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Abstract—The Renewable Energy Resources (RERs) are
advantageous in decreasing the carbon emission and energy
bill of the users by empowering them to produce their own
green energy. However, energy users are not able to
sufficiently take paybacks from the RERs without advanced
technologies. With the advent of Smart Grids, the potential
benefits of RERs and dynamic pricing schemes can be fully
exploited. Nonetheless, the big issue is the precise prediction of
produced energy by RERs. In current work, we propose an
efficient framework which is based on the integration of RERs
in a smart community. This framework will be helpful and can
be applied for energy management at a community level. We
applied the Artificial Neural Network (ANN) model for precise
and accurate prediction of produced energy by RERs.
Moreover, the considered smart community consists of eighty
smart homes and it is also assumed that every consumer has
installed RERs including solar panels and wind turbine. Our
obtained results show that our proposed framework is suitable
for decreasing the energy bill of the smart community.
Numerical results indicate that the energy cost of the end
customer is reduced by 35 % by installing RERs in smart
homes.

Index Terms—Renewable energy integration; Smart home;
Energy management; Smart community; Smart grid; Home
energy management.

I. INTRODUCTION

The future Smart Grids (SG) will undoubtedly consist of
numerous technologies offering a significant enhancement
in the current power systems, which will consequently help
in the reduction of the electricity costs and make
environment cleaner. The two-way information flow along
with interpretability between smart homes has come up with
opportunity to optimize power consumption, and
concurrently enhance operation of the power system [1]-[3].

The diminishing assets of fossil fuels, the hiking social
campaign for green energy, the climate change and the
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environmental pollution are the main factors for integrating
Renewable Energy Resources (RERs) in the power systems.
The wind energy, solar energy and the energy from other
renewable resources are reliant on the weather conditions
which is highly variable both in short term and long term.
The high variation in the generated energy through RERs
will result in solid fluctuations.

Therefore, accurate and reliable forecasting model are
essential for precisely predicting the generated energy
through RERs. Such reliable and accurate models will also
help in the smooth incorporation of large quantity of
renewable energy into the power systems. The growing
dissemination of RERs in the energy systems has resulted in
the concept of microgrids.

The microgrids are expected to play a significant role in
the progression of the SGs [4], [5]. It is expected that the SG
will arise as a network of microgrids [6]. The microgrid is a
combination of power loads, RERs and energy storage units
[7], [8]. From the utility networks point of view, an essential
feature of the microgrid is its controllability through the
single point of common coupling (PCC). The operation of
the microgrid can be switched in two modes i.e. grid-
connected or islanded mode by controlling the state of the
PCC switch.

In islanded mode, the microgrid is restricted and cannot
share the excess generated energy with the external grid. As
is clear from the name, in grid-connected mode, the
microgrid is linked with external grid and can share the
excess generated energy with it [9], [10].

Usually, the RERs including wind turbine and solar
panels are among the inspiring resources for resolving the
global energy crisis and reducing the impact of carbon
emission problems in today’s world. By integrating RERs,
the end customers have the opportunity to manage their
energy demand by generating their own green energy which
will help them in reducing their electricity bill.

Due to countless benefits of the RERs, many advanced
countries in the world have directives for electricity
providing companies to increase the power generation from



wind turbines and solar power plants. For effectively
managing the rising energy demands all over the world, the
researchers from the industry and academia are
concentrating on the challenges of RERs.

The challenges of RERs include their integration into the
power systems, their intermittent nature and the optimal
power flow, etc. Various researchers have focused on the
intermittent nature of electricity generated through RERs
[11], [12]. For effective energy management and planning,
one of the most critical problem is the intermittent nature of
the RERs. The accurate prediction of the wind energy and
solar energy is highly desirable for precisely forecasting the
generated energy through these sources.

But the approximation of the generated energy through
RERs is heavily dependent on the precision of the weather
forecasting model. The precision of the weather forecasting
model is dependent on various features such as temperature,
pressure, humidity, wind speed and its time-lag. The
extremely random variations of the wind speed inclined by:
atmospheric circumstances; terrain; weather etc., result in
complications for accurate predictions irrespective of
whether it is long-term or short-term forecasting [12]. The
wind speed and the temperature can be accurately forecasted
by applying Deep Neural Network (DNN), Artificial Neural
Network (ANN), Long Short-Term Memory Network
(LSTM) etc. on long historical collected data [13]-[15].

In this work, we consider the integration of RERs in a
residential smart community that consists of eighty smart
homes. Each home is equipped with RERs in the form of
wind turbine and solar panel. The aim of this work is to
evaluate its impact on the electricity cost reduction of the
consumer. The main contributions of this work are given
below:

— This work efficiently integrates the RERs for greener

energy generation in a smart community.

— We formulate the prediction of temperature and

weather forecasting problem for approximating the

generated energy through RERs.

— Through accurately forecasted wind speed and

temperature, the electricity consumption of a smart

community has been managed according to power
generation.

— Through various simulations, we evaluated the impact

of integrating RERs on the electricity cost reduction of

the smart community.

The rest of the paper is structured as follows. The related
work is presented in the next section. The details of the
proposed system model are provided in Section III. The
simulation results along with discussions are presented in
Section IV. Finally, the contributions of our work are
concluded in Section V.

II. RELATED WORK

In the last few years, many researchers have dedicated
their efforts to solving the issues of global energy crises. In
the current section of our manuscript, some of the relevant
research studies are discussed.

The incorporation of RERs in traditional power systems
for fulfilling the energy requirement has been explored by
the authors in [16]. They proposed to handle the uncertainty

of RERs by virtualization and validated their method by
performing real time experiments.

In [17], the authors explored a hybrid model for
estimating the generated solar energy. Their model is based
on a combination of neural network and wavelet transform.
The hybrid model was evaluated using the Root Mean
Square Error (RMSE) and Mean Absolute Error (MAE).
The authors validated their proposed model using
simulations as well as a real time system of 5 kW.
Moreover, they compared their results with other state of the
art systems and their suggested model achieved better
efficiency.

In our previous work [18], we proposed a Home Energy
Management System (HEMS) for achieving targeted aims
of reducing electricity cost, decreasing Peak to Average
Ratio (PAR) without compromising on the user comfort. For
effective energy management of the smart home, we
proposed a hybrid algorithm in which we exploited the
search space for achieving optimum results. We considered
the influence of seasons on the considered performance
parameters including PAR, electricity cost and user comfort.

In another work in [19], we designed and evaluated a
demand side management (DSM) scheme for efficient
energy utilization in a smart home. According to this
scheme, the energy consumption patterns of the users is
modified for reducing electricity bill, decreasing PAR but
without compromising the user comfort. Adaptive cuckoo
search (ACS) and elephant herding optimization (EHO) are
applied for scheduling the home appliances. Additionally,
we developed a new method which we named as hybrid
elephant adaptive cuckoo (HEAC). The HEAC uses the
features of both ACS and EHO. We achieved better results
for HEAC as compared to ACS and EHO.

In our work in [20], we proposed a genetic harmony
search algorithm (GHSA) based HEMS for reducing
electricity cost and PAR but without compromising user
comfort. We considered critical peak pricing (CPP) and
real-time electricity pricing (RTEP) tariffs. Through our
extensive simulation results, we proved that our proposed
HEMS performed better than the existing algorithms in
terms of the considered performance parameters including
PAR, cost reduction and maximizing customer comfort.

Recently in [21], we proposed a support vector quantile
regression based short-term load probability density
prediction method. We performed a comparison between
three kernel functions including Gaussian kernel, the linear
kernel and polynomial kernel. We evaluated the predicted
precision of the power load using data-sets from Singapore.
The performance of the proposed method was compared
with Support Vector Regression and Firefly Algorithm and
we achieved better results. The energy management of
single home and smart building has been explored in [22],
Error! Reference source not found..

The SG will offer substantial improvement by applying
numerous latest technologies in the current power systems.
It will help in achieving potential benefits of RERs and
dynamic pricing schemes by employing the latest
Information and Communication Technologies (ICT). But,
energy management in SG is thought-provoking due to the
fact that RERs generate energy in an indeterministic way. It



is explained in [24] that excess-generation from RERs in
off-peak hours results in the well-known “duck curve”
problem.

The “duck curve” problem results in “under-loaded”
generator unit. The under-loading of the generator unit
influences the individual components of the power system
as well as its overall performance because of imbalance
between generation and demand.

The efficiency of the SG can be guaranteed by
maintaining ample energy balancing between demand and
generation side. The efficiency of the SG is usually
compromised because of the intermittent nature of RERs.
The growing dissemination of RERs and their variable
power generation results in “Duck curve” problem [24].

The integration of Energy Storage System (ESS) in the
power system is an effective tool for improving the
elasticity of the demand side for the alleviation of
disproportion in demand-generation. Recently, in [24], we
considered the radial structure of the distribution grid along
with usually used configuration topology of building
integration with ESS and RERs. We considered a multilevel
Multi Agent System (MAS) optimization framework based
on Particle Swarm Optimization (PSO).

In [24], our aim has been on optimal co-scheduling of
electricity demand and supply resources and we considered
ToU pricing tariff. The MAS structure allows Plug and Play
(PnP) functionality and it controls the RERs adaptively for
accomplishing load balancing. The PnP algorithm
deactivates/activates the ESS to balance energy mismatch
during the off-peak and peak hours. The excess energy
generated by RERs is stored in ESS and this stored energy
is retrieved/used in suitable time for meeting local demand.
Through heavy simulation, we proved that the proposed
MAS helped to maintain load balancing without
compromising the user comfort.

In the current work, we considered the same topology
configuration of integration of RERs in the power systems.
The aim is to determine the impact of integration of RERs
on the cost reduction of electricity of a smart residential
community.

III. THE PROPOSED SYSTEM MODEL

In current work, a SG model for a smart community
having almost similar energy needs is assumed. Every
customer has installed smart meter for real time pricing and
load demand exchange purposes. Additionally, the
bidirectional communication between the utility company
and customers is also assumed.

At all times, it is intentional to reduce the bill of the
energy-users without compromising on the comfort level.
Integrating RERs in the smart homes, assists in decreasing
the energy cost. It also helps in balancing the demand-
generation mismatch. Incorporating RER in smart homes
also assists in sustaining satisfactory user comfort and
satisfying the energy needs of the users.

Occasionally, during off-peak hours, the energy produced
by RERs is higher than the energy demand of the user. The
consequences of this are an imbalance in demand and
generation. The concern of the mismatch between the
production and demand is the main cause for the “duck

curve” issue [24].

The framework of the considered SG is presented in
Fig. 1. As can be seen in Fig. 1 that both the RER and ESS
are incorporated in the SG framework. The ESS is added for
mitigating the effect of the “duck curve” issue. Recently in
[24], we have proposed and evaluated load balancing
methods and techniques for user comfort management.

We assumed the Time of Use (ToU) energy tariff for
calculating the cost of the electricity consumed [1]. The
ToU pricing tariff is presented in Fig. 2. The twenty-four-
hour time period is assumed.
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Fig. 1. The Proposed Smart Grid Framework.

The ANN model is applied for forecasting wind speed
and the temperature. The forecasted temperature and wind
speed are used for approximating the harvested solar and
wind energy, respectively. The Fig. 3 shows the
implemented ANN based prediction model that is used in
this work.
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Fig. 2. The applied Time of Use (ToU) pricing tariff.

Figure 4 discloses the relationship between the energy
produced and the temperature of the solar cell. It is evident
from Fig. 3 that the electricity produced by the solar panel is
increased with the increase in temperature of the solar cells.
The reason behind this is that the power produced by solar
cells is reliant on the temperature. We have retrieved the
data from [25] and used it for approximating the produced
power using (1). The equation (1) is borrowed from our
recent work Error! Reference source not found.

1
PP =PV AP - Irr - (1—-—— (T, - 25)). 1
=0 7 ( 200(1 ) (1)

The hourly produced power from the solar cell is



represented by P”". The area and efficiency of the solar

cells are denoted by A”” and n?" respectively. The solar

irradiance is denoted by /rr and hourly temperature is
denoted by 7.
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Fig. 3. The Implemented ANN model for weather prediction.
0.7 T . 35
¥ % - Generated Solar Power
+ -+ Temperature
06 * + 130
¥k
. + *
= 05F * —25
= :
- +
g ; * )
Lo4r ¥ 120 ¢
= ] L _;
3 8
2] . [}
T 03[ * 115 &
2L @
o e Q
[}
5 b4
03 |- E 4
o 0.2 ;] 10
: * ot
0.1 B +. 15
g 4ok
Fo +
0 L4k ‘ : F—h—h—h—k——*— 0
0 5 10 15 20 25
Time (hours)

Fig. 4. The relationship between solar irradiance and generated power.

Figure 5 discloses the relationship between the power
produced and the wind speed of the wind turbine.
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Fig. 5. The electricity generated by the wind turbine.

It is evident from Fig. 4 that the electricity produced by
the wind turbine is increasing with the increase in the rotor’s

wind speed. The reason is that electricity production from
the wind turbine is deeply reliant on the wind speed. The
electricity production from the wind turbine is calculated by
implementing (2) from our recent work Error! Reference
source not found.

B =2Cydep A0 @)

In (2), the produced electricity from the wind turbine is
denoted by tht and the C, is the power coefficient. The

produced electricity from the wind turbine is also dependent
on-air density p, the area swept by rooter blades A and

wind speed V"' .

IV. RESULTS AND DISCUSSIONS

In this section, the results are presented and are discussed
in detail. A smart residential community consisting of eighty
homes as the consumer of the electricity is considered. It is
assumed that every smart home has installed its own RER
i.e.,, wind turbine and solar energy. Moreover, for
simulations, we have used Windows-based Computer
System Intel Core i5, having 8 GB of RAM.

Every user consumes its own generated energy from RER
and the deficit energy is purchased from the commercial
grid. If in any hour, there is excess energy generated by
RERs, then it will be stored in the ESS for later use. The
combined electricity demand of the considered smart
community consisting of eighty homes is presented in Fig.
6. There are three peak periods i.e. early morning, lunch and
evening time.
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Fig. 6. The electricity demand of the smart community.

Figure 7 displays the electricity demand, the produced
electricity using RERs and the purchased electricity. During
off-peak hours, it can be perceived that the electricity need
can be satisfied by the power produced from RERs. It means
that the user will not need to purchase electricity from the
utility company in the off-peak hours. But in the peak hours,
the unmet power need of the user will be purchased from
the electricity company. During off-peak hours, we can see
that electricity produced by RERs is more than the demand.
The excess energy can be saved in the ESS and can be used



in the later hours.
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Fig. 7. The electricity generated by RERs and its demand.

Figure 8 displays the per hour cost of different
components including the total cost, the total saving
delivered by the RERs and the total cost of the energy
purchased from the electricity company. During off-peak
hours, we can observe that the power demand is satisfied by
the RERs and hence the user will not pay any cost. But
during peak hours, the unmet demand of the power is
purchased from the utility company, which the user needs to

pay.
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Fig. 8. The hourly cost of the various components of the electricity.

Figure 9 displays the various components of the
electricity i.e. the total cost without RER, the saving
delivered by RERs and the cost of the electricity purchased
from the electricity providing company.
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Fig. 9. The cost of the various components of the electricity.

We can see that reasonable saving can be achieved by
installing RERs. This will result in a significant reduction in
the cost of the electricity purchased from the utility
company. Figure 8 shows that the electricity cost of the end
customer is reduced by 35 % by installing RERs in smart
homes.

V. CONCLUSIONS

In current work, we proposed and assessed an efficient
framework based on the incorporation of RERs for energy
management in a smart residential community.
Occasionally, the energy produced by RERs is extra than
the energy needed by the user and the consequence of this is
the mismatch in demand and production. This mismatch
results in the well-known problem of “duck curve”. We
assumed a residential smart community comprising of 80
smart homes. Furthermore, every smart home is assumed to
have installed RERs in the form of solar panels and wind
turbine. Simulation results show that the proposed
framework is appropriate for both predicting the energy
produced through RERs as well as for reducing the
electricity cost of the end customers. Moreover, when RERs
are integrated in a smart community, definitely load burden
on commercial grid is also reduced. Our obtained results
indicate that the electricity cost of the end user is reduced by
35 % by installing RERs in the smart homes.

In the future, we will implement multi-headed
convolutional neural network model for accurate energy
prediction in a smart community.
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