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Abstract—Prosumer community forms by prosumer who is not
only consuming energy but also generating renewable energy
(e.g., solar) and capable of selling surplus energy to other con-
sumers. Peer-to-peer (P2P) energy sharing behavior of the smart
grid is evolving to reducing the usage of non-renewable energy.
However, non-renewable energy is still used in some time intervals
due to the unbalance between energy load and generation.
Therefore, in this paper, we study an energy scheduling problem
that includes the energy amount for battery charge/discharge
along with energy sharing scheduling among the prosumer
community. First, we formulate an optimization problem and
the objective is to minimize the non-renewable energy usage
of the entire community. This problem includes the day-ahead
energy demand prediction stage and battery charge/discharge,
and energy sharing scheduling stage. Second, to solve the formu-
lated problem, a long-short-term memory (LSTM) and particle
swarm optimization (PSO) joint approach is proposed, in which
the LSTM based model is used to forecast day-ahead energy
demand, while PSO is utilized in the second scheduling stage by
considering P2P behavior. Finally, the evaluation result shows our
proposed LSTM prediction model outperforms the autoregressive
integrated moving average (ARIMA) model by comparing the
mean squared error, root-mean-square error and total training
time. PSO improves the overall usage of non-renewable energy.

Index Terms—Peer-to-Peer, Prosumer Community, Energy
Scheduling, LSTM, Particle Swarm Optimization

I. INTRODUCTION

As the development of smart grid, solar energy generated
prosumer community, in which prosumer can not only play
the role of purchasing energy from the power provider but
also proactive selling excess energy to neighbors in need by
installing rooftop solar panels, known as peer-to-peer (P2P)
energy sharing which is useful for improving energy efficiency
and energy shortage problem. However, solar generation is
uneven due to being affected by the solar intensity which
causes the energy generation can not fulfill the requirement of
each prosumer, namely, mismatch problem between demand
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and generation. To handle such a problem, the battery is
introduced for each prosumer. Obviously, it is necessary and
makes sense to schedule the amount of energy not only by
P2P energy sharing or receiving behavior but also the amount
for battery charge or from discharge.

In recent years, the research in P2P energy sharing area
has attracted increasing attention among various researches
and a number of studies have proposed various methods. For
example, in the study of [1], a non-cooperative game theory
based selfish energy sharing mechanism was presented for
battery and amount of energy sharing scheduling in prosumer
community. The research [2] proposed a game-theoretic based
distributed control schemes which aim to reduce energy cost
for P2P energy sharing. In [3], a model based on game-
theoretic was presented for P2P energy trading in prosumer
community which gained significant financial benefit. Another
example is [4], in which a P2P energy sharing model in-
corporates the energy storage optimization was proposed to
make the lowest coalitional energy cost for all prosumers using
cooperative game theory. However, few researches used deep
learning approaches (e.g. recurrent neural network) in the P2P
energy sharing area. Deep learning approaches nowadays have
gained remarkable success in various areas for the purposes of
prediction [5]. For instance, in the energy consumption area,
convolutional neural network (CNN) was used to forecast at
the level of individual building in the study [6]. GRU based re-
cursive deep learning method was utilized to predict data from
smart meter in [7]. However, these researches only considered
load forecasting aspects but ignored the impact of storage (e.g.,
battery) and energy sharing among the community.

In this paper, unlike previous studies, to achieve the mini-
mum day-ahead usage of non-renewable energy, we compre-
hensively consider energy consumption forecast, scheduling
charge/ discharge of battery and energy sharing with neighbors
for the upcoming day. However, the unpredictable nature and
strong relationship over the history of the energy consumption
[8] causes a big challenge for accurate prediction of energy
demand. As for the energy sharing and battery scheduling
for each household, knowing the optimal value of battery
charge/discharge and energy sharing is another big difficulty.
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To address these challenges, we focus on the approach that
not only forecasts energy demand for the next day but also
optimizes both the amount of battery charge or discharge and
the energy sharing per household within one prosumer com-
munity. The main contributions of this paper are summarized
as follows:

o We formulate a day-ahead energy scheduling problem
and the objective is to minimize the usage of non-
renewable energy of a P2P prosumer community. Where
we schedule the amount of energy charge to or discharge
from battery, and the amount of energy sharing to other
households such that the unbalance between total solar
generation and energy demand can be reduced. How-
ever, due to the formulated problem includes day-ahead
prediction and the amount of battery charge/discharge
and sharing scheduling stage, it is hard to solve such
a problem directly.

o To address the formulated problem, we decompose it into
two-stage: Day-ahead prediction stage and optimization
stage. For the first stage, an intelligent energy prediction
model based on long short-term memory (LSTM) is pro-
posed. In the second stage, particle swarm optimization
based method is proposed to get the best amount of
battery charge or discharge and best quantity of energy
sharing such that to solve the minimization problem of
non-renewable energy.

o Finally, the proposed LSTM model is better than the
ARIMA model with 0.1599 of mean squared error
(MSE), 0.40 of root-mean-square error (RMSE) and
only several minutes of total training time. Scheduling
of battery charge/discharge and energy sharing of each
household shows a significant performance gain, in which
the total energy generation can fulfill all the energy
demands of one prosumer community.

The rest of the paper is organized as follows. Section II
presents the system model and its problem formulation. A
detail discussion of the proposed solution approaches are given
in Section III. The performance analysis is provided in Section
IV, and lastly, Section V concludes this paper.

II. SYSTEM MODEL AND PROBLEM FORMULATION

This section describes the proposed system model for the
prosumer community and the related formulation. The detailed
behaviors such as energy sharing, battery charge or discharge,
etc., are also depicted in this section.

A. System Model

The community model is showed as seen in Fig. 1. This in-
cludes power supplier and operator of the power grid, multiple
households, and their connections. Besides, one household has
a solar panel with a battery as the energy storage system, a
smart meter (e.g., Linky [9]) and various energy consumption
appliances such as refrigerator, lighting, washing machine and
the forth.

In this model, on the one hand, the role of smart meter is
to record the energy consumption and provide information to

TABLE I
LIST OF NOTATION

Symbol Meaning
P‘,il(t) Energy demand of each household at time slot ¢
P (t) Energy generation of each household at time slot ¢
P3(t) Amount of each household energy sharing at time slot ¢
Py (t) Amount of each household energy receiving at time slot ¢
PZ’C(t) Charge into battery of each household at time slot ¢
PZ’d(t) Discharge from battery of each household at time slot ¢
P;’L’S(t) Battery state of each household at time slot ¢
Py (t) Non-renewable energy using by each household at time slot ¢
PL(t) Load in per unit time for each household
Py(t) Energy can be used in per unit time for each household
Aino Efficiency of inverter
Ae Efficiency of charge
Ad Efficiency of discharge
bmin Minimum amount of energy saved in battery
bmax Maximum battery capacity

4 Power supplier
& grid operator
—

Fig. 1. System Model

the power supplier and grid operator. On the other hand, it
can communicate with the home energy management system
(HMS). We assume all of the appliances are connected to the
HMS through wired or wireless connections (e.g, Power Line
Communication, Zigbee) [10].

When the generation exceeds the demand, the battery in this
model will be used to save surplus energy. Notably, we assume
that DC/AC inverter is already deployed in HMS. When the
energy is used for load consumption, the inverter is needed by
each household to convert energy type from DC to AC with
an efficiency. However, the energy can be directly used when
it is used for charging battery [1].

In this model, we consider a prosumer community that
consists of a set of households H = {1,2,...,H} and
each household has a set of the load that is defined as
L ={1,2,...,L}. We also consider a discrete time intervals
T ={1,2,...,T} and each time slot ¢ € T is considered as
one hour duration [8]. The details of other symbols in this
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paper are depicted in Table 1.

In the case of the frequently used battery, the self-discharge
rate can be ignored every month without any significant errors
[11]. Therefore, this work only considers the charge and
discharge process. Based on these two processes, a binary
decision variable B is needed and its definition is shown as

follows:
B 1, if charge into battery )
"1 0, if discharge from battery,
where B = 1 if the battery charge process occurs, and 0,
otherwise.

The amount of energy that saved in the battery PZ’S at next
time slot can be defined as follows [1],
B(P}® () + AinoAPY(1)), if B =1,
t)

b,s Pbl’d
(1-B)(Py* (1) — 3

2

PZ’S(tJrl)_{

), otherwise.

where \;,4, Ac and Ay is energy efficiency of inverter, battery
charge, and discharge, respectively. PZ;L’S indicates the amount
of energy that saved in the battery, PZ’C is the energy used for
charge and PZ’d is the energy from discharge process at time
slot ¢.

The total battery energy FE, at time slot ¢ within the

community is represented by,
Ey(t) = Synen PY(1). 3)

We define P;/ is the amount of energy generation of
household A at time slot ¢. Thus, the total amount of energy
generation for all the prosumers in the community is deter-
mined as follows:

Ey(t) = Svnheu P (t). 4)

Energy is preferentially considered for use by individuals.
Therefore, energy sharing occurs only when individuals have
excess energy. Conversely, it is necessary to receive energy
from other households and/or from traditional energy provided
by the power supplier for this household. Additionally, we
consider each household in one community is very near each
other. Hence, the line loss is ignored in this paper like [12].

For household h, Pﬁl is defined as total load at time slot ¢,
PZ represents energy demand, Pj is the shared energy and
P¢ is the amount of energy used for charge into battery at
time slot ¢. Therefore, the load at time slot ¢ for household h
is represented as follows:

Pi(t) = Pi(t) + P5(t) + Pye(t). (5)

Besides, for household h, we define PZ is the amount of
energy generation, P} is the received energy and PZ’C is the
amount of energy discharged from the battery at time slot ¢.
Hence, the energy can be used at time slot ¢ for household h
is represented as below:

P (t) = Ainw * PL(1) + Py (1) + P2 (). (6)

Therefore, the non-renewable energy usage of household A at
time slot ¢ can be given as follows:

Pn(t> —_ Pﬁz(t) - Pﬁ(t), if P%(t) > PZ(t)
h 0, otherwise.

B. Problem Formulation of Prosumer Community Energy
Scheduling

The objective of this work is to minimize the usage of non-
renewable energy of the entire community through scheduling
the energy sharing and battery charge/discharge. The problem
formulation is as follows:

(7

min YvheaSvierPh(1), ®)

Pj (t),Pye(t),Pye(t)
s.t. 0 < Ninw, Ad, Ae < 1, (8a)

. P2t
EVheH(l_B)(PZ’ (t)—hi()) > Yvhe Hbmin, (8b)
)\inv * Ad

Svnen B(PY (£)+ Xino APy (1) < Svhe rbmas,  (8¢)
Yvnhe P} () < Ninw * (Eg(t)+Aa * Ey(t)), (8d)
Be{0,1},t e T. (8e)

In problem (8), (8a) is the constraint that illustrates the
efficiency of inverter, battery charge and discharge are in the
range of [0,1]. Constraint (8b) enables the total remaining
energy not less than the total minimum battery state of the
entire community when battery discharge occurs. Constraint
(8c) ensures that after charging, the energy saved in the battery
of the entire community is not greater than the maximum
battery capacity. The variable B in constraint (8b) and (8c)
takes decision regarding whether it is charge or discharge
process. Notably, constraints (8d) determines that the amount
of energy that can be shared no greater than the aggregate of
energy from solar generation and battery with the efficiency of
the inverter. Finally, constraint (8¢) defines the binary decision
variable.

III. SOLUTION WITH LSTM AND SWARM INTELLIGENCE

The system model and problem formulation for minimizing
non-renewable energy usage through energy sharing schedul-
ing in the P2P prosumer community are proposed in Section
II. To devise the solution of the formulated problem, we
decompose it into the day-ahead prediction and optimization
stage. Accordingly, we introduce long short term memory for
energy demand prediction and swarm intelligence for energy
sharing scheduling with considering battery storage of the next
day in this section, as shown in Fig. 2.

A. Energy Demand Forecasting via Long Short Term Memory

Long short term memory network (LSTM) is a kind of
optimized version of RNN which is able to handle time series
problem by sequence-based model [13] [14]. Through LSTM,
the difficulty of learning long-range dependencies with RNN
due to gradient vanishing or exploding problems are solved.
Therefore, we use LSTM to forecast the day-ahead energy
demand. The related process is showed in Fig. 2 prediction
stage.
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Fig. 2. Solution with LSTM and Swarm Intelligence

In this stage, we firstly preprocess the original data into
the matrix format. Secondly, we use min-max normalization
to scale the range of the preprocessed data into [0,1] by the
following formula.

t
X} = Sh Tmin_ ©)
Tmax — Tmin
where 2 is the original energy consumption data of house-
hold A at time slot ¢, X,tL is the normalized value, x,,;, 1S
the minimum and x,,,, iS the maximum amount of energy
demand in all time intervals.

Then we divide the data into a training dataset and test
dataset. Based on these datasets, we adopt the LSTM as the
solution for the day-ahead energy demand forecast. Lastly, we
rescale the predict data by using the formula as below,

t
(Xh - Xmin)(xmaz - mmin)
Xmaa: - Xmln
Where X,,,;,, is the minimum and X, is the maximum value

of the predicted data before rescaling. Y} is the real forecast
of day-ahead energy demand of household & at time slot ¢.

)/}f = Tmin + (10)

B. Optimization with Swarm Intelligence

In Fig. 2 optimization stage, particle swarm optimization
(PSO) is used. It is a population-based technique introduced by
Kennedy and Eberhart in 1995, which gets the best performing
particles (global best) and location (personal best) by allowing
particles to fly around the solution space [15].

Initially, particles are placed randomly in the solution space
and then get the optima by flying around. The movements
are affected by the histories and other particles [16]. In
each iteration, each particle will be updated by following the
personal best (pb) and the global best (gb). All particles will
eventually settle at and around the optima.

Algorithm 1 Swarm Intelligence (Global best)
Input

w, €1, C2, /\in’z)a )\da )\m bminy bmnma
partical Num, MAX_ITERATIONS,
Demand, Generation
Output: X*

1: Step 1: Initialization

2: Randomly assign initial state of battery

3: for each time slot ¢ do

4:  for each particle ¢ do

5: generate random value P; that satisfies (8d)
6: generate random value Pf that satisfies (8c)
7: generate random value Ptd that satisfies (8b)
8: initialize personal best: pb;

9:  end for

10:  get global best: gbest

11: end for

12: Step 2: Iteration

13: repeat

14:  for each time slot ¢ do

15: for each particle i do

16: using eq. (8): F(x;)

17: if F(x;) < F(pb;) then

18: pb,’ =T;

19: end if

20: if F'(pb;) < F(gbest) then

21: gbest = pb;

22: end if

23: end for

24: for each particle ¢ do

25: update its velocity (11) and its position (12)
26: end for

27:  end for
28:  wt=uat+1
29: until it > MAX ITERATIONS

The movement of particle is illustrated by its position P =
{1,2,..., P} and its speed V = {1,2,...,V}. And it can be
represented as following equations.

Vit = wVi+er()(pb; — pi) + c2r()(gb; — pi)-
P — pt 4yt

(1)
12)

Where w is the inertia factor, c;, co are weighting factors that
determine the best position of both personal and global, and
() is a uniform random value within [0,1].

As for the performance of PSO, it is determined by eval-
uating the fitness function F'(). In this research, we define
the objective (8) as the fitness function. The observation for
each time slot ¢ is denoted by X; = {P$, P¢, P¢}, which
means the total amount of energy sharing, battery charge,
and discharge of the entire community. The detail process is
showed in Algorithm 1.

In Algorithm 1, we input the predicted energy demand
data from the previous stage, solar generation data, maximum
number of iterations, number of particles, minimum and
maximum capacity of battery, efficiency of inverter/battery
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TABLE II
PARAMETERS OF LSTM

Parameter Value
Hidden layer 2
Neurons 32

Learning rate 0.001
Batch size 32
Look back 24

charge/discharge and coefficients of PSO, aims to get optimal
X, at each time slot. Lines 1 to 11 show the initialization
step, in which we generate random value of X, that satisfies
(8b), (8c), (8d) for each particle per time slot. Then we get
the initial personal best of each particle and global best of all
particles. Lines 12 to 29 show the iteration step. In this step,
the velocity and position will be updated in each iteration by
(11) and (12), respectively. Based on the new position, if better
fitness value appears, the personal best or global best will be
updated. Finally, the global best will be the solution after all
iterations.

IV. PERFORMANCE EVALUATION

The proposed LSTM and PSO joint approach is imple-
mented on the python platform. To achieve the objective of this
paper, two well-known datasets [17] [18] are used, where [17]
is the solar panel dataset used as renewable energy generation
and demand of 17 households that selected from [18] will be
used in hourly day-ahead demand prediction via LSTM. Based
on the generation data and predicted demand, we use PSO to
do optimization.

A. Evaluation of LSTM

For the energy demand forecast, we use LSTM and the
detailed parameters are shown in Table II. Here, two layers
LSTM with 32 neurons for each hidden layer, and the look
back state set to 24 hours is adopted. And also, the learning
rate is 0.001 and batch size is set to 32. Furthermore, one-year
data from [18] is divided into two parts, data from January to
August as the training dataset and September to December
as test dataset, in the preprocessing stage. First, we use eight
months training dataset to train the model. Second, based on
that model, we use test data to get the day-ahead demand
prediction. In the case of comparison, ARIMA is selected
because it is widely and also powerful in time series prediction.
From Table III, it can be seen that the mean square error
(MSE) of the LSTM model is 0.1599 and the root mean square
error (RMSE) is 0.40, while the related values of ARIMA
model are 0.652 and 0.81, respectively. Therefore, the LSTM
model gains higher accuracy than the ARIMA model since it
has lower MSE and RMSE.

Fig. 3 shows one week’s forecast data based on LSTM
and ARIMA, respectively. These data are selected from the
prediction results of the test dataset. In this figure, it can
be seen that LSTM based test dataset forecast gains higher
accuracy than ARIMA. Besides, it costs more than 20 hours

TABLE III
COMPARISON BETWEEN LSTM AND ARIMA
Demand Forecast Model MSE RMSE
ARIMA 0.652 0.81
LSTM 0.1599 0.40

16 - — Original Data
LSTM Prediction
= ARIMA Prediction

Energy Demand(KWh)
©

[) 50 100 150 200 %0 300 350 400
Number of Data

Fig. 3. Test Dataset Energy Demand Prediction by LSTM and ARIMA

for predicting four months of data with the ARIMA model,
while the LSTM model only takes several minutes in the
same environment. Accordingly, LSTM has better superiority
compared with the ARIMA model.

B. Optimization based on PSO

TABLE IV
PARAMETERS FOR OPTIMIZATION
Parameter Value
Ac 0.958
Ad 0.958
bmaa 13.5 KWh
M —e~ Load before optimization
! + Generation before optimization
! -#- Load after optimization
4000 1 -®- Generation after optimization
A
_ R A
£ oo | B B
o )
5 / o \
2 2000 it \
I \ N
A \ A S AN
1000 i 4’,"\‘ ! S . S\ L3
,’l Vd NS ¢ A
A/ * e R
. hzk:t:a.-.—---t.:-:"'A i - N

Hour

Fig. 4. PSO Optimization

The related parameters of the energy scheduling used in this
paper are shown in Table IV, the same as [19]. In the previous
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Fig. 5. Related Parameters scheduled by PSO

stage, we have used LSTM to predict hourly based demand
and the output will be used as the input of PSO optimization
in this stage. The proposed approach can be adapted to every
future day, but we only randomly select a day for a case study.

Fig. 4 describes total energy load and solar generation of
a specified community before scheduling without considering
battery storage and energy sharing. And also, it shows load
and generation after scheduling the battery and sharing. In
this figure, it illustrates that from 0:00 to around 7:00 and
after 20:00, solar generation tends to be zero before schedul-
ing. However, during this period, the energy is still being
consumed. Besides, solar generation is much greater than
energy consumption at other times. Namely, energy usage and
generation are in an uneven state. As a consequence, it is
important and necessary to do energy scheduling to achieve
the goal of using the least amount of non-renewable energy.
Therefore, PSO optimization is used and after optimization, it
becomes able to reach the energy balance of the community
by scheduling the battery charge/discharge and sharing process
of each household. That is, the solar generation can fulfill
the usage of energy in every hour with optimization of the
proposed method. Specifically, through the PSO optimization,
the total usage of non-renewable energy of the community has
been reduced by approximately 814.375 KWh.

Fig. 5 shows the total amount of energy that can be used
for energy sharing, battery charge, and discharge at each time
slot of the entire community. It can be seen that energy can be
used for sharing at around 9:00 to 18:00 is larger than other
times. This is because solar energy is mainly generated during
this time.

V. CONCLUSION AND FUTURE WORK

In this research, we formulated the minimization problem
of non-renewable energy usage. To handle this problem, we
proposed a joint approach based on LSTM and swarm in-
telligence with the consideration of battery and P2P sharing
process within a community such that to improve the unbal-
ance between load and solar generation. In the performance
evaluation section, the prediction method based on the LSTM
outperform ARIMA model by reaching the higher accuracy
and better performance in time-consuming problem of model
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training. In the optimization stage, the total generation can
satisfy the total requirements of the specified community with
PSO. In the future, we will consider the energy scheduling of
multiple communities and the benefit of each household.

REFERENCES

[1] M. Pilz and L. Al-Fagih, “Selfish Energy Sharing in Prosumer Com-
munities: A Demand-Side Management Concept,” arXiv:1905.04996
[eess.SP], May 2019.

[2] A. D. Paola, D. Angeli and G. Strbac, “Price-Based Schemes for
Distributed Coordination of Flexible Demand in the Electricity Market,”
in IEEE Transactions on Smart Grid, vol. 8, pp. 3104-3116, May 2017.

[3] A. Paudel, K. Chaudhari, C. Long and H. B. Gooi, “Peer-to-Peer Energy
Trading in a Prosumer-Based Community Microgrid: A Game-Theoretic
Model,” in IEEE Transactions on Industrial Electronics, vol. 66, pp.
6087-6097, October 2018.

[4] L. Han, T. Morstyn and M. McCulloch, “Incentivizing Prosumer Coali-
tions With Energy Management Using Cooperative Game Theory,”in
IEEE Transactions on Power Systems, vol. 34, pp. 303-313, July 2018.

[51 J. Schmidhuber,“Deep Learning in Neural Networks: An Overview,”
arXiv:1404.7828 [cs.NE], vol 61, pp. 85-117, January 2015.

[6] K. Amarasinghe, D. L. Marino and M. Manic, “Deep Neural Networks
for Energy Load Forecasting,” 2017 IEEE 26th International Symposium
on Industrial Electronics (ISIE), June 2017.

[7]1 C. Heghedus, A. Chakravorty and C. Rong, “Energy Load Forecasting
Using Deep Learning,” 2018 IEEE International Conference on Energy
Internet (ICEI), May 2018.

[8] M. S. Munir and C. S. Hong, “Meta-Reinforcement Learning for Proac-
tive Energy Demand Scheduling in Smart City with Edge Computing”,
Korea Software Congress 2018, pp. 495-497, December 2018 (in Korea).

[9] Online: “Linky, the communicating meter,” Available:

https://www.enedis.fr/linky-communicating-meter.

S. A. Zahr, E. A. Doumith and P. Forestier, “Advanced Demand Re-

sponse Considering Modular and Deferrable Loads Under Time-Variable

Rates,” 2017 IEEE Global Communications Conference, December

2017.

M. Chen and G. A. Rincon-Mora, “Accurate Electrical Battery Model

Capable of Predicting Runtime and IV Performance,” in IEEE Transac-

tions on Energy Conversion, vol. 21, pp. 504-511, June 2006.

Borislava Spasova, Daisuke Kawamoto and Yoshiyasu Takefuji, “Energy

exchange strategy for local energy markets with heterogenous renewable

sources”, 2018 IEEE International Conference on Environment and

Electrical Engineering and 2018 IEEE Industrial and Commercial

Power Systems Europe (EEEIC / I&CPS Europe), pp. 1-6, June 2018.

M. S. Munir, S. F. Abedin, M. G. R. Alam, D. H. Kim and C. S. Hong,

“RNN based Energy Demand Prediction for Smart-Home in Smart-Grid

Framework,” Korea Software Congress 2017, pp. 437-439, December

2017 (in Korea).

W. Kong, Z. Y. Dong, Y. Jia, D. J. Hill, Y. Xu and Y. Zhang, “Short-

Term Residential Load Forecasting Based on LSTM Recurrent Neural

Network,” in IEEE Transactions on Smart Grid, vol. 10, no. 1, pp. 841-

851, January 2019.

[15] J. Kennedy and R. Eberhart, “Particle swarm optimization,” Proceedings

of ICNN’95 - International Conference on Neural Networks, pp. 1942-

1948, 1995.

M. A. A. Pedrasa, T. D. Spooner and I. F. MacGill, “Scheduling of

Demand Side Resources Using Binary Particle Swarm Optimization,”

in IEEE Transactions on Power Systems, vol. 24, no. 3, pp. 1173-1181,

August 2009.

Online: “Solar panel dataset”, UMassTraceRepository:

http://traces.cs.umass.edu/index.php/Smart/Smart,  (visited on 19

July, 2019).

Online: “USA_LA_* RESIDENTIAL_LOAD_DATA_E_PLUS_*,

https://openei.org/datasets/files/961/pub/, (visited on 4 July, 2019).

M. Pilz and L. Al-Fagih, “A Dynamic Game Approach for Demand-

Side Management: Scheduling Energy Storage with Forecasting Errors,”

Journal of Dynamic Games and Applications, April 2019.

[10]

(11]

[12]

[13]

[14]

[16]

[17]

[18]

[19]

Authorized licensed use limited to: Kyunghee Univ. Downloaded on June 02,2020 at 07:48:44 UTC from IEEE Xplore. Restrictions apply.



