included and dis-

cussed.

Table 1  Cluster features
Index Description Index Description
1 Building type 6 Total appliance number
2 Amount of PV ; Total energy consumption
of last month
3 House construction year
8 Power generated by PV
in last month
4 Total square footage o
9 Flexibility factor
5 Total room number 10 Interruption tolerance factor

4.1 Flexibility Factor

The flexibility factor of appliance a can be defined as the
standard deviation of the electricity consumption distribution.
Therefore, the flexibility factor of customer u can be achieved

as:

L) = 2 6, w. QYD)
«€A,

where o,., denotes the standard deviation of appliance a’s en-

ergy consumption distribution extracted from the historical

energy consumption data, and w, indicates the weight app-

liance a,which is calculated as:
o power,

w, = PO
“ 2 power,
JEA,

(18

where power, is the power of appliance a. A smaller flexibility
factor means that customer may tend to take fewer DR re-
sponsibilities. On the contrary, the customer with a higher
flexibility factor will take more DR responsibilities.
4.2 Interruption Tolerance Factor

The interruption tolerance factor inter,, for appliance a
denotes the average interruption times per day. As aforemen-
tioned, customer’s interruption tolerance can be obtained as:

(W= 2 inter,., (19

WEA,

With an interruption tolerance, the customer often wants
to use appliances continuously. In contrast.a customer with a
larger interruption tolerance factor will be more eager to ac-
cept more interruptions during the appliance operation.
4.3 Optimization Framework Formulation Based on Customer

Clustering

Customers are divided into C clusters by leveraging the
K-means cluster algorithm. Customers in different clusters are
different in the dissatisfaction,unfairness,and electricity cost.
With the various parameter settings,for different clusters, the
DR scheme should generate different strategies. In cluster ¢,

the total expenditure function is defined as:

Uﬂb‘"“i%% s G TR i (R )t
Yoo SOHES) 20

where a, ,f3. and 7, are the customer coefficients in cluster ¢ for
the dissatisfaction level, unfairness level,and electricity cost. It
holds that a, + 8.+ 7. = 1. Thus, the objective of the DR
scheme is to minimize the total expenditures for customers
during the system operation. The energy consumption schedu-
ling problem can be formulated as the following optimization

problem:

o
min 2 2UM s 1. (1) —(20) 2D

c=1lt=1
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This problem is a mixed-integer linear programming
(MILP) problem. The calculation of the unfairness degree in
the DR scheme involves the comparison with other customers’
electricity consumption,so the optimal solution to the problem
needs to be solved as a whole. When the number of customers
increases,it will not be able to solve the optimal solution in a
tolerable time. So we propose an optimization f{ramework
based on clustering and deep learning to solve it more effi-

ciently in Section 4.

5 OPTIMIZATION FRAMEWORK BASED ON CLUS-
TERING AND DEEP LEARNING

Considering the computational complexity of Eq. 21, we
propose an optimization framework based on clustering and
deep learning to solve it more efficiently. Fig. 3 demonstrates
that the whole optimization framework can be divided into two
stages: the data preparation stage and the network training
stage. Assuming that there are currently T, days of custom-
ers’ electricity data,it is divided into T, ,T, and 1 day (T, =
T,+T,+1) for data preparation,network training,and meth-
od performance verification respectively.

5.1 Data Preparation Stage

In the data preparation stage,each large customer cluster
generated in Section 3 is further divided into several small
clusters of the same size by using the Same-Size K-means Va-

B0J Each small cluster is regarded as a

riation(SS K-means)
separate virtual optimization group. According to Eq. 21, the
global optimal solution is obtained by using the MOSEK tool-
kit ,and the optimal virtual energy consumption of custo-
mers in each small cluster after DR is obtained. Then the
framework calculates and solves the DR scheme again in the
large cluster. According to Egs. 14 and 15, each customer
needs to compare with other customers’ energy consumption
when ca-lculating the degree of unfairness. At this time, the
comparison value uses the virtual energy consumption solved
for each customer in the small cluster in the above step. In this
way,the mixed solution of multiple customers can be divided
into unique solutions of single customers. The framework
solves the problem vertically, T} days in turn. After the com-
pletion of the data preparation stage,the energy consumption
of each customer after DR with a length of T, days is ob-
tained. It then enters the network training stage when suffi-
cient pre-training data is collected.
5.2 Network Training Stage

In the network training stage,the first step is to train an
LSTM network for each customer using the energy consump-
tion data collected in the data preparation state. Then we use
LSTM to predict the energy consumption of customers after
DR. The sum of the results obtained by LSTM may be incon-
sistent with the total power demand of customers. For exam-

ple,the total energy consumption of the predicted results is

greater or less than the historical energy consumption of cus-
tomers. Thus it needs to be corrected according to certain
rules. After the correction.we take the data to the large clus-
ter for calculation and solution. When calculating the degree of
unfairness according to Egs. 14 and 15, the energy consump-
tion of other comparison customers uses the modified LSTM
prediction results corresponding to each customer. After ob-
taining each customer’s optimal DR scheduling results under
constraint, the energy consumption data is added to the trai-
ning data set of the corresponding customers’ LSTM net-
works. Then the LSTM network of each customer is re-
trained,and the T2 days of data is successively added to gra-
dually enhance the prediction ability of the LSTM network.
Finally, the network training stage is completed. The LSTM
networks of customers can predict the energy consumption of
customers after DR.

5.3 Correction of Prediction Results

For customer u,we define the corresponding energy con-
sumption predicted by the LSTM network at time slot ¢ as
E!,. Then the energy consumption set of customer u predicted
by the LSTM network is Ei', ={E", ,El,,++,E",}. The pre-
dicted energy consumption data and the customer’s historical
energy consumption data are subject to the following con-
straint:

T T

YE!, =XE;, (22)

t=1 =1

If the prediction results of a customer’s LSTM network
can’t meet the above constraints, we need to modify the pre-
diction results before they can be used in the next step. The
process of prediction result correction is divided into three
steps: 1) correction of abnormal large values, 2) correction at
non-scheduling time slots,and 3)correction at scheduling time
slots.

(1) Correction of Abnormal Large Values: Correction of
abnormal large values is to reduce and correct the data larger
than the maximum value of historical energy consumption data
in the prediction results. According to the calculation method
of energy cost in Eq. 16,additional energy consumption devia-
tion leads to greater expenditure, so it is impossible that the
total energy consumption after DR at a certain time slot is
greater than the maximum historical energy consumption on
the day of dispatching. Let ¢ indicates the maximum amount

of energy consumed by customer u in the historical energy

consumption data,then we have:

e = max E. (23
(€ (1.2.0.T)

Let eiy™= denotes the power that customer u receives in
the process of correcting abnormal large values of time slot ¢,
etve™M denotes the abnormal power value that customer u ob-
tains in the process of correcting abnormal large values, and

TieweMax denotes the time slot set when the predicted result of
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customer u is greater than the maximum value of historical
energy consumption data,so we have:

e =max (0. ElL, — e}
. (24)

-+Ma 1 M . -rMa o
e,[:OWLlVIdX — L eL)t?;/urV[de;u)oerMax — { ¢ eL)?;NLrV[dx>O R V te (/}

(=1

In addition, the elements in the energy consumption set
E", predicted by the LSTM network are changed to:

E. =E;, —em (25)

(2) Correction at Non-scheduling Time Slots: In Section
2,1,.,., indicates whether customer «’s appliance a is working
or not in time slot z. It means that there may exist time slots
in which only fixed loads are working. The non-schedulable
time slots of customer «’ s adjustable loads and schedulable
loads can be defined as:

TeevesNeTime = {41, ., =0,Ya€C,US,,Yt€T} (26)

powerNoT

Let 2 me denotes the abnormal power value of cus-

tomer u at time slot ¢ through Step 2). It is calculated as:
epo;ﬂur,\IOTimc — Ell ,— E“X, s V te TpowcrNoTimc (27)

and the abnormal power value of customer u in step 2) is cal-

culated as:

1

powerNoTime — powerNoTime
u

(28)

€ e
The result of LSTM network prediction should equal the
energy consumption of fixed loads. So the calculation of pre-
diction result after correction at non-scheduling time slots is
as follows:
El, =E, , Y 1€ TreveNeTime 29
(3) Correction at Scheduling Time Slots: Through Step

1), the maximum value of the predicted result is less than the

historical maximum value of customer u’s energy consumption
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l K-means
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The Energy Consumption of Each Customer After DR

Fig. 3

data. The energy consumption at non-scheduling time slots
equals the energy consumption of fixed loads after applying
Step 2). For the abnormal power values obtained in Steps 1)
and 2) ,the prediction results need to be further corrected in
the scheduling time slots. In Eq. 18, the weight factor w, is
calculated from the power. For customer u,the energy weight
in time slot zcan be calculated as:

30

W = 2 Lo * w,
W€EA,

Then the total energy weight of customer u is defined as:

w, = > W 3D

powerMax powerNoTime
L e

€T,

In the correction step, the larger the energy weight of
time slot ¢ is, the larger the abnormal power allocated should
be. Therefore, the correction of the prediction result of the

LSTM network in scheduling time slots is as follows:

E", :E}f,, +w,,,1 (epowerMax | ppowerNoTime

u

(32)

Upon correction of Steps 1),2) and 3) ,the prediction re-
sults of the LSTM network corresponding to customer u will

meet the constraints of Eq. 22 and DR scheme.
6 COMPARISONS

To illustrate the benefits of the proposed optimization
framework,a series of baseline methods are compared in this
paper.

6.1 Random

It does not use the data of previous T, —1 days and is di-
rectly verified on the data of the last day generated from the
data preparation process in Fig. 3. The customers in large

clusters are divided into small equal-size clusters randomly.

-- @? Customers’ Historical Energy Consumption @a

Network Training Stage

The Energy Consumption of Each Customers After DR ¢--
Collected at Data Preparation Stage

Train
Each Customer Has A LSTM Network
LSTM,
Correction of l
Prediction Results

The Energy Consumption of Each Customers After Correction

LSTM, LSTMy

Unfairness of
Single Customer

Dissatisfaction of
Single Customer

Energy Cost of
Single Customer

i MOSEK

The Energy Consumption of Each Customers After ER -

Optimization framework based on clustering and deep learning
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6.2 SS K-means

This method is directly validated on the data of the last
day generated from the data preparation process in Fig. 3.
When large clusters are further divided into small clusters,the
equal-size clustering algorithm is applied.
6.3 SS K-means + LSTM

This method makes full use of the data between days of
T, and T, and follows the whole process described in Section 4.
After training each customer’s LSTM network, the predicted
and corrected results of the LSTM network are used as the
energy consumption data of other customers when calculating
customers’ unfairness degrees. MOSEK solves the energy
consumption data of a single customer after the DR scheme.
6.4 Best

Based on the data of the last day, we use the MOSEK
toolkit to find the optimal solution directly. It is possible to
use the MOSEK toolkit to find the global optimal solution in

an acceptable time when the cluster is not large.

7 SIMULATION RESULTS

Numerical experiments are conducted to show the effec-
tiveness of the proposed DR scheme by setting different sys-
tem parameters in this section. In this work, the residential
energy consumption data is collected from Pecan Street
Inc. Dataport 201652, Based on the data set, customer chara-
cteristics are extracted. This data set includes the electricity
consumption data per minute in each household in a communi-
ty located in Austin, Texas. Then., the electric vehicles (EVs)
are considered as adjustable loads,while dishwashers are trea-
ted as schedulable loads.

7.1 Clustering Parameter Analysis

The K-means algorithm is used to achieve the customer
clusters in the community based on 10 features. We first use
the Pearson correlation coefficient to measure the selected fea-

turest®®

. Fig. 4 shows the Pearson correlation coefficient ther-
modynamic diagram of the features. It can be observed that
there is no correlation coefficient above 0. 8, which indicates
that the features used in this method have no strong correla-
tion and cannot be replaced.

K-means is a kind of unsupervised machine learning algo-
rithm. Because the labels of training data are unknown, the
clustering effect is difficult to evaluate and display intuitively.
In this paper, the effect of clustering is evaluated by the Sil-
houette Coefficient™®’, It can evaluate the impact of different
algorithms or different operation modes on clustering results
based on the same data by combining two factors of cohesion

and separation=*™ .
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Fig.4 Pearson correlation coefficients of clustering features

Fig. 5 shows the Silhouette Coefficients of different clus-
ters under the same K-means algorithm parameters. The value
of the Silhouette Coefficient reaches the maximum when the
number of clusters is 3. Therefore,we set the number of clus-

ters to 3 for further analysis.

0575
0550
0525
0500
0475
0450
0425
0400

Silhouette coefficient

0375

2 3 4 5 6 7 8 9 10
Number of Clusters

Fig.5 Silhouette Coefficients with different numbers of clusters
7.2 Parameter Setting

The length of each time slot is set as 15 min. The over-
all length for scheduling is set as one day.i.e. ., T= {1,--,
96 }. Without loss of generality,the available charging time in-
tervals for electric vehicles range between 12:00 AM to 7:00
AM,and 8:00 PM to 12:00 PM. E»™* is collected from the
historical data,and the elasticities of all adjustable loads are
set as Yy =1, 0and 7" =1. 15. The operation time interval
for the schedulable loads is achieved according to the historical
energy consumption data. The parameters of the dissatisfac-
tion degree, unfairness level and total energy cost are m"™ =
m™=0.01,n"™ =n""=0. 05, and m = 0. 005 and »n**" =
0. 08.

The quantity of customer clusters is set as 3,as shown in
Table 2. Then, three DR schemes are evaluated against each
other with different parameter settings. For Scheme I,custo-
mers from different clusters focus on various factors. Scheme

11 is defined as a baseline scheme.,where the cluster is grouped

by customers with the same preferences on the dissatisfaction
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level,unfairness level, and electricity cost. In Scheme III, the
customers try to minimize the total amount of energy expendi-
ture and ignore other factors. To evaluate the effectiveness of
all schemes, we select two main performance metrics including
the system PAR and electricity monetary overhead. In the fol-
lowing subsections, more details are included and discussed.
We first use K-means to cluster all customers into 3 clus-
ters and then select 10 customers from each cluster.
7.3 Prediction Result Evaluation Based on Deep Learning
For each LSTM network used for training, the input is a
6-dimensional vector:the day of the week,whether the current
day is a holiday, the current time slot ¢, the historical energy
consumption at time slot t— 1 of the customer, the historical
energy consumption at time slot ¢ of the customer,and the ener-
gy consumption of the customer after DR at time slot t— 1.
The output is the predicted energy consumption of customer u
after DR at time slot ¢z. In the LSTM network structure, the
more hidden layers, the better the training effect of the net-
work, but it will take a longer time to train the network.

Therefore, this paper uses two hidden layers and either has 50

LSTM units.

Table 2 Different parameters of clusters
Scheme Cluster Name Parameter Set

a B Y

Cluster 1 0.3 0.3 0.4

Scheme 1 Cluster 11 0.2 0.2 0.6
Cluster 1T 0.1 0.1 0.8

Scheme 11 Cluster I, 11,111 0.2 0.2 0.6
Scheme 111 Cluster 1,11, 111 0 0 1.0

Table 3 shows the average mean absolute percentage Er-
rors(MAPE) of the prediction results of each customer’s
LSTM network on the last day of comparison. Many pieces of
research are based on static LSTM systems, that is, the
ground truth values are prepared in advance. In this paper.the
method of using LSTM is dynamic. That is to say,the ground
truth values corresponding to the prediction results of the
LSTM network are not prepared in advance, but the data ob-
tained after using the prediction results in the operation.
Therefore, the customers’” MAPEs of our system are higher
than those of the static system. Meanwhile, after the result
correction steps,the MAPEs of the modified data are signifi-

cantly lower than those of the original prediction output.

Table 3 Mapes of different methods
(unit: %)
Method Min Max Average
LSTM 10.72 27.24 18.77
LSTM + Correction 5.94 24.31 14.59

7.4  Performance Analysis of DR Scheme and Optimization
Framework

Fig. 6 shows the comparison of the overall energy con-

sumption of the four algorithms before and after DR(Scheme D).
Table 4 shows the statistics of PAR and electricity charge
changes of the four algorithms under different DR schemes.
Based on the results of Fig. 6 and Table 4, PAR and energy
consumption cost of the system are significantly reduced under
the three schemes. Among them, the random algorithm does
not consider customers’ personal preferences and randomly
divides customers,so its PAR reduction is the smallest among
the four comparison methods. SS K-means algorithm considers
the customers’ personal preferences and uses the equal-size
clustering algorithm to divide customers again, which reduces
the computation scale when customers compare the fairness
degree. Its PAR reduction is 2. 02% higher than that of the
random algorithm. The algorithm of SS K-means + LSTM
goes further. It not only makes use of the customers’ personal
preference information but also makes full use of the historical
data. Although training the LSTM network is much more
complex than the single SS K-means algorithm, the PAR re-
duction of the LSTM network is 1. 51% higher than that of
the SS K-means algorithm.

e Before DR —— Random

SS K-means

Energy consumption/kWh

0 10 20 30 40 50 60 70 80 90 100
Time slot

(a) The energy consumption of the random method and the SS K-means method
before and after DR(Scheme D

e Before DR SS K-means ——SS K-meanstLSTM

Energy consumption/kWh

0 10 20 30 40 50 60 70 80 90 100
Time slot

(b) The energy consumption of the SS K-means method and the SS K-means +
LSTM method before and after DR(Scheme 1

v Before DR~ ——SS K-means+LSTM Best

Energy consumption/kWh

0 10 20 30 40 50 60 70 80 90 100
Time slot

(c) The energy consumption of the SS K-means + LSTM method and the Best

method before and after DR(Scheme D

Fig. 6 Energy consumption of four methods before and after

DR(Scheme )
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Although the optimal solution of the SS K-means +
LSTM algorithm is 0. 84% lower than that of MOSEK in
PAR,the whole set of data is required for obtaining the opti-
mal solution. As a result, when the scale of customers becomes
larger, the solution cannot be obtained in an acceptable time,
or even may not be obtained. Although the method of SS K-
means + LSTM proposed in this paper sacrifices a little pre-
cision,it reduces the complexity of computation by decompo-
sing the whole solution into single customer solutions, which
can be applied even in large-scale scenarios.

Scheme 111 of each method adopts the parameter setting
of a=p=0 and y=1, that is, all customers only care about
energy consumption but not DR. Therefore, the PARs and
average prices of the system under Scheme III of the four
methods have the same values. According to Eq. 16, a custo-
mer’s cost is only related to the energy consumption of each
time slot. At the same time, the design of the convex function
makes each customer reduce the energy consumption of a sin-
gle time slot as much as possible on the premise of meeting
the energy consumption constraints. Therefore, the average
prices after DR in Schemes I and II of the four methods are al-
most the same.

In Table 4,the PAR reduction of Scheme I corresponding
to each method is better than that of Scheme II, which proves
that for large-scale customer groups, it is necessary to divide
customers into different categories according to certain rules,
and fully consider the energy consumption preferences of dif-

ferent categories to schedule demand response management.

Table 4 Pars and average cost of different methods under different

schemes
. PAR Average Cost
Method Scheme PAR Reduced/ % Cost Reduced/ %
No DR 2.381 - 0.129 -
Scheme 1 1.814 23.81 0.099 23.26
Random Scheme 11 1. 840 22.72 0.099 23.26
Scheme 11 1.855 22.09 0.097 24.81
Scheme 1 1.766 25.83 0.099 23.26
K*:jans Scheme 11 1.803 24.28 0.099 23.26
Scheme 111 1.855 22.09 0.097 24.81
SS Scheme 1 1.730 27.34 0.099 23.26
K-means+ Scheme 11 1. 766 25.83 0.099 23.26
LSTM Scheme 11T 1. 855 22.09 0.097 24. 81
Scheme 1 1.710 28.18 0.099 23.26
Best Scheme 11 1. 749 26. 54 0.099 23.26
Scheme 111 1. 855 22.09 0.097 24.81
Conclusion In this paper,we propose a centralized resi-

dential DR scheme for reducing customer energy cost and
PARs in a SG, which is deemed as one of the important 6G ena-
bled TIOT services. The proposed DR scheme is formulated as
an optimization problem. where multiple factors are compre-
hensively considered. The main factors consist of the energy
consumption pattern of residential appliances, electricity mo-

netary overhead., customer satisfaction level, and fairness de-

gree. Based on the characteristics and energy consumption be-
haviors of various customers, the customer features are ex-
tracted from the historical energy consumption data. Several
customer clusters are obtained according to the achieved fea-
tures, where different clusters focus on different performance
factors. With the cluster results, the residential appliance
scheduling can be improved significantly. Next, an optimiza-
tion framework based on clustering and deep learning is pro-
posed in order to eliminate the computation overhead in large-
scale customer scenarios. Finally, extensive simulation experi-
ments are conducted with real-world data sets. The simulation
results show that our proposed DR scheme outperforms other
baseline algorithms in managing residential appliances in
terms of energy cost and PAR reductions. In addition, we also
evaluate the impacts of different parameters, which may pro-
vide useful insights for the further development of rational DR
strategies. With efficient and intelligent energy management,
the proposed method lays helpful support for future power
networks to achieve carbon peaking and carbon neutrality

goals.
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