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Abstract—Power system resiliency and robustness became
major concerns of the system operators and researchers after
the introduction of the smart grid concept. The improvements
in the battery storage systems (BSS) and the photovoltaic (PV)
systems encourage power systems operators to enable the use
of those systems in resiliency and robustness studies. Utilization
of those systems not only contributes to the robustness of the
power systems but also decrease the operational costs. There are
several methods in literature to operate the grid systems with
partitions of PV and BSS in the most economical way. Although
these methods are straightforward and work fine, they can not
guarantee the most economical result on a daily basis. In this
paper, deep learning based PV generation and load forecasts are
used to improve the results of optimization in terms of economic
aspects in nano-grid applications. In the considered system,
there are loads, PV generation units, BSS and grid connection.
Bi-directional power flow is permitted between the main grid
and the nano-grid system. The forecasting methodologies and
used optimization algorithms will be explained in this paper.

Keywords—smart grids, demand-side management, forecasting,
mathematical programming, recurrent neural networks

I. INTRODUCTION

Transmission operators were used to utilize hydro and
thermal power plants for electric power generation. However,
nowadays with the help of social awareness about the environ-
ment, the penetration of wind and solar energy has accelerated
[1]. Moreover, the use of home type battery storage systems
has already started, thanks to the enhancements in the battery
technologies. Although these developments are environment
friendly, they also bring operational challenges to the system
operators, because of decreased system inertia and uncertain
generation characteristics. As a solution of these challenges,
the smart grid concept arises [2].

In general, smart grid can be used for large-scale systems.
In much smaller systems, such as a building with dispatchable

power units and distributed generation units, nanogrid concept
can be used. Demand side management is one of the most
important topics in the smart grid and nanogrid concepts. To
operate the system properly, power consumption is aimed to
be made constant throughout the day by the use of time-of-use
(ToU) tariff, which is one of the most a popular demand-side
management approaches among the distribution companies.
In this work, a demand side management problem for a low
voltage system customer with photovoltaic (PV) and battery
storage systems is considered, as a nanogrid application.

Nanogrid applications help decreasing the CO2 emissions,
but most importantly they are economically advantageous.
By using the renewable sources, especially PV systems at
rooftops, and the battery storage systems (BSS), the operating
cost of the nanogrid can be decreased. In [3] and [4] the
economic optimization of the nanogrid is done for the time
instant at the calculation. In addition, in [3], it is given that,
the use of renewable and load forecasts may increase the
performance of economic optimization of the nanogrid system.

In this paper, it is proposed to use a forecast aided controller
for PV and battery penetrated nanogrid applications. Use of the
proposed method instead of the pre-defined instant operation
scenarios can decrease the operation costs of the nanogrids.
The proposed control strategy utilizes the forecasts of the
PV generation and load demand, which are based on the
long-short-term-memory (LSTM) method. The optimization
problem, which constitutes the control strategy, is formed as
a mixed integer linear programming (MILP) problem.

Organization of the paper is given as follows. In Section II,
the literature review about the topic will be given. In Section
III, the methodology used in optimization and forecast will be
explained. In Section IV, the numerical results will be shown.
Finally, paper will be concluded with Section V.
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II. RELATED WORK

In recent years, thanks to improvements in computer science
and ease at the side of creating and reaching big data, instead
of static strategies, trending topic artificial intelligence starts
to get a role in power optimization approaches. In this area,
mainly artificial neural network (ANN) along with support
vector machine (SVM) approaches are used in recent years.

At the PV forecast side, as an example, in [5] short-term
PV generation is forecasted using support vector regression
(SVR) model with a rational root mean square error of 15.23%.
With the same approach, [6] use also SVR for hour-ahead PV
forecast for 6 kW capacity solar PV with an error of 2.6%.
At the load forecasting side, [7] proposed an ANN-based
method with an accuracy of 99.5%. SVM also used in the
load forecasting side. For example, [8] proposed a parameter
optimization method for SVM on their paper. Certainly, none
of the mentioned works could be compared with this paper
to see how well those methods work in forecasting since
used datasets and cases are different. But they may give an
approach in PV and load forecasting about what kind of
learning methods are commonly used and approximately how
their performances are.

Optimization in the nanogrids can be complicated as they
become more and more complex. Several methodologies and
techniques are used for the optimization of nanogrid structures.
Mainly, the problem definition of the optimization function
should be clearly defined. For example, in [9] the main purpose
of the long-term optimization process is expressed as the
investigation of the effect of battery system’s lifetime to the
regulation market. In [10], the authors try to optimize the
battery lifetime by the use of adaptive dynamic programming.

In the optimization process, chosen optimization technique
plays the most important role. Depending on the system
structure different techniques, such as quadratic programming,
linear programming, etc., can be used. For example, while
in [11] quadratic programming is used for the minimization
problem, in [12] particle swarm optimization technique is
used. However, in these papers, optimal battery operation is
decided not to reduce the long-term cost but to reduce the
instantaneous cost to a minimum.

For different cost functions, different optimization tech-
niques are used in the literature. However, the addition of the
PV generation and load demand forecasts are not given. In this
work, an optimization methodology will be presented which
is enhanced by the use of PV and load forecasts.

III. METHODOLOGY

In this section, the hypothetical nanogrid system will be
presented generically, the problem will be defined and main
flow for the solution approach will be explained in Section
III-A. Later on, forecasting details, chosen parameters and
mathematical optimization model for such a nanogrid system
will be explained under Section III-B and Section III-C,
respectively.

A. Problem Definition

In designed nanogrid universe, such a hypothetical nanogrid
system is chosen as seen in Fig. 1 that has a PV generation
and a battery storage. In this system, pricing of energy from
the grid has a time dependence (ToU tariff), where also selling
energy back to the grid is allowed with a selling price mul-
tiplier m over buying price. PV and battery storage systems
form the DC side of the nanogrid with a switch S1 between
them. With this representation, DC converters of individual
components are not considered for simplicity. In the same way,
grid and load with a switch S2 between them form the AC
side of nanogrid. An inverter with an efficiency η is located
between AC and DC sides. Power flows through the grid, the
PV, the battery and the load are called as PG, PPV , PB , PL

respectively. Moreover, inverter and battery line have power
limitations with the same value which will be indicated as
Imax and Bmax throughout the paper. Since the load demand
and the PV generation can never be negative, they are modeled
as unidirectional power flows. However, depending on the
result of the optimization algorithm, power flows of the battery
and the grid can be either positive or negative. Therefore, in
these flows sign directions are considered as seen in Fig. 1.
Additionally, E indicates stored energy in the battery while
Emax indicates storage capacity. This paper deals with the
challenge of minimization of the cost via power flow planning
utilizing the load and the PV generation forecasts based on
LSTM.

Fig. 1: Nanogrid structure

Structured solution approach has an algorithm flow diagram
as shown in Fig. 2. First of all, bad data in PV generation and
load power datasets are eliminated, in data cleaning step. Then,
those cleaned datasets are divided into two parts as train and
test. LSTM forecast models for both PV and load are set up
and trained with train data. The created models are used to
create forecasts. Then, forecasting performances are measured
in comparison with both ENTSOE’s forecasts and actual test
values to show how well LSTM model fits. Afterward, those
LSTM forecasts are fed into two optimization models, called
as multi-time and single-time strategies and both use MILP
approach. These two models find the most economic power



flows on the nanogrid system with given forecast values. Then
the strategies passed to the mismatch handler with real case
values of PV and load. This part calculates the cost by taking
into account how the nanogrid acts when predicted values do
not match with the actual ones. Output costs are compared in
MILP strategy performance measure. Additionally, to obtain
the impact of LSTM on overall performance, actual test data
is fed into MILP model and the optimal cost is calculated.
Then, this cost is compared to LSTM forecasts based strategies
in terms of economical saving rates and saving optimality
rates (ratios of realized saving to optimal saving) in overall
optimization performance measure part.

Fig. 2: Algorithm flow diagram

B. Forecast

In this part, not only the effect of optimization, but also
the effect of a good forecast is examined. Therefore, this
problem needs a forecast model to predict values of load
and PV generation. In the following subsections, first, general
information about dataset in Section III-B1, then, how LSTM
is applied to the problem in Section III-B2 is going to be
explained.

1) Dataset: In this problem, dataset retrieved from Euro-
pean Network of Transmission System Operators for Elec-
tricity (ENTSO-E) is used. The dataset has the data of one
of the four electric company operates in Germany namely
Amprion GmbH. It covers the load and PV generation of
North Rhine-Westphalia, Rhineland-Palatinate and Saarland
states. Although load data is available from 01.01.2010
to 31.12.2017, PV generation data is only available from
01.04.2011 to 31.12.2017. It consists of 4 quarters for each
hour which results in 96 quarters for each day.

Retrieved data represents the whole country however in this
paper, the forecast and optimization are planned to conduct for
a household. In Germany, each household generates 2600 kWh

PV and consumes 3500 kWh in average. Therefore, values in
the dataset are multiplied with different constants to obtain
these average generation and consumption values.

As in datasets, there are missing and incorrect data, and
therefore some cleaning process is necessary. For the load
dataset, first, negative values is considered as incorrect data
and set to 0 to be able to process later. Second, if the data of
entire day is missing, most correlated data should be copied
back to the missing day. As the data from one week later is
most correlated in terms of seasonality, this particular day is
used to handle missing days. Third and last, since all other
missing data seems as small sensor defect or faulty operation,
they are interpolated linearly. For the PV generation data, all
steps are processed in the same way except the missing day.
Missing days have used the data of consecutive day because
of the high probability of having same weather condition.

For this particular problem, along with load and PV gen-
eration itself, 5 periodic signals are created to simulate hour,
day, week, month and year in order to combine seasonality
with the data.

2) LSTM Model: Recurrent Neural Networks (RNN) are
used in many different areas. They use both the input and their
previously computed data to predict next state. This natural
design makes them a powerful tool for time series forecasts
such as weather, finance and electrical demand forecast. As
in many neural network architectures, RNNs are also using
backpropagation, more specifically backpropagation-through-
time, to update their weights to predict more accurately.
However, they have one major drawback: vanishing gradient.
Constructing a long chain of RNNs causes the vanishing of
the gradient; therefore, the gradient cannot backpropagate to
update earlier weights. To solve this drawback, a special kind
of RNN is invented: Long Short-Term Memory (LSTM).

LSTM consists of 3 gates and 2 state vectors given in (1)
which are forget (ft), input (it), output (ot) gates, cell (ct)
and hidden (ht) state vectors respectively. Besides, xt is the
hidden state of the previous layer or it for the first layer at
time t as σ is the sigmoid function and W s are the weights
of the networks. Forget gate controls what to forget, input
gate decides which values to store in cell state vector, output
gate controls which parts of cell state vector need to output
through hidden state vector. Therefore, these gates specialize
in a particular task. It maintains easier learning process than
a huge feed forward neural network.

it = σ(Wiixt + bii +Whiht−1 + bhi)

ft = σ(Wifxt + bif +Whfht−1 + bhf )

gt = tanh(Wigxt + big +Whcht−1 + bhg)

ot = σ(Wioxt + bio +Whoht−1 + bho)

ct = ft ∗ ct−1 + it ∗ gt
ht = ot ∗ tanh(ct)

(1)

For this problem, one LSTM architecture is costructed for
both load and PV generation forecasts. Nevertheless, these
forecasting problems are considered as separate problems and
therefore two models are trained with this single architecture.



In this architecture, 96 LSTM cells are connected in consec-
utive order. Each cell is responsible to process the mix of
one-quarter data and the output of the previous cell. After
processing, they feed the output to the successive LSTM cell.
When 96 cells are finished, data corresponding to the next
quarter is predicted. The process window slides from time t
to t+1 in order to predict other quarters. In other words, each
new quarter is predicted using the entire data of previous day.

C. Optimization

The choice of the optimization algorithm plays an important
role in the solution of economical operation of nanogrid. The
original structure of this optimization problem is nonlinear.
Nonlinearity in mathematical optimization problems signifi-
cantly increases the computational complexity of the solution
in comparison to linear problems. Thus, in the considered
system, the aging of the battery is excluded from the problem
definition due to its nonlinear nature. However, the optimiza-
tion problem is still not linear but piecewise linear, because
both cost function and the reciprocal inverter efficiency are
piecewise linear. Thankfully, this kind of problems can be
linearized by using just additional linear constraints and binary
decision variables. By this means, for the optimization of the
economic operation of the nanogrid, a MILP methodology is
utilized. In the following parts, first, the detailed structure of
mathematical MILP model in Section III-C1, then, working
principles of applied optimization strategies in Section III-C2
and finally mismatch handler in Section III-C3 will be ex-
plained.

1) MILP Model: Used parameters for the designed
nanogrid are given in Table I. PLn , PPVn and pn are the
sets of parameters for time slot n (for n=1,2,...,N) of duration
T. Besides, pn is used for both Turkey and Germany ToU
tariff prices as in Table II.

Decision variables called as PGn , PBn and En where
n=1,2,...,N show the power flows through the grid and the
battery, and the stored energy in the battery respectively. How-
ever, unsigned (unrestricted in sign) variables PGn and PBn

cause unsigned constraints, and more importantly, unsigned
PGn

leads to piecewise linearity in the objective (cost) function
due to different energy prices while buying and selling energy.
In this case, MILP is not applicable for the problem unless
it is linearized by representing PGn as difference of two
nonnegative decision variables in the form of P+

Gn
− P−

Gn
.

To solve this issue, a binary variable and two extra constraints
are added to the model. Linearity of the problem is preserved
with usage of this kind of transformation. Since the effect of
efficiency of the inverter depends on the direction of inverter
power flow which is denoted by pseudo decision variable σn,
a similar approach to aforementioned transformation is used
to check whether the power flow is from the DC side to the
AC side or vice versa.

The objective function and constraints are provided in (2)
and (3)-(8) respectively, and the MILP model is designed as
follows. The objective function represents the total net cost
which equals to the cumulative sum of spendings due to

TABLE I: Parameters

Parameter Definiton Value
N Number of time slots in optimization process 96
m Price multiplier 0.9
η Inverter efficiency 0.9
T Duration of time slot (h) 0.25

Emax Battery energy storage capacity (kWh) 6
Bmax Battery line power capacity (kW) 3
Imax Inverter power capacity (kW) 3
pn Energy price in slot n (price/kWh)
PLn Load power in slot n (kW)
PPVn PV generation power in slot n (kW)

TABLE II: ToU Tariff for Germany and Turkey

Country Hours Price/kWh
DE 08.00-20.00 27.52 ct.

20.00-08.00 24.31 ct.
TR 06.00-17.00 9.18 ct.

17.00-22.00 14.07 ct.
22.00-06.00 5.71 ct.

bought energy and earnings from sold energy. Thus, to achieve
the optimal result, the objective function must be minimized.

Minimize
N∑

n=1

pn · (P+
Gn
−m · P−

Gn
) · T (2)

Subject to

σ+
n − σ−

n = PPVn
+ P+

Bn
− P−

Bn
(3a)

σ+
n ≤ Imax · z1,n (3b)

σ−
n ≤ Imax · (1− z1,n) (3c)

P+
Gn
− P−

Gn
= PLn − η · σ+

n +
1

η
· σ−

n (3d)

P+
Gn
≤ (PLn

+
1

η
· Imax) · z2,n (4a)

P−
Gn
≤ Imax · (1− z2,n) (4b)

En = En−1 − (P+
Bn
− P−

Bn
) · T (5)

En ≤ Emax (6)

P+
Bn
≤ Bmax · z3,n (7a)

P−
Bn
≤ Bmax · (1− z3,n) (7b)

P+
Gn
, P−

Gn
, P+

Bn
, P−

Bn
, En ≥ 0 (8)

z1,n, z2,n, z3,n ∈ {0, 1} (9)

The first constraint of the system is the efficiency effect of
the inverter. This effect may change depending on the power
flow direction. To represent this nonlinear case, the constraint
set given in (3) is used. Binary variable z1,n is used to check
power flow direction of the inverter. Moreover, the selling price
is calculated by multiplying the actual energy prices by m.
In order to model this effect, the constraint set given in (4),
which enables to write the aforementioned cost function, is
added. To check the power flow direction between the grid
and the load, binary variable z2,n is used. During charge and
discharge operations of the battery, En continuously changes.



The constraint given in (5) updates the En for each time
slot. Another important physical limitation for the battery is
energy storage capacity which has a constraint as given in
(6). Additionally, battery line power limitation is given in (7).
Besides, (8) is used to represent nonnegativity of continuous
decision variables. Lastly, (9) defines the domain of binary
variables z1,n, z2,n and z3,n.

2) Optimization Strategies: Generally, in the existing bat-
tery control strategies, control decisions are taken for the
considered time instant. However, in this work, depending on
how far is planned, two different future planning strategies
namely multi time and single time are used to control the
power flow of nanogrid for economic concerns.

In multi time strategy, decisions are made for the upcoming
day at the beginning of the day using forecast values of the
following 96-time slots. In this strategy, decisions are not
updated during the day again. Unlike the multi time, by single
time strategy, at the beginning of each time slot, forecast values
for upcoming 96-time slots are fed into MILP model. However,
only the decision for the first time slot is applied to the system.
Thereby, in this strategy, decisions are dynamically updated
every 15 minutes during the day.

3) Mismatch Handler: In real time operation, there is a
strategy needed for the cases where forecast and actual gener-
ation and consumption values do not match. In this work, it is
decided to keep battery line power flow as its forecast value
and manage all other power flows accordingly. For example,
if generation is higher than expected the excessive power is
sold back to the grid instead of charging the battery or if the
load is higher than expected the required power is bought from
the grid instead of the battery. In this work battery line power
flow is kept as forecasted since unlike grid, it has a limitation
which could significantly affect the upcoming strategies. To
calculate the realized costs the mismatch handler is used along
with actual and forecasted values of PV generation and load
consumption.

IV. RESULTS

In this section, numerical results of forecasts and optimiza-
tions will be shown and different optimization strategies will
be compared.

In Fig. 3, mean squared error losses for both load and
PV generation throughout the training process can be seen.
Although experiments are conducted with 400 epoch, this
figure shows only first 50 epoch range, since the rate of change
of losses becomes negligible after nearly 50 epochs. When
the training process is finished, the resulting mean squared
error (MSE) and mean absolute error (MAE) performances
are shown in Table III. Furthermore, results of two randomly
selected samples from test dataset will be given in Fig. 4.

After optimization, Table IV is constructed in terms of cost
values and column labels state as follows:

• Tariff : Corresponding country tariff
• Decision Strategy: Used optimization strategy
• System: Type of the nanogrid system
• Forecasted Cost: Cost with forecasted values

Fig. 3: Training and validation losses for load and PV models

TABLE III: Training and Validation Losses

Loss Load Training Load Validation PV Training PV Validation
MSE 5.0877e-3 7.1906e-3 5.8255e-3 6.0386e-3
MAE 7.1328e-2 8.47e-2 7.63e-2 7.77e-2

• Realized Cost: Cost with forecasted values in actual case
• Optimal Cost: Cost with known actual values
• Realized Saving: Saving with forecasted values
• Saving Rate: Ratio of the realized saving to the realized

cost with the bare system
• Optimal Saving: Saving with known actual values
• Optimality Rate: Ratio of the realized saving to the

optimal saving

(a) Load sample
TrainingLoss:0.00509
ValidationLoss:0.00718
Epoch:303

(b) PV sample
TrainingLoss:0.00583
ValidationLoss:0.00607
Epoch:301

Fig. 4: Validation samples

The results in Table IV show that the electrical demand of
a building can be supplied in a more economical way with the
use of PV and BSS along with generation and load forecasts.
According to the Table IV, the forecasts are giving satisfactory
results, which are sufficiently close to the optimal results (over
99% for all cases) calculated by using the actual future data.
Another factor emphasized in Table IV is the frequency of
the use of optimization algorithm. It can be seen that use of
single time strategy is slightly better than the use of multi-
time strategy. However, since dynamically calculating strategy
for every 15 minutes is more costly in terms of time and
processing power, in real time applications multi-time strategy
could be more appropriate.



TABLE IV: Optimization Results

Tariff Decision
Strategy

System Forecasted
Cost

Realized
Cost

Optimal
Cost

Realized
Saving

Saving Rate
(%)

Optimal
Saving

Optimality
Rate (%)

DE Multi Time Bare 912.73 e 912.73 e 912.73 e - - - -
DE Multi Time Battery-only 865.25 e 912.73 e 912.73 e 0.00 e 0.00% 0.00 e -
DE Multi Time PV+Battery 241.42 e 297.83 e 294.48 e 614.90 e 67.37% 618.25 e 99.46%
DE Single Time Bare 912.73 e 912.73 e 912.73 e - - - -
DE Single Time Battery-only 868.71 e 912.73 e 912.73 e 0.00 e 0.00% 0.00 e -
DE Single Time PV+Battery 243.84 e 297.08 e 294.48 e 615.65 e 67.45% 618.25 e 99.58%
TR Multi Time Bare 324.88 e 324.88 e 324.88 e - - - -
TR Multi Time Battery-only 186.83 e 205.60 e 204.77 e 119.27 e 36.71% 120.10 e 99.31%
TR Multi Time PV+Battery -31.57 e -8.59 e -10.10 e 333.47 e 102.65% 334.98 e 99.55%
TR Single Time Bare 324.88 e 324.88 e 324.88 e - - - -
TR Single Time Battery-only 188.38 e 205.74 e 204.77 e 119.14 e 36.67% 120.10 e 99.20%
TR Single Time PV+Battery -30.23 e -8.78 e -10.10 e 333.66 e 102.70% 334.98 e 99.61%

V. CONCLUSION

The proposed method may provide 99.5% optimality rate,
thanks to the forecasted load and PV generation. This conclu-
sion reveals that, usage of BSS with PV unit provides benefits
for both consumers and the grid. Once the numerical results
are considered in detail, it can be seen that in Turkey it is
more possible to benefit from BSS as there are more time
periods in ToU tariff and there exists a high variation among
the related prices compared to Germany. On the other hand, for
Germany sole usage of BSS may be useless since ToU tariff
prices for different time slots are much closer. Germany may
use BSS with PV units at the nanogrid systems to increase the
economic savings. As a result, utilization of PV with BSS in
both Turkey and Germany increases customer benefits.

In order to add the socio-economic factors in the load
forecast, as a future work, national and religious holidays
will be added to the load forecast model, as those determine
power consumption amount and location. A long period having
sinusoids or decision tree approach can be added as a pre-
stage to load forecasting, and LSTM models can be created
for different cases. In addition, weekends and weekdays can
be modeled separately or such a structure that detect and learn
periodicities of different behaviors will also be added. More-
over, the load forecast method will be carried to household
base, which will result in an intermittent load characteristic,
rather than a smooth curve. This situation will result in use of
probabilistic models because of the uncertain intermittencies.
Finally, effect of weather can be added to load forecast [13].

PV generation depends environmental conditions. There-
fore, to enhance the proposed method, we will added weather
forecast into the PV generation forecast part. As in [14], in
which artificial neural network (ANN) model is used for grid-
connected MW range PV systems, the historical beam solar
irradiance and weather data can be integrated to PV forecast.

Finally the optimization problem can be improved to control
bus voltage, as high voltage magnitude disables PV operation
due to the tripping of the inverter system.
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