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Abstract: An MPC controller is proposed to maximise the use of renewable energy in a
manufacturing process. The strategy has been applied in a manufacturing system which has
several machines, renewable generation resources, a combined heat and power (CHP) generator
for power production, and a battery bank for energy storage. The work aims to maximise the use
of renewable energy sources in this process, also taking into account the price of the electricity
market, to reduce the cost. The use of neurofuzzy models for the prediction of the energy
produced by renewable generators allows a dynamic prediction, using input values obtained
from typical forecasting variables (wind speed, global irradiance, etc.).
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1. INTRODUCTION

According to IEA (2022), the latest report of the Inter-
national Energy Association, approximately 41% of global
consumption is due to the industry and their CO2 emis-
sions represent 45% of total direct emissions from end-use
sectors. Although energy optimisation techniques in other
sectors (buildings and micro-grids) are already well known
in the industrial field, a mature technology that takes into
account all aspects involved has not yet been established.

A summary of research on the integration of renewable
energy into manufacturing processes is given in Renna
and Materi (2021). The study concludes that the best
integration is achieved when the problem is addressed
by manipulating demand through replanning manufac-
turing. In Baruwa and Piera (2014), there is a planning
optimisation approach based on a simulation-optimisation
framework that combines evaluation methods (simulation)
and search methods (optimisation). A different approach,
based on particle swarm optimisation integrated into a
neural network, is presented in Islam et al. (2022). Some
research papers that address the problem of integration of
renewable energy in industry within the planning problem
are as follows: in Islam et al. (2018) the focus is on smart
planning to solve the problem of overgeneration of re-
newable energy. In Rodŕıguez-Garćıa et al. (2016); Duarte
et al. (2020), other ways to solve the problem of integrating
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renewables are seen, taking them into account in planning
optimisation. Finally, in Yun et al. (2022) batteries are
introduced into the planning, as a tool to visualise the
improvements that this would entail.

To the best of the authors’ knowledge, no work has pre-
sented a global approach, where the complex nature of
industrial processes is taken into account. A holistic ap-
proach is required to address all the variables that influ-
ence the energy performance of a manufacturing system,
such as the environment, components, material use and
waste minimisation, machines and their maintenance, etc.
Furthermore, no adequate methodology has been applied
to dynamically predict the renewable energy to be gener-
ated using actual and available weather forecast data.

Model-based predictive control (MPC) is well known
in industry (Camacho and Bordons, 2007). There are
good results of MPC in energy management of buildings
(Roshany-Yamchi et al., 2017) and microgrids (Bordons
et al., 2020), but no relevant work has been done for
complete energy management in manufacturing processes.

This paper proposes an MPC to maximise the use of re-
newable energy in a real factory with several machines, re-
newable generation resources, a combined heat and power
(CHP) generator, and a battery bank for energy storage.
In this strategy, predictions of the price of the electricity
market, gas costs, and predictive models of renewable
energy generation are taken into account. The result of the
MPC will give the sequence of manufacturing operations
as well as the operation of the batteries and the CHP.

The rest of the article is organised as follows. Section 2
sets out the optimisation problem to be solved. Section
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(CHP) generator, and a battery bank for energy storage.
In this strategy, predictions of the price of the electricity
market, gas costs, and predictive models of renewable
energy generation are taken into account. The result of the
MPC will give the sequence of manufacturing operations
as well as the operation of the batteries and the CHP.

The rest of the article is organised as follows. Section 2
sets out the optimisation problem to be solved. Section
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1. INTRODUCTION

According to IEA (2022), the latest report of the Inter-
national Energy Association, approximately 41% of global
consumption is due to the industry and their CO2 emis-
sions represent 45% of total direct emissions from end-use
sectors. Although energy optimisation techniques in other
sectors (buildings and micro-grids) are already well known
in the industrial field, a mature technology that takes into
account all aspects involved has not yet been established.

A summary of research on the integration of renewable
energy into manufacturing processes is given in Renna
and Materi (2021). The study concludes that the best
integration is achieved when the problem is addressed
by manipulating demand through replanning manufac-
turing. In Baruwa and Piera (2014), there is a planning
optimisation approach based on a simulation-optimisation
framework that combines evaluation methods (simulation)
and search methods (optimisation). A different approach,
based on particle swarm optimisation integrated into a
neural network, is presented in Islam et al. (2022). Some
research papers that address the problem of integration of
renewable energy in industry within the planning problem
are as follows: in Islam et al. (2018) the focus is on smart
planning to solve the problem of overgeneration of re-
newable energy. In Rodŕıguez-Garćıa et al. (2016); Duarte
et al. (2020), other ways to solve the problem of integrating
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renewables are seen, taking them into account in planning
optimisation. Finally, in Yun et al. (2022) batteries are
introduced into the planning, as a tool to visualise the
improvements that this would entail.

To the best of the authors’ knowledge, no work has pre-
sented a global approach, where the complex nature of
industrial processes is taken into account. A holistic ap-
proach is required to address all the variables that influ-
ence the energy performance of a manufacturing system,
such as the environment, components, material use and
waste minimisation, machines and their maintenance, etc.
Furthermore, no adequate methodology has been applied
to dynamically predict the renewable energy to be gener-
ated using actual and available weather forecast data.

Model-based predictive control (MPC) is well known
in industry (Camacho and Bordons, 2007). There are
good results of MPC in energy management of buildings
(Roshany-Yamchi et al., 2017) and microgrids (Bordons
et al., 2020), but no relevant work has been done for
complete energy management in manufacturing processes.

This paper proposes an MPC to maximise the use of re-
newable energy in a real factory with several machines, re-
newable generation resources, a combined heat and power
(CHP) generator, and a battery bank for energy storage.
In this strategy, predictions of the price of the electricity
market, gas costs, and predictive models of renewable
energy generation are taken into account. The result of the
MPC will give the sequence of manufacturing operations
as well as the operation of the batteries and the CHP.

The rest of the article is organised as follows. Section 2
sets out the optimisation problem to be solved. Section
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integration is achieved when the problem is addressed
by manipulating demand through replanning manufac-
turing. In Baruwa and Piera (2014), there is a planning
optimisation approach based on a simulation-optimisation
framework that combines evaluation methods (simulation)
and search methods (optimisation). A different approach,
based on particle swarm optimisation integrated into a
neural network, is presented in Islam et al. (2022). Some
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renewable energy in industry within the planning problem
are as follows: in Islam et al. (2018) the focus is on smart
planning to solve the problem of overgeneration of re-
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et al. (2020), other ways to solve the problem of integrating

⋆ The authors would like to thank the European Union for
funding this work under the DENiM project. This project
has received funding from the European Unions Horizon 2020
research and innovation programme under grant agreement
No 958339. Also, by Grant PID2019-104149RB-I00 funded by
MCIN/AEI/10.13039/501100011033

renewables are seen, taking them into account in planning
optimisation. Finally, in Yun et al. (2022) batteries are
introduced into the planning, as a tool to visualise the
improvements that this would entail.

To the best of the authors’ knowledge, no work has pre-
sented a global approach, where the complex nature of
industrial processes is taken into account. A holistic ap-
proach is required to address all the variables that influ-
ence the energy performance of a manufacturing system,
such as the environment, components, material use and
waste minimisation, machines and their maintenance, etc.
Furthermore, no adequate methodology has been applied
to dynamically predict the renewable energy to be gener-
ated using actual and available weather forecast data.

Model-based predictive control (MPC) is well known
in industry (Camacho and Bordons, 2007). There are
good results of MPC in energy management of buildings
(Roshany-Yamchi et al., 2017) and microgrids (Bordons
et al., 2020), but no relevant work has been done for
complete energy management in manufacturing processes.

This paper proposes an MPC to maximise the use of re-
newable energy in a real factory with several machines, re-
newable generation resources, a combined heat and power
(CHP) generator, and a battery bank for energy storage.
In this strategy, predictions of the price of the electricity
market, gas costs, and predictive models of renewable
energy generation are taken into account. The result of the
MPC will give the sequence of manufacturing operations
as well as the operation of the batteries and the CHP.

The rest of the article is organised as follows. Section 2
sets out the optimisation problem to be solved. Section
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A summary of research on the integration of renewable
energy into manufacturing processes is given in Renna
and Materi (2021). The study concludes that the best
integration is achieved when the problem is addressed
by manipulating demand through replanning manufac-
turing. In Baruwa and Piera (2014), there is a planning
optimisation approach based on a simulation-optimisation
framework that combines evaluation methods (simulation)
and search methods (optimisation). A different approach,
based on particle swarm optimisation integrated into a
neural network, is presented in Islam et al. (2022). Some
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renewables are seen, taking them into account in planning
optimisation. Finally, in Yun et al. (2022) batteries are
introduced into the planning, as a tool to visualise the
improvements that this would entail.

To the best of the authors’ knowledge, no work has pre-
sented a global approach, where the complex nature of
industrial processes is taken into account. A holistic ap-
proach is required to address all the variables that influ-
ence the energy performance of a manufacturing system,
such as the environment, components, material use and
waste minimisation, machines and their maintenance, etc.
Furthermore, no adequate methodology has been applied
to dynamically predict the renewable energy to be gener-
ated using actual and available weather forecast data.

Model-based predictive control (MPC) is well known
in industry (Camacho and Bordons, 2007). There are
good results of MPC in energy management of buildings
(Roshany-Yamchi et al., 2017) and microgrids (Bordons
et al., 2020), but no relevant work has been done for
complete energy management in manufacturing processes.

This paper proposes an MPC to maximise the use of re-
newable energy in a real factory with several machines, re-
newable generation resources, a combined heat and power
(CHP) generator, and a battery bank for energy storage.
In this strategy, predictions of the price of the electricity
market, gas costs, and predictive models of renewable
energy generation are taken into account. The result of the
MPC will give the sequence of manufacturing operations
as well as the operation of the batteries and the CHP.

The rest of the article is organised as follows. Section 2
sets out the optimisation problem to be solved. Section
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and Materi (2021). The study concludes that the best
integration is achieved when the problem is addressed
by manipulating demand through replanning manufac-
turing. In Baruwa and Piera (2014), there is a planning
optimisation approach based on a simulation-optimisation
framework that combines evaluation methods (simulation)
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renewables are seen, taking them into account in planning
optimisation. Finally, in Yun et al. (2022) batteries are
introduced into the planning, as a tool to visualise the
improvements that this would entail.

To the best of the authors’ knowledge, no work has pre-
sented a global approach, where the complex nature of
industrial processes is taken into account. A holistic ap-
proach is required to address all the variables that influ-
ence the energy performance of a manufacturing system,
such as the environment, components, material use and
waste minimisation, machines and their maintenance, etc.
Furthermore, no adequate methodology has been applied
to dynamically predict the renewable energy to be gener-
ated using actual and available weather forecast data.

Model-based predictive control (MPC) is well known
in industry (Camacho and Bordons, 2007). There are
good results of MPC in energy management of buildings
(Roshany-Yamchi et al., 2017) and microgrids (Bordons
et al., 2020), but no relevant work has been done for
complete energy management in manufacturing processes.

This paper proposes an MPC to maximise the use of re-
newable energy in a real factory with several machines, re-
newable generation resources, a combined heat and power
(CHP) generator, and a battery bank for energy storage.
In this strategy, predictions of the price of the electricity
market, gas costs, and predictive models of renewable
energy generation are taken into account. The result of the
MPC will give the sequence of manufacturing operations
as well as the operation of the batteries and the CHP.
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consumption is due to the industry and their CO2 emis-
sions represent 45% of total direct emissions from end-use
sectors. Although energy optimisation techniques in other
sectors (buildings and micro-grids) are already well known
in the industrial field, a mature technology that takes into
account all aspects involved has not yet been established.

A summary of research on the integration of renewable
energy into manufacturing processes is given in Renna
and Materi (2021). The study concludes that the best
integration is achieved when the problem is addressed
by manipulating demand through replanning manufac-
turing. In Baruwa and Piera (2014), there is a planning
optimisation approach based on a simulation-optimisation
framework that combines evaluation methods (simulation)
and search methods (optimisation). A different approach,
based on particle swarm optimisation integrated into a
neural network, is presented in Islam et al. (2022). Some
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renewables are seen, taking them into account in planning
optimisation. Finally, in Yun et al. (2022) batteries are
introduced into the planning, as a tool to visualise the
improvements that this would entail.

To the best of the authors’ knowledge, no work has pre-
sented a global approach, where the complex nature of
industrial processes is taken into account. A holistic ap-
proach is required to address all the variables that influ-
ence the energy performance of a manufacturing system,
such as the environment, components, material use and
waste minimisation, machines and their maintenance, etc.
Furthermore, no adequate methodology has been applied
to dynamically predict the renewable energy to be gener-
ated using actual and available weather forecast data.

Model-based predictive control (MPC) is well known
in industry (Camacho and Bordons, 2007). There are
good results of MPC in energy management of buildings
(Roshany-Yamchi et al., 2017) and microgrids (Bordons
et al., 2020), but no relevant work has been done for
complete energy management in manufacturing processes.

This paper proposes an MPC to maximise the use of re-
newable energy in a real factory with several machines, re-
newable generation resources, a combined heat and power
(CHP) generator, and a battery bank for energy storage.
In this strategy, predictions of the price of the electricity
market, gas costs, and predictive models of renewable
energy generation are taken into account. The result of the
MPC will give the sequence of manufacturing operations
as well as the operation of the batteries and the CHP.

The rest of the article is organised as follows. Section 2
sets out the optimisation problem to be solved. Section

3 explains and develops neurofuzzy models of renewable
energy production. The MPC strategy is presented in
Section 4. Section 5 shows the results of the evaluation and
the article ends with a section on conclusions and future
work.

2. OPTIMISATION PROBLEM

The main objective is to maximise the use of renewable
energy. To achieve this, it is proposed to minimise the
daily energy cost (Cday), the largest amount of which is
associated with the energy purchased from the electricity
supplier.

The process to be controlled is part of a real manufacturing
plant. The process consists of the following elements: a set
ofM Computerised Numerical Control (CNC) machines of
one of the processes carried out within the factory, which
are the only loads that can be manipulated; and a fixed
consumption profile for the rest of the factory loads on
the demand side (Remaining Consumption or RC). On
the generation side, there are a wind turbine (WT) and
a set of photovoltaic panels (PV), which are the only two
renewable energy sources (RES); a CHP and a connection
to the electricity supplier. Finally, a battery bank (B) has
been included. The factory can be considered a microgrid
(Bordons et al., 2020). A schematic of the microgrid can
be seen in Figure 1.
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Fig. 1. Microgrid Scheme

Decision variables can be manipulated to modify the
behaviour of the plant’s assets (generators and loads).
Since RESs are to be maximised, they will not have
decision variables because they will be used whenever they
are available.

There are multiple possibilities to represent the behaviour
of the different elements of the plant with the decision
variables. The computational cost of the optimisation
depends on what each variable represents. The selected
optimisation strategy of the decision variables (nk

obj) is
summarised into three types of variables:

• nk
CNC represents how many machines are in operation

at time k.
• nk

CHP represents whether the CHP is on or off at time
k.

• nk
B represents the percentage of battery power that is

charged or discharged at time k.

Table 1. Decision variables

Symbol Type Limits
lower & upper

nk
CNC Integer 0 M = 7

nk
CHP Integer 0 1
nk
B Real -1 1

With this strategy for the decision variables associated
with CNCs, two optimisations are decoupled: the number
of machines needed at each instant to meet the DPT and,
specifically, which machines to switch on at each instant.
This second optimisation, given that the consumption
implemented for the CNCs is identical for all of them, has
been solved by switching on the CNCs with the lowest
index i first. The limits of each decision variable can
be seen in Table 1. The constraints associated with the
decision variables are summarised in (1).

Model Constraints ≡


TPU ≥ DPT

SOCk ≥ SOCmin


(1)

That is,

(1) The state of charge of the batteries at any instant
(SOCk) must be greater than the minimum selected
(SOCmin) to increase the battery life.

(2) The total number of parts produced (TPU) must be
equal to or greater than the number of parts required
(DPT ).

The chosen sample time (∆t) is 0.5 hours and the opti-
misation horizon (OH) is equal to one day. This implies
that the optimisation will run every 30 min and that there
are 48 k instants (OH = 48 samples) along the OH. This
means that there are 144 decision variables to optimise.

The daily energy cost (Cday) for the process is obtained
from the energy balance of the system, resulting in (2).

Cday =
OH
k=1

Ck
MP + Ck

CHP =

=
OH
k=1

Ek
MP · PrkMP + Ek

CHP · ηCHP · Prkgas

(2)

Being Ck
MP/CHP the cost of energy purchased / produced

by MP / CHP, Ek
MP/CHP the energy purchased / pro-

duced by MP / CHP, PrkMP/gas the price of the electric-

ity/gas used by the CHP and ηCHP the electrical efficiency
rate of the CHP. Everything is relative to the instant k.

All the subsystems that make up the system will be
explained below.

Each CNC machine has been modelled as an on/off ma-

chine, by integrating the average idle (P off,mean
CNC ) or run-

ning (P on,mean
CNC ) power over a period; as seen in (3).

Ek
CNC = ∆t ·




P on,mean
CNC if nk

CNC = 1

P off,mean
CNC in other cases

(3)
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Table 2. CNC model parameters

Parameter Symbol Value Unit

Daily Production Target DPT 378 parts
Production Time PT 15 minutes

Manipulated CNCs number M 7 machines

The parameters needed to configure the CNC production
model can be seen in Table 2. The DPT refers to the M
manipulated CNCs, not to the total of the real factory.

A linear model for battery charge and discharge has been
included. The implemented model is described in (4, 5, 6).

Eaux,k
B = nk

B · Pmax
B ·∆t (4)

Ek
B =




if nk
B ≥ 0




Eaux,k
B · ηd if SOCk ≥ Eaux,k

B

SOCk · ηd in other cases

if nk
B < 0




Eaux,k
B

ηc
if SOCk − Eaux,k

B ≤ SOCmax

SOCk − SOCmax

ηc
in other cases

(5)

SOCk+1 = SOCk −




Ek
B

ηd
if nk

B ≥ 0

Ek
B · ηc if nk

B < 0

(6)

The model parameters can be found in Table 3.

Table 3. Batteries model parameters

Parameter Symbol Value Unit

Minimum State of Charge SOCmin 0.3 MWh
Initial State of Charge SOC1 SOCmin MWh

Maximum Power Exchange Pmax
B 1 MW

Charge Performance ηc 0.95 −
Discharge Performance ηd 0.95 −

The implemented CHP model with an on/off operation
can be seen in (7, 8).

Ek
CHP = nk

CHP · Pmax
CHP ·∆t (7)

Ck
CHP = Ek

CHP · ηCHP · Prkgas (8)

The data required for the model are the price of gas
throughout the day(Prkgas), the efficiency of the CHP and
the percentage of electrical energy produced per MWh of
gas (both of which are contained in ηCHP , from the CHP
datasheet); and the nominal power of the CHP (Pmax

CHP ).
These parameters can be found in Table 4.

The total energy generated by RES (Ek
RES) is summed up

in (9). The Remaining Consumption (Ek
RC) is the result

Table 4. CHP model parameters

Parameter Symbol Value Unit

Rated Power Pmax
CHP 435 kW

Electrical efficiency rate ηCHP 39.9 %

of subtracting the overall demand minus the consumption
of the Original Behaviour (to be explained later) from
the manipulable M CNCs (the factory owner provides

these data). Eaux,k
MP represents the unsatisfied demand,

calculated in (10). As electricity cannot be sold on the
market in the real system, it is saturated in (11).

The electricity supplier, subject to the electricity market,
will satisfy the demand when all other energy sources
do not, with an associated cost, according to (12). The
electricity price is obtained from a database of the real
system supplier.

Ek
RES = Ek

WT + Ek
PV (9)

Eaux,k
MP = −(Ek

CHP+Ek
B+Ek

RES)+Ek
RC+

M
i=1

Ek
CNCi

(10)

Ek
MP =


0 if Eaux,k

MP < 0

Eaux,k
MP in other cases

(11)

Ck
MP = Ek

MP · PrkMP (12)

3. NEUROFUZZY MODEL OF RES

Given that the meteorological variables that can be pre-
dicted over the horizon are scarce (wind speed and global
irradiance) and that renewable energy generation responds
to a complex nonlinear model, which includes several vari-
ables as input, it has been decided to use Fuzzy Inference
Systems (FIS) to predict renewable energy generation.
Fuzzy modelling has proven to be an effective technique for
modelling and controlling nonlinear systems, successfully
expressing the original nonlinear model.

To predict the next active power value of the wind tur-
bine, only the wind speed and current active power are
used. For PV modelling, only direct global irradiance and
active power are used. After data preprocessing (outlier
removal, interpolation, and normalisation), the data sets
are organised into training and validation sets to avoid
overfitting by cross-validation.

After the training procedure, two FISs (wind turbine and
photovoltaic) are obtained with a structure described in
(Chicaiza et al., 2022). The number of rules for both
neurofuzzy models is 2. The validation process compares
the predicted output FISs with the validation data set
corresponding to each RES. For the photovoltaic instal-
lation, the validation set consists of 51 days and 58 days
for the wind turbine. That is, a new data set with input-
output samples that were not used in the learning process
in both cases. Thus, three error indices were used to
compare the FISs output with the actual predicted output
data: the arithmetic error mean (Ē), Root Mean Square
Error (RMSE), and the coefficient of determination R2.
Figure 2 shows that FISPv and FISWT are able to predict
the actual value of active power in both RES, and these
evaluations consider data during the day and night. The
error indices obtained from both models are shown in
Table 5.
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Table 2. CNC model parameters

Parameter Symbol Value Unit

Daily Production Target DPT 378 parts
Production Time PT 15 minutes

Manipulated CNCs number M 7 machines

The parameters needed to configure the CNC production
model can be seen in Table 2. The DPT refers to the M
manipulated CNCs, not to the total of the real factory.

A linear model for battery charge and discharge has been
included. The implemented model is described in (4, 5, 6).

Eaux,k
B = nk

B · Pmax
B ·∆t (4)

Ek
B =




if nk
B ≥ 0




Eaux,k
B · ηd if SOCk ≥ Eaux,k

B

SOCk · ηd in other cases

if nk
B < 0




Eaux,k
B

ηc
if SOCk − Eaux,k

B ≤ SOCmax

SOCk − SOCmax

ηc
in other cases

(5)

SOCk+1 = SOCk −




Ek
B

ηd
if nk

B ≥ 0

Ek
B · ηc if nk

B < 0

(6)

The model parameters can be found in Table 3.

Table 3. Batteries model parameters

Parameter Symbol Value Unit

Minimum State of Charge SOCmin 0.3 MWh
Initial State of Charge SOC1 SOCmin MWh

Maximum Power Exchange Pmax
B 1 MW

Charge Performance ηc 0.95 −
Discharge Performance ηd 0.95 −

The implemented CHP model with an on/off operation
can be seen in (7, 8).

Ek
CHP = nk

CHP · Pmax
CHP ·∆t (7)

Ck
CHP = Ek

CHP · ηCHP · Prkgas (8)

The data required for the model are the price of gas
throughout the day(Prkgas), the efficiency of the CHP and
the percentage of electrical energy produced per MWh of
gas (both of which are contained in ηCHP , from the CHP
datasheet); and the nominal power of the CHP (Pmax

CHP ).
These parameters can be found in Table 4.

The total energy generated by RES (Ek
RES) is summed up

in (9). The Remaining Consumption (Ek
RC) is the result

Table 4. CHP model parameters

Parameter Symbol Value Unit

Rated Power Pmax
CHP 435 kW

Electrical efficiency rate ηCHP 39.9 %
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do not, with an associated cost, according to (12). The
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Given that the meteorological variables that can be pre-
dicted over the horizon are scarce (wind speed and global
irradiance) and that renewable energy generation responds
to a complex nonlinear model, which includes several vari-
ables as input, it has been decided to use Fuzzy Inference
Systems (FIS) to predict renewable energy generation.
Fuzzy modelling has proven to be an effective technique for
modelling and controlling nonlinear systems, successfully
expressing the original nonlinear model.

To predict the next active power value of the wind tur-
bine, only the wind speed and current active power are
used. For PV modelling, only direct global irradiance and
active power are used. After data preprocessing (outlier
removal, interpolation, and normalisation), the data sets
are organised into training and validation sets to avoid
overfitting by cross-validation.

After the training procedure, two FISs (wind turbine and
photovoltaic) are obtained with a structure described in
(Chicaiza et al., 2022). The number of rules for both
neurofuzzy models is 2. The validation process compares
the predicted output FISs with the validation data set
corresponding to each RES. For the photovoltaic instal-
lation, the validation set consists of 51 days and 58 days
for the wind turbine. That is, a new data set with input-
output samples that were not used in the learning process
in both cases. Thus, three error indices were used to
compare the FISs output with the actual predicted output
data: the arithmetic error mean (Ē), Root Mean Square
Error (RMSE), and the coefficient of determination R2.
Figure 2 shows that FISPv and FISWT are able to predict
the actual value of active power in both RES, and these
evaluations consider data during the day and night. The
error indices obtained from both models are shown in
Table 5.
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Fig. 2. Validation results

Table 5. Validation index of the neuro-fuzzy
predicted models.

Error FISPv FISWT

indexes model model

Ē 7.424 [kW ] 28.42 [kW ]
RMSE 24.587 [kW ] 267.89 [kW ]
R2 0.91 0.91

Validation metrics indicate that the neurofuzzy prediction
model (FISs) has good accuracy and captures nonlinear
dynamics throughout the operating range (day and night).
Based on the mean error, it is possible to infer that the
neurofuzy model superestimates the active power in both
cases, as Ē is positive respectly. The RMSE of FISPv

is 24.587 kW and for FISWT is 267.89 kW , which are
low values considering that the photovoltaic system has a
nominal operating power of 210 kW and 3 MW in the
case of the wind turbine. Finally, the linear regression
between the predicted and actual active power of the
outlet gives the coefficients of determination R2 = 0.91
for both models. It indicates that the model explains 91%
of the variation in the output variable through the input
variable. Therefore, it can be said that the obtained models
show a good fit with the data, a high ability to explain
the variability in the output variable through the input
variable, and that both are good at making predictions.

4. MODEL PREDICTIVE CONTROL

To design an MPC, three important components are
necessary: an optimiser, predictive model, and feedback
from the real system. The architecture of the implemented
MPC can be seen in Figure 3.

The optimisation problem, in this case, is composed of
integer and real variables, i.e., it is of mixed type. One
of the best algorithms (see (Gen and Lin, 2012)) to
solve this problem is genetic algorithm (GA). The values
of the most relevant GA parameters have been selected
empirically, testing different possibilities, and obtaining
the best results with the values shown in Table 6.

There is an additional parameter that influences the pre-
cision and optimisation time: the mutation function. This

Optimiser

Predictive Model

Data Processing

Real System

Feedback

Forecast and
current data

Current data

Freedom
Variables

Fig. 3. MPC Architecture

Table 6. Selected parameters of the genetic
algorithm

Param Value

Population size 288
Elite count 58
Crossover function crossoverscattered
Crossover fraction 0.9
Selection function selectionstochunif

function obtains the set of random individuals that try to
prevent the GA from going to a local minimum.

Two different mutation functions have been used:

(1) Power mutation (PM) (Deep et al., 2009): more ac-
curate, but requires a greater computational load on
mixed problems.

(2) Uniform mutation (UM) (Michalewicz, 1996): less ac-
curate but less computational burden.

The best combination for mixed-type problems is to use
the UM function to approximate the desired minimum and
then use PM, starting from the final value of the previous
optimisation for the decision variables, to improve the final
result.

The following tasks are carried out in the block Data
Processing:

(1) Obtaining the actual input data for the models.
(2) Creation of forecast data.
(3) Feedback of the output data from the model:

(a) Power at time k of PV and WT.
(b) Current SOC of the batteries.
(c) Part production was carried out.

All actual data (Dataactual) for the models (price, wind
speed, irradiance, etc.) have been obtained from open-
access databases.

To mimic a realistic scenario, the MPC uses forecast
data. These data are created from actual data, introducing
an increasing uncertainty over time, following (13). This
uncertainty is relative to the maximum value of the actual
data to be modified.

Datakforecast = Datakactual± (k−1)∗K ∗Datamax
actual (13)

In Figure 4, the actual wind speed is shown in orange and
the value created with uncertainty in blue.

At each instant k, the 24-hour interval (48 samples) of the
forecast data is recalculated from the actual data. This
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makes the information at time k the same as the actual
data.

5. RESULTS

To compare the improvements obtained with the con-
troller, a combination of decision variables has been cre-
ated that will produce the behaviour of the real system
without the controller. This combination has been called
Original Behaviour. This sequence of decision variables has
been obtained from the analysis of the behaviour followed
by the workers of the real system on a normal day.

Graphically, the sequence can be seen in Figure 5. The
black segments represent the total demand and the black
spots represent the manipulated demand (M CNCs). At
each instant, the energy balance for each time interval
is met with an excess of energy in some time interval
produced by the wind turbine (this excess, as it cannot be
stored, is discarded by saturating the wind turbine). The
energy consumed by the M CNCs is approximately 15%,
with respect to the consumption of the rest of the elements
of the real system, which implies that the margin to touch
demand is reduced. Furthermore, on that day, the power
generated by CHP was zero, without taking into account
the advantage of the price difference between the market
and gas over time.

Fig. 5. Energy consumption with the Original Behaviour
on simulation day

Through this sequence, 378 parts are produced. This will
be DPT for the MPC (see Table 2).

The MPC has been simulated for a full day. The gas and
electricity prices for that day are shown in Figure 6.
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Fig. 6. Gas and electricity prices for the day simulated and
the next simulation day

Figure 7 shows the behaviour of the system with the
MPC. As can be seen, MPC causes parts production to
accumulate at the beginning of the day since the energy
cost is much lower (see Figure 6). It also takes advantage
of the price difference between CHP and MP, introducing
CHP when it is cheaper. In turn, batteries are used to store
energy when it is cheaper and then used when the price
of electricity (both CHP and MP) increases. This explains
why the CHP charges the batteries at the end of the day,
since the electricity and gas price in the early morning of
the day following the simulated day is more expensive than
in the late morning of the simulated day, as can be seen in
the Figure 6.

Fig. 7. Energy consumption with the MPC on simulation
day

The SOC of the batteries for that day can be seen in
Figure 8. As can be shown, the MPC, while maintaining
the minimum allowed SOC restriction to extend battery
life, makes full use of the battery capacity.

To compare the cost of the uncontrolled system and the
MPC, the next-day optimisation has been performed on
the actual data, obtaining the results in Table 7.
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by the workers of the real system on a normal day.
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black segments represent the total demand and the black
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each instant, the energy balance for each time interval
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produced by the wind turbine (this excess, as it cannot be
stored, is discarded by saturating the wind turbine). The
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of the real system, which implies that the margin to touch
demand is reduced. Furthermore, on that day, the power
generated by CHP was zero, without taking into account
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and gas over time.
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Figure 7 shows the behaviour of the system with the
MPC. As can be seen, MPC causes parts production to
accumulate at the beginning of the day since the energy
cost is much lower (see Figure 6). It also takes advantage
of the price difference between CHP and MP, introducing
CHP when it is cheaper. In turn, batteries are used to store
energy when it is cheaper and then used when the price
of electricity (both CHP and MP) increases. This explains
why the CHP charges the batteries at the end of the day,
since the electricity and gas price in the early morning of
the day following the simulated day is more expensive than
in the late morning of the simulated day, as can be seen in
the Figure 6.

Fig. 7. Energy consumption with the MPC on simulation
day

The SOC of the batteries for that day can be seen in
Figure 8. As can be shown, the MPC, while maintaining
the minimum allowed SOC restriction to extend battery
life, makes full use of the battery capacity.

To compare the cost of the uncontrolled system and the
MPC, the next-day optimisation has been performed on
the actual data, obtaining the results in Table 7.

Fig. 8. SOC of batteries with the MPC on simulation day

Table 7. Cost comparison

Day Original Behaviour With MPC

First 10,017e 9,656e
Second 11,157e 10,061e

Total cost 21,174e 19,717e
Total saving - 1,457e

6. CONCLUSION

This paper presents an MPC-based controller to maximise
the use of renewable energy, while decreasing the energy
cost, for a real parts production system. The controller is
designed to optimise the cost of parts production, taking
into account the production costs of the parts, the energy
costs, and the maintenance costs of the system elements.
The controller has been validated with actual data from
a parts production system, resulting in a cost saving of
1,457e in one day of production. Two works are in progress
to improve the present work:

(1) A model of all battery-related costs should be in-
cluded in the objective function.

(2) Inclusion of uncertainties within the controller to
improve robustness.
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