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ABSTRACT: Current energy systems are increasingly complex, considering multi-energy systems, the integration
of non-programmable renewable energy sources, and the simultaneous evaluation of multiple evaluation objectives
(i.e., costs vs carbon dioxide emissions). This complexity opens the opportunity to explore optimization algorithms as
assistance for systematic and automatic management of energy systems. The implementation of a multi-energy system
poses multiple challenges, including managing multiple energy vectors with different technologies applied across energy
production, energy storage, and renewable energy sources. Also, multi-objective evaluation should be considered to
manage reductions in costs and carbon dioxide emissions. Therefore, this paper proposes a multi-objective, multi-
energy optimization approach for managing the production of electricity, steam, and cold, integrated with photovoltaic
(PV), a battery energy storage system (BESS), cogenerators (CCHP), and boilers. It implements a Linear Programming
algorithm and evaluates costs vs carbon dioxide emissions on an hourly basis for three months. Historical data on
electric energy and steam demand are provided from the evaluated industry. The data on prices (electric energy and
natural gas) are taken from the historical hourly energy prices in Italy. The implementation has been tested in a
pharmaceutical industry in Italy, enabling automatic optimization of the defined multi-energy system to evaluate energy
production in terms of costs and carbon dioxide emissions. Also, the flexibility of the energy system, enabled by the
storage system and the cogeneration system, is discussed in depth. The results show that the optimization system,
using a Pareto front comparison, allows the selection between reducing costs and reducing carbon dioxide emissions,
with values expressed as percentage differences from the actual operational baseline. The cost variations between the
optimized solutions and the real cost at market prices range from —9% to 42%. Then, the corresponding variations
in carbon dioxide emissions range from —61% to 16%. Finally, the flexibility of the multi-energy system is possible by
managing the BESS and CCHP.

KEYWORDS: Multi-objective optimization algorithm; multi-energy system; energy flexibility

1 Introduction

Current energy systems are increasingly complex due to the need to manage multiple energy vectors, the
growing integration of non-programmable renewable energy sources, and the increased focus on reducing
carbon dioxide emissions (CO,) while still trying to reduce costs. This complexity is the opportunity explored
in this paper, with the additional idea of handling the complexity systematically and automatically.

The paper focuses on implementing a multi-energy system (MES) for managing the production of
electricity, steam, and cold, integrated with photovoltaic (PV), a battery energy storage system (BESS),
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cogenerators (CCHP), and boilers. Since this research is part of the results of the FLEXIndustries Project,
from which we obtain the requirements and case studies, the evaluation was carried out in a pharmaceutical
industry established in the North of Italy. The FlexIndustries project aims to contribute to the transition
towards more efficient energy sources and improved production processes to enable energy flexibility.

This paper proposes a multi-objective and multi-energy optimization system that implements a Linear
Programming algorithm to optimize costs vs carbon dioxide emissions on an hourly basis over three months.
The evaluated industry provides historical data on electric energy and steam demand, while data on prices
(electric energy and natural gas) are taken from historical hourly energy prices in Italy. The implementation
enables automatic optimization of the defined multi-energy system, providing energy supply alternatives
for evaluating cost reductions or reductions in carbon dioxide emissions. The optimization was conducted
using a Linear Programming (LP) formulation to achieve fast, reliable solution times and strong optimality
guarantees, which are essential in such decision-support systems. Nevertheless, we recognize that a more
detailed MES formulation may introduce nonlinearities and nonconvexities, and metaheuristic algorithms
with adaptive parameter-control approaches may be needed to handle these extended problem variants.

The results show that the optimization system allows a Pareto front comparison to choose between
reducing costs and reducing carbon dioxide emissions, with the values expressed as percentage differences
from the actual values. The cost differences between the optimized solutions and the real cost at market
prices range from —9% to 42%. Then, the differences between the carbon dioxide emissions of the optimized
solutions and the actual carbon dioxide emissions range from —61% to 16%. Also, the paper examined in
greater depth the flexibility enabled by the energy system’s storage and cogeneration systems, as well as the
system’s overall management.

2 State of the Art

Related research has demonstrated interest in addressing multi-energy systems to optimize processes
and reduce costs, consumption, and CO, emissions. However, existing literature typically focuses on a single
technology, energy vector, or evaluation objective for modelling energy systems.

The closest research publications on multi-objective optimization are implemented for an Energy
Community in Italy [1] and another for a public building in Spain [2]. The former research [1] did not consider
BESS technologies, and the data were not obtained directly from the buildings; part of their simulation data is
based on research in the literature, technical reports, webpages, and contact with the building administration.
The latter study [2] focuses on a yearly optimization to compare different configurations of the polygeneration
system for building energy system retrofit.

Therefore, to the best of the author’s knowledge, we did not find a MES optimization framework that
simultaneously addresses the trade-oft between energy procurement cost and carbon dioxide emissions with
an integrated energy system comprising PV, CCHP, boilers, and BESS, using as energy vectors electricity,
heat, and cold. Additionally, this research collaborates on the implementation of a holistic decision support
system, using the optimization system with real data, the energy demands from the company data collections,
and the energy prices from historical data of the current Italian energy market. Our approach to support
energy production with an optimization system gives this research the unique objective of providing energy
flexibility information to the energy managers.

The following subsections briefly elaborate on the state-of-the-art in the corresponding research areas
of this paper, namely MES Process Optimization and the optimization algorithm used to address it. The
Multi-Energy System Process Optimization subsection shows a literature review of MES in buildings, an
optimal design approach, a model for investment planning, and optimization concentrating on different
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technologies. The linear programming subsection presents related research that implements similar energy
systems, describes the pros and cons of LP, and opens the discussion to possible extensions of this research.

2.1 Multi-Energy System Process Optimization

The simultaneous production of different energy vectors in multi-energy systems is a promising
approach for enhancing energy efficiency and facilitating the development of distributed energy systems.
Also, system optimization is a viable way to exploit polygeneration systems [3]. This opens the opportunity
for this research paper by focusing on operating and coordinating multiple technologies for the manage-
ment of Multi-Energy Systems, opening the model analysis to different sections of the energy systems,
namely, energy production, energy consumption, energy storage, and energy transportation. In recent years,
considerable effort has been invested in aggregating and integrating energy vectors, including Combined
Heat and Power (CHP) generation, photovoltaic systems, absorption chillers, and other technologies. This
effort demonstrates an intention toward energy efficiency and enables possibilities for energy flexibility. For
instance, a multiobjective (economic and environmental criteria) optimization model for the optimal design
of a methanol/electricity polygeneration plant has been proposed in [4].

Energy system optimization algorithms can fall into two broad categories: model-based and data-
driven. The traditional model-based approaches rely on precise representations of the energy system’s
behavior using physics or engineering models, along with the corresponding technical limits. On the other
hand, data-driven approaches rely on the industry’s 4.0 data connectivity in the energy system to enable
dynamic, automated evaluations. In both cases, a model is needed to represent the energy system, where
traditional approaches require precise information about machines and production capacities, and data-
driven approaches could use data streams to learn the behavior of machines and energy systems, enhancing
operational efficiency and reducing costs. However, to achieve data-driven advantages, the implementation
has its additional costs, and the operation is resource-intensive (sensors, technology services, etc.).

The increasing need for MES creates new opportunities for energy system optimization algorithms to
address the rising complexity. Different solutions can target varying levels of complexity, as shown in [5],
ranging from a highly simplified case with simple operation optimization, storage, constant efficiency, and
no technical limitations, to models that incorporate uncertainties and flexibility measures. An essential
consideration in evaluating the level of complexity is that increasing the model’s complexity also increases
the level of detail in the shared data. Thus, given this critical aspect, sharing details of the company’s business
processes is sometimes limited to avoid disclosing sensitive information. Furthermore, multiobjective
optimization is needed when considering the increasing control over carbon dioxide emissions, and power
generation is a colossal source of global greenhouse gas (GHG) emissions, being the cause for the release of
more than 7.7 billion tons of carbon dioxide (CO,) annually, accounting for 37.5% of the total annual carbon
dioxide emissions [5].

Moreover, in [6], MES is analyzed and optimized with a combined cooling-heat-power (CCHP) system
with a gas turbine and an air-source heat pump, highlighting the trade-offs among operating cost, energy
efficiency, and load matching under realistic dynamic demand patterns. In [7], a set of smart railway stations
was modeled as networked microgrids that can exchange energy to minimize power drawn from the utility
grid, explicitly accounting for PV generation, on-site energy storage systems (ESS), and regenerative braking
energy from trains. The work addresses uncertainty through a scenario-based formulation and formulates
scheduling as a Mixed-Integer Linear Programming (MILP), showing that coordinated operation can reduce
both grid imports and station operating costs. Finally, in [8], multi-energy configurations are increasingly
moving towards emerging technologies. Specifically, an integrated energy system (IES) coupling wind power,
photovoltaics, and biogas generation with carbon capture and storage (CCS) and power-to-gas (P2G) was
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proposed and solved using CPLEX, demonstrating the significance of a collaborative scheduling model for
enhancing local energy utilization and low-carbon operations.

2.2 Linear Programming

The short computational times characteristic of LP problems can be particularly advantageous when the
optimization process needs to be executed frequently, as in approximating the Pareto curve in multi-objective
optimization [9]. LP problems are relaxed representations of MILP problems, in which the constraints are
not integer-valued.

MILP is a state-of-the-art approach to tackling the optimization problem of polygeneration systems.
The guarantee of global optimality for linear problems and the effectiveness of available commercial solvers
make MILP very attractive and widely used for optimization problems in multi-energy systems [10].

MILP formulations have some drawbacks, such as the inability to model nonlinear effects, the need
to consider all periods simultaneously, and the risk of high-dimensional problems [10]. However, many
techniques have been proposed to address such limitations, such as piecewise linearization methods [11],
rolling horizon approaches [12], and dimensionality reduction [13].

When analyzing energy systems optimization, a common characterization is the difference between
solving the synthesis and design problem and adding the operation problem. For instance, in [14] they
showed that when the optimization target is synthesis, design, and operation, heuristic methods may not be
very efficient if used alone in comparison with deterministic approaches. Building on that insight, in [15]
the authors applied linear programming to design optimal sizing and operational strategies for an energy
system using trigeneration. Poland also evaluated the distributed energy system to optimize energy device
handling efficiency using linear programming methods, confirming that an integrated synthesis-operation
framework improves overall system performance.

A case study analysis investigated the multi-objective optimization model for the integration of
polygeneration systems in energy communities, developing an MILP algorithm as the proposed solution
in [1]. Recent works, such as [14], used MILP models for multi-objective optimization in Energy Community
scenarios involving Heating and Cooling Networks. This analysis aimed to reduce carbon emissions while
accounting for economic consequences. Similarly, in [2] an MILP model for optimizing a polygeneration
system that considers real building demand, battery capabilities, and multi-objective considerations (cost
and CO, emissions) was proposed. The research summarizes recent studies on polygeneration systems
for buildings, second-life batteries in stationary applications, and building retrofitting to enhance energy
efficiency.

Also, a multiobjective optimization model using fuzzy linear programming (FLP) has been developed to
seamlessly integrate a biomass-based polygeneration system (BBPS) in an iron plant while obtaining negative
carbon emissions [16]. The study highlighted the influence of biomass prices and the trade-off between costs
and carbon emissions.

3 Energy Systems Optimization

The methodology follows a comparative optimization framework that evaluates the potential of an
integrated energy system by contrasting historical performance against an optimized scenario. The input
data are real-world historical consumption for electricity, steam, and cooling, photovoltaics production,
and Italian day-ahead market energy prices. These inputs are fed into the energy model, which simulates
the conversion of energy among the PV, CCHP, BESS, and boilers. Using a multi-objective optimization
algorithm, the system performs a dispatch analysis, determining the hourly operational schedules to
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minimize both total costs and CO, emissions. Finally, the results are visualized as an aggregated Pareto Front,
allowing for a direct comparison between the actual historical baseline and the theoretical maximum benefits
achievable through the energy system optimization.

The energy system design uses as primary energy inputs electricity and natural gas. To support the
production processes, these inputs are converted into secondary energy vectors, including head carriers
(steam and hot water) and cold carriers (cold water). Additionally, but of greater strategic importance, is the
commitment to integrate the generation of energy carriers from non-programmable renewable sources to
support decarbonization, such as photovoltaics.

Another critical design factor is energy flexibility, the ability of energy systems to produce or consume
energy using more than one alternative, thereby enabling adjustments to production and consumption based
on supply and demand. This research focuses on energy production flexibility. The final energy system design
layout is shown in Fig. 1. The external energy resources are electricity (EE) and natural gas (NG) network
providers. Photovoltaics (PV), Trigenerators (CCHP), and Boilers are the main energy production utilities.
The only Storage utility is the Battery Storage System (BESS). The Demands are Electric Energy (EE), Steam
(ST), and Cold (CO).

Demand, Exchange and Energy External
Storage Production  Resources
B e
f
BESS x N1
EE_Net x N4
Process
Demand |
ST & NG
IO 0\
Boiler x N3 NG_Net x N5

Figure 1: General energy system model for process optimization.

The energy system considers the design of two utilities that allow energy flexibility: the BESS and the
CCHP. The BESS allows time-shifting of energy production (from low-cost to higher-cost periods). The
CCHP allows for choosing EE production over importing from the electricity network and ST production
over producing from the Boilers. For the implementation of such systems, it is essential to establish an
appropriate level of automation for the data required for these data-driven optimization processes. This is
important for the correct deployment of the energy system model within the project; however, it is less
relevant to this paper’s focus. Also, the general energy design allows multipliers (N1, N2, N3, N4, N5, and N6)
to adjust the configuration to different scenarios. The only ones that should be higher than zero are N4 and
N5. This generic energy system includes services to manage configurations, inputs, and outputs to ensure
correct implementation and integration within the FlexIndustries Project.
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3.1 Case Study

The case study is a company that produces and distributes active pharmaceutical ingredients (APIs) for
human and animal health, based in Rovereto, Italy. The company focuses on production based on chemical
synthesis or fermentation processes, which require a reliable supply of electricity, steam, and cold.

The energy system utilities and energy networks have the following details:

« EE_Net: one connection for buying and selling electricity. The network limit is set equal to 20 MW.

«  NG_Net: one connection for buying natural gas.

» PV System: one PV system of 500 kWp that produces about 550 MWh/y of electricity.

«  CCHP: two CCHPs with an electricity production capacity of 4.5 MWel each.

«  Boiler: three Boilers with a total Steam production capacity of 40 t/h. The Boilers’ natural gas flow rate
is 3000 Sm’ /h.

«  BESS System: one BESS system with a storage capacity of 0.4 MWh and a C_Rate of 0.66.

The data analysis was conducted in July, August, and September 2024. The energy demands used in
the simulation are real hourly historical data for the utilities’ electricity and steam usage. The wholesale
price from the day-ahead market of GME (https://www.mercatoelettrico.org/it-it/) was used. Specifically,
historical data for electricity and natural gas prices for the Northern Italy market zone were used in this study.
The simulation of the optimization algorithm used real values for electricity and steam, while, for simplicity,
cold values were assigned a value of zero. These are important assumptions because the forecasting was
considered perfect, which does not apply to real scenarios; therefore, these results should be considered ideal.

3.2 Implementation

We implemented the energy system in the case study using a Linear Programming algorithm. The
optimization objectives are two: Costs (TotalCosts Lq. (1)) and CO, Emissions (TotalCO,., Eq. (2)). The
default optimization horizon is 24 h, and the optimization step is hours. This representation allows different
optimization horizons (from 1 to 720) to allow a generic design, where the minimum optimization is one
step, and the maximum is 30 days (720 h). The proposed optimization framework solves sequentially two
optimization problems characterized by two distinct objective functions: Costs (TotalCosts Iq. (1)) and CO,
Emissions (TotalCO,,, Eq. (2)). The time step of the optimization framework is 1 h. The optimization horizon
can be customized from 1h to 30 days (720 h). Given the previously mentioned assumptions on the perfectly
forecasted input data, the optimization horizon is set to 24 h.

We also implement additional services to manage the coefficients used to manage the linear repre-
sentation. These services help to simplify the deployment in the real scenario and enable the possibility
of implementing external services to update the coefficients. The following are the equations for the
optimization objectives, Costs, and CO, Emissions over the optimization horizon N € {1, ..., 720} .

Formulation of Eq. (1), minimize:

N
TotalCosts = Z {EEImportCosts,i + EEExportCosts,i + NGImportCosts,i} (1)
i=0

Subject to Operational Constraints and Emission Constraints.

Formulation of Eq. (2), minimize:

N
TotalCOjeq = Z {EENet,- * €ggNet + EEpy, * €py + NGmport, * ENG + EEBess; * 83}385} (2)
i—0
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Subject to Operational Constraints.

Auxiliary functions Eqgs. (3)-(6) extend the explanation for Eq. (1):

XNG_Net_IN; = (XNG_Trigeni + XNG_Boiler; ) (3)
EEImportCosts,i = XEE_Net_IN; * CEE_ImportCost,- (4)
EEgxportcosts,i = XEE_Net_OUT; * CEE_ExportCost; (5)
NGimportcosts,i = XNG_Net_IN; * CNG_ImportCost; (6)

With respect to the decision variables X. The ¢ variables are cost-related parameters, and the script
epsilon variables are emission-factor parameters. The Emission Constraint refers to the emission limit estab-
lished by the epsilon constraint algorithm. The following Tables 1-4 describe the Operational Constraints
implemented in the optimization model.

Table 1: Auxiliary variables for mathematical formulation.

Descriptor Limits
EE_BESS_Limit BESSrimit = BESScapacity * BESScRrate
EE_BESS_Init BESSinit = BESScapacity * BESS1it charge
EE_BESS_Charge 0 Vie[0]; BESScharge; = BESSinis

Vie[1,N]; BESScharge, =

EE_BESS_Charge N
- —-aTee- BESScharge;, + XEE_BESS_IN,., — XEE_BESS_OUT;_,

EE_Demand Vi€ [0,N]; EEpemand, = EEconsumption, + XgE_Net_ouT, + XEE_BESS_IN,
Vi€ [0,N]; EEproduction; = XEE Net N, — XEE_Net_out, + EEpv,
EE_Production +XNG_trigen; * EETrigenc,,,

+XEgE_BESs_ouT, — XEE_BESS_IN;
ST_Production STProduction,- = XNG?Trigeni * STTrigencgef + XNG_Boiler,' * STBoilerC,,ef

Table 2: Limit equations for EE network, CCHP, and boiler.

Descriptor Limits

EE_IN_limits Vie [O, N] ;0 < XEE Net_IN; < EENetCap Vie [O,N] ;0 < XgE BESS_IN, £ EEBESSCM,

EE_OUT _limits Vie [O,N] ;0 < XEE Net_ouT, £ EENEtCup Vie [O,N] ;0 < XgE Bess ouT; < EEBESSCHP
NG_Trigen_limits Vi € [0, N];0 < XnG_trigen, < NGrrigenc,,
NG_Boiler_limits Vi € [0, N];0 < XnG_poiter, < NGBoilerc,,

Some auxiliary variables and equations are shown in Table 1, and the mathematical limits of the main
variables are shown in Table 2. The optimization constraints are shown in Table 3. The coefficients used for
the optimization to maintain the linear representation are shown in Table 4. For the management of the
coefficients in Table 4, we made them configurable with software services to allow adjusting these values
upon request, leaving this estimation to the energy manager. For the current study, the average over the
historical dataset is adopted and fixed.

This optimization representation can be implemented with different available libraries and program-
ming languages, and we decided to use the Pyomo library of Python. This library has an optimization
algorithm based on [17], and only supports mono-objective optimization. Therefore, the multi-objective
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requirement was implemented using the Epsilon Constraint method. This algorithm uses the other objec-
tive functions as constraints of the optimization algorithms. The selected solver was the GNU Linear
Programming Kit (GLPK).

Table 3: Optimization constraints for BESS and energy demands (EE, ST, CO).

Descriptor Range Equation

EE_BESS_Top_Capacity Vi€ [0,N
EE_BESS_Low_Capacity Vi€ [
EE_BESS_Equilibrium Vi€ [
EE_BESS_IN_Production Vi€ [
[

[

[

; XEE_BEss_IN; + BESScharge; < BESScapacity
; XEE_BESs_ouT, < BESScharge,
; Xee_BEss_IN; + XEE_BEss_ouT; < BESSLimit

EE_Demand_balance Vie
ST Demand_balance Vie
CO_Demand_balance Vie

> EEDemand,- = EEProductioni
5 STDemand; < STProduction,-

15 Xes_ess_in, < Xee_Net_iN; + EEpv, + XNG_Trigen; * EEtrigency.
] > CODemand,- < XNG?Trigen,ﬂ * COTrigencgef

Table 4: Coefficients for the linear representation of the operation of CCHP and Boiler.

Name Coefficient Unit Description
trig_ng_ee_mwh EETrigency. MWh/Sm? Coefficient to convert NG from a Trigenerator to EE
trig_ng_st_ton STrrigenc,, y ton/ Sm? Coefficient to convert NG from a Trigenerator to ST
trig ng_co_mwh COTrigencoes MWh/Sm? Coefficient to convert NG from a Trigenerator to CO
boil_ng_st_ton STsoilerc,. ton/Sm’ Coefficient to convert NG from a Boiler to ST

The algorithm implementation of the epsilon constraint consists of calculating the extreme opti-
mizations by considering only costs and only emissions. The first step is to calculate the mono-objective
optimization for cost, where the emissions objective function is deactivated but calculated. The second step
is to calculate the mono-objective optimization for emissions, where the cost function is deactivated from
the objective function but calculated (thus considered only as an auxiliary function). Then, using these two
extremes for emission values, we create N evenly spaced numbers between the calculated values of emissions
(where N is the configured pareto size). Later we use the list of evenly spaced numbers of emissions as
epsilon values in the Emission Constraints of formulation (1), optimizing for cost with the epsilon assigned,
building the pareto front. Later, if needed, we have a configuration of the position in the pareto front that
will determine the actual solution considered from the pareto front.

The Linear Programming implementation follows the design presented in Fig. | and implements the
following definitions:

»  Decision Variables: Xgr_net_ouT> XEE_Net_IN> XNG_Trigen> XNG_Boiler> XEE_BESS_IN> XEE_BESS_OUT-

+  Objectives functions: TotalCosts (Euros) and TotalCO,q (tons of CO,).

« Demand Electricity Constraints: Since the electrical network allows In and Out, the constraints are
equality constraints. They are about the dv_length constraints.

« Demand Steam Constraints: Configurations to establish production equal to or greater than the
demand. They are about the dv_length constraints.

o  BESS Constraints: BESS constraints are about four sets of constraints (top capacity, discharge limit,
equilibrium, and EE_BESS_IN inside EE production) multiplied by dv_length.
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o Demand Cold Constraints: This set of constraints is related to the Cooling produced by the CCHPs
concerning the CO demand. These configurations establish production equal to or greater than demand.

4 Results

The simulation for the optimization considers all the days of the three analyzed months, calculating 11
solutions for the pareto front. Then, we average the Costs and the CO, emissions for all the days and solution
types (optimal toward cost or CO, emissions).

The analysis shows a pareto front (cost (Euros) vs. CO, emissions (tons of CO,)) with multiple solutions
for every analyzed day, as shown in Fig. 2. The pareto front of that day showed solutions that vary by about
11,000 Euros between the extreme solutions. Also, the CO, emissions vary by about 85 t of CO,. These results
are not normalized, but we implemented a post-processing configuration to change the values to percentages
in relation to the maximum value.

Total Cost vs Total Emission [generations=11]

46.092984 1@ @ Solution-10
® Solution-09
54.567528 - ° ® Solution-08
® Solution-07

63.042072 - ° ® Solution-06
- ® Solution-05
§‘ 71.516617 ° ® Solution-04
~ ® Solution-03
S 79.991165 1 ® e Solution-02
S ® Solution-01
S
T 88.465706 - ° ® Solution-00
o
9
£ 96.940254 °
w
£ 105.414795 A °
°

113.889343 °
122.363884 °®
130.83843 A ®

A
A,ﬂgx.o'l Ms—ﬂ.ll A016A'3 33839'16 31693'54 365“7"1 35399.19 34263-6l 33162.64 31341 289 31968'58
Total Cost [euros/day]

Figure 2: Pareto front’s example for a cost-emission optimization of 24 h.

Analyzing a single optimization day in September, the dispatch profiles of the energy utilities supplying
electricity demand are shown in Figs. 3 and 4, while those supplying steam demand are reported in Figs. 5
and 6. Two solutions are compared: the cost-optimal solution (Solution-10, Figs. 3 and 5) and the balanced
solution (Solution-05, Figs. 4 and 6). The different operational strategies adopted by the two solutions can be
interpreted by referring to the market price signals of the respective sectors, shown as red dotted lines with
the corresponding scale on the right-hand side of each figure.

In the electricity sector, it can be observed that the balanced solution, which is more conservative in
terms of emissions, strategically increases electricity imports from the grid during the most economically
convenient hours. In the case analyzed, the central hours of the day are characterized by very low electricity
prices, which induces both solutions to reduce the output of the CCHP unit. However, in the balanced
solution (Solution-05), the nighttime hours are further exploited to increase grid imports. In fact, the site
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benefits from an electricity supply characterized by a low emission factor. Due to the coupling between the
electricity and heat sectors, the partial load operation of the CCHP results in increased production in the
coupled thermal sector.

Regarding the execution time, a Pareto front result of size 11, using the LP implementation, runs in under
10 s on a personal computer (without considering network transmission time).

The electricity production shown in Fig. 3 illustrates the five charge-discharge cycles of the BESS to
exploit electricity costs and the distribution of renewable energy production throughout the day.

Finally, the Cold energy vector was designed in the energy system to have a more realistic view of the
operational situation for the utilities. But, for simplicity, we assume the cold demand values are zero.

Stacked Energy Production
with Demand and Cost over 24 Hours

Energy [MWh]
Export Cost [Eur/MWh]

EEE EE_Net IN[MWh] BN EE_BESS_OUT[MWh]
B EE_Net OUT[MWh]  mEE EE_PV[MWh]

Bmm EE_Trig[MWh] —— Energy Demand
BN EE_BESS_IN[MWh] —=—=- EE_Cost_Export

Figure 3: Electricity (EE) comparison between estimation and production of a solution for optimal Cost (Solution-10).

Stacked Energy Production
with Demand and Cost over 24 Hours
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BN EE_Trig[MWh] Energy Demand
BEm EE_BESS_IN[MWh]  —--- EE_Cost_Export

Figure 4: Electricity (EE) comparison between estimation and production of a balanced solution (Solution-05).
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Stacked Steam Production
with Demand and Cost over 24 Hours

17.5

15.0

12.5 A

10.0 A
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5.0 A

2.54

0.0 -
OrHANMINONVIOHNMNON0NO
A A A A A A AN

Hour [hh]
EEE ST _Trig[tons] ~—— Steam Demand

B ST Boil[tons] === NG_Cost_Import
Figure 5: Steam (ST) comparison between estimation and production of a solution for optimal Cost (Solution-10).

Stacked Steam Production
with Demand and Cost over 24 Hours
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Figure 6: Steam (ST) comparison between estimation and production of a balanced solution (Solution-05).

5 Discussion

Energy flexibility is the ability of energy systems to produce or consume energy using multiple
alternatives, enabling adjustments to production and consumption in response to supply and demand.
Renewable energy benefits from flexible energy systems. Shifting loads from one period of time to another
is the dominant flexibility type in 60% of applications [18].

The energy system optimization implemented considers energy production shifting to provide flexibility
through two energy devices: BESS and CCHP. BESS allows the storage of electricity during low-cost periods
and the discharge of electricity during high-cost periods, enabling energy production and consumption
to shift. As a non-variable generator, a CCHP system enables high-efficiency electricity production while
simultaneously integrating heating and cooling. Combining multiple energy vectors, electricity, steam, and
cold, offers operational flexibility to reduce reliance on grid electricity and steam from boilers. This allows
the system to optimize energy use by choosing when to generate electricity, steam, and cooling from natural
gas instead of consuming them directly from other sources.
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The solutions are described as the amount of primary energy input (electricity and natural gas) used by
the utilities. However, as well as Figs. 7-9, the optimization has a service to post-process the solution into
percentage utilization of the utilities, based on their capacities. This is important to mention because the way
we suggest visualizing the optimized solutions by the energy managers is by percentages of usage, facilitating
the data visualization in the real environment. We also take this percentage visualization to the figures
discussed in this section, to facilitate the visualization of the available flexibility in terms of percentages of
cost and CO, emissions.

Percentage Difference of Cost and Emission between Optimize and Actual Totals (July 2024)
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Figure 7: Aggregated results for July 2024 grouped by solutions.
Percentage Difference of Cost and Emission between Optimize and Actual Totals (August 2024)
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Figure 8: Aggregated results for August 2024 grouped by solutions.
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Percentage Difference of Cost and Emission between Optimize and Actual Totals (September 2024)
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Figure 9: Aggregated results for September 2024 grouped by solutions.

We aggregated the solutions based on their inclination towards an objective, calculating the average
values of Cost and CO, emissions for the solutions from three months: July, August, and September
(Figs. 7-9, respectively). The inclination towards an objective is described with Solution numbers 0 to
10, where 0 is fully tilted to CO, emissions, and 10 is fully tilted to Cost. The Figs. 7-9 are expressed as
percentages, representing the ratio between the optimized values obtained from the linear programming
(LP) model and the actual cost and CO, emissions, derived from the actual scheduling of utilities, with
the same price cost calculation method for electricity and natural gas. It is important to highlight that the
origin points of Figs. 7-9 are the baseline values for each month, meaning the average monthly actual cost
and CO, emission. Presenting the results as percentages allows us to clearly illustrate the extent of potential
improvements, showing how much costs and emissions could be reduced through the proposed optimization
algorithm compared to real operational data.

Importantly, the solutions also capture the flexibility of industrial players responding to market-
driven signals, enabling them to identify and capitalize on opportunities arising in the energy market
while simultaneously meeting the energy requirements necessary to satisfy their production objectives. This
capability highlights the practical value of the optimization approach, as it reflects both economic benefits
and operational feasibility within dynamic market conditions.

The results for July allow a shift in Cost between —8% and 35%, and a shift in CO, emissions between
16% and —52%. The results for August allow a change in Cost between —9% and 37%, and a shift in CO,
emissions between 14% and —60%. The results for September allow a change in Cost between —6% and 42%,
and a shift in CO, emissions between 10% and —61%. Finally, it is essential to note that the Pareto front passes
lower than the origin point, which is the actual cost and CO, emission, which could be explained by energy
production plans that did not take advantage of production capabilities, or the energy system model did not
consider relevant production limitations.
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Moreover, the Figs. 7-9 show about 2%-5% distance between the approximated pareto front and the
origin of the axes. It could be that the actual solution is a suboptimal production decision because of a lack
of consideration of cost signals or production capabilities. Another hypothesis could be that the proposed
model has a modelling error of about 2-5%, based on relevant operational constraints not considered
in the energy system model. However, to better understand this situation, future work is needed on the
implementations, analysis, and testing of the actual production planning and the operational constraints.

Forecasting demand, renewable energy production, and costs would likely lower optimization quality
due to the well-known challenges of managing production uncertainties. For example, in real-world
deployments, forecast errors can reduce realized gains, primarily by shifting or weakening price-arbitrage
opportunities when price peaks are mispredicted, and by causing over- or under-charging decisions when
load and PV are misestimated. To contextualize the perfect-foresight results without diminishing the primary
results and purpose of this paper, the forecasting models used in the FlexIndustries project, trained on real
operational data, yield errors of approximately 6%-24% MAPE (Mean Absolute Percentage Error) depending
on the stream for demand, 6.6%-21.9% nMAE (normalized Mean Absolute Error) for PV with weather
inputs consistently improving accuracy in various locations, and 3.6%-7.0% nMAE across many countries
for prices. In practice, the impact of forecast uncertainty can be mitigated by executing the MES in a rolling-
horizon manner with periodic re-optimization using updated measurements and refreshed forecasts, which
limits performance degradation relative to the ideal Pareto front. A complete analysis of MES, along with the
forecasting models, will be addressed in an extended version of this paper.

Furthermore, energy flexibility can be improved in the following cases:

1. Ifweaddathird CCHP, the electrical production of the CCHPs can be higher than the electrical demand.
Then, the optimization has room to choose between generating electricity and Steam with CCHP or
importing electricity from the network and using the Boilers for steam generation, thereby expanding
the potential flexibility offered to the grid while sustaining efficient generation.

2. Using the BESS, it is possible to choose whether to store cheap energy or to discharge it when it is
expensive. Increasing the capacity of the BESS, along with a variable Renewable Energy Source (RES),
such as photovoltaics, can improve the cost and emission savings.

The model developed, and the scenario analysis can suggest technological upgrades to the production
utilities to achieve greater energy flexibility, with better cost and CO, emissions control. The multiobjective
optimization enabled precise control and informed decision-making regarding CO, emissions, representing
a significant contribution to enhancing industrial participation in energy markets and supporting broader
decarbonization goals.

6 Conclusion

Process and Energy planning is essential to significantly improve the efficiency, sustainability, and
overall performance of various industries. To ensure proper planning, it is vital to understand the level of
systematization of operational data for energy utilities within the energy system. This includes installing
sensors and managing data with an Energy Management System (EMS) to enable data-driven analysis.

This paper presents the design and development of an energy model that accounts for CCHPs, PV,
Boilers, and BESS. The model considers the usage of Electrical and Natural Gas Networks and includes the
benefits of integrating and managing Renewable Energy Sources.

The contributions of this paper are as follows:

o  Design and development of an LP-based multi-energy and multi-objective energy system that accounts
for integrated operations of CCHPs, PV, Boilers, and BESS.
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o Itdemonstrates, in a real-world use case, the advantage of energy flexibility, showing results that reduce
costs considering environmental impact (CO, emissions).

o It demonstrates the advantages of the capacity enhancements for some energy production technologies
(BESS and CCHP), increasing energy flexibility.

The results presented in this paper compare the actual historical baseline with the theoretical maximum
benefits achievable through the proposed energy system optimization. This gives a good idea of the potential
benefits of implementing this type of energy system optimization in real scenarios.

Additionally, the flexibility analysis shows that energy utilities such as BESS and CCHPs enabled the
implementation and evaluation of energy flexibility, helping energy managers better understand improve-
ments to the energy system and possibly impacting demand planning.

If we want to use this paper’s implementation in a stochastic approach, considering PV production
forecast, demand forecast (for EE, ST, and CO), and energy prices forecasting (for EE (import and export) and
NGQ), it is essential to note that the quality of the optimization results depends on the accuracy of the forecasts.

The usage of actual forecasting values and algorithms will be examined comprehensively in future work
as part of a planned effort to address the well-known challenges of managing uncertainty in decision-making
related to future events, as well as different optimizers, such as metaheuristics. This could strengthen the
robustness of the system’s decisions.

Another interesting future work is the extension of the solution with metaheuristics optimizations,
allowing nonlinear behavior, nonconvex efficiency curves, and uncertainty-aware constraints. Even though
with the dimensions of this paper’s energy system model, metaheuristics may not give any advantages.
In this direction, we can consider the implementation of more detailed operational constraints to allow a
comparison of the results to know if the improvements are significant enough with the additional complexity.
When trying to move into functional optimization services for a real scenario, experimentation between
different levels of complexity could provide good insights. Further extension of this work is to analyze a full
year of data to understand the sensitivity to seasonality and recognize common patterns.

Finally, it could be interesting to adjust the cost calculation of energy to the company’s actual behavior
by combining participation in the different energy markets (forward markets, futures markets, etc.). These
changes will probably suggest changing the optimization horizons to longer periods and can be combined
with other future work.
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Abbreviations

Acronym Full Form

BESS Battery Energy Storage System

CCHP Combined Cooling, Heat, and Power—Trigenerator
PV Photovoltaics

MES Multi-Energy System

CHP Combined Heat and Power

GHG Global Greenhouse Gas

CO, Carbon Dioxide

LP Linear Programming

ESS Energy Storage Systems

IES Integrated Energy System

CCS Carbon Capture and Storage

P2G Power-to-Gas

MILP Mixed-Integer Linear Programming

FLP Fuzzy Linear Programming

BBPS Biomass-Based Polygeneration System

EE Electricity

NG Natural Gas

ST Steam

CO Cold

API Active Pharmaceutical Ingredients

GLPK GNU Linear Programming Kit

GME Gestore Mercati Energetici—Energy Services Manager (of Italy)
EMS Energy Management System

RES Renewable Energy Source

MAPE Mean Absolute Percentage Error

nMAE Normalized Mean Absolute Error

References

1. De Souza RJ, Reini M, Serra LM, Lozano MA, Nadalon E, Casisi M. Multi-objective optimization of an energy

community powered by a distributed polygeneration system. Energies. 2024;17(13):3085. doi:10.3390/en17133085.
Pinto ES, Amante B. Polygeneration system optimization for building energy system retrofit: a case of study for
TRS5 building of UPC-Terrassa. Energy Build. 2022;273(5):112375. d0i:10.1016/j.enbuild.2022.112375.

Rong A, Su Y. Polygeneration systems in buildings: a survey on optimization approaches. Energy Build.
2017;151(1):439-54. doi:10.1016/j.enbuild.2017.06.077.

Liu P, Pistikopoulos EN, Li Z. A multi-objective optimization approach to polygeneration energy systems design.
AIChE J. 2010;56(5):1218-34. d0i:10.1002/aic.12058.

Liu P, Gerogiorgis DI, Pistikopoulos EN. Modeling and optimization of polygeneration energy systems. Catal
Today. 2007;127(1-4):347-59. d0i:10.1016/j.cattod.2007.05.024.

Tian X, Sun J, Xu T, Cui M, Wang X, Guo J, et al. Dynamic simulation and performance analysis on multi-energy
coupled CCHP system. Energy Eng. 2022;119(2):723-37. doi:10.32604/ee.2022.015982.


https://doi.org/10.3390/en17133085
https://doi.org/10.1016/j.enbuild.2022.112375
https://doi.org/10.1016/j.enbuild.2017.06.077
https://doi.org/10.1002/aic.12058
https://doi.org/10.1016/j.cattod.2007.05.024
https://doi.org/10.32604/ee.2022.015982

Energy Eng. 2026;123(6):17 17

10.

11.

12.

13.

14.

15.

16.

17.

18.

Akbari S, Saeed Fazel S, Hashemi-Dezaki H. Energy management of networked smart railway stations considering
regenerative braking, energy storage system, and photovoltaic units. Energy Eng. 2023;120(1):69-86. doi:10.32604/
€e.2022.024121.

Xu Y, Liu ], Sun T, Kang H, Hao X. Research on optimal scheduling of integrated energy systems with wind-
photovoltaic-biogas-storage considering carbon capture systems and power-to-gas coordination. Energy Eng.
2025;122(8):3155-76. doi:10.32604/ee.2025.065753.

Ren H, Zhou W, Nakagami K, Gao W, Wu Q. Multi-objective optimization for the operation of distributed
energy systems considering economic and environmental aspects. Appl Energy. 2010;87(12):3642-51. doi:10.1016/
j.apenergy.2010.06.013.

Urbanucci L. Limits and potentials of mixed integer linear programming methods for optimization of polygener-
ation energy systems. Energy Proc. 2018;148(52):1199-205. doi:10.1016/j.egypro.2018.08.021.

Lin MH, Carlsson JG, Ge D, Shi ], Tsai JF. A review of piecewise linearization methods. Math Probl Eng.
2013;2013(2):101376-8. d0i:10.1155/2013/101376.

Kédmper A, Geers P, Leenders L, Bardow A. Adaptive rolling horizon for operational optimization of multi-energy
systems. In: Proceedings of the 34th International Conference on Efficiency, Cost, Optimization, Simulation and
Environmental Impact of Energy Systems (ECOS 2021); 2021 Jun 27-Jul 2; Taormina, Italy. p. 116-27. d0i:10.52202/
062738-0011.

Teichgraeber H, Brandt AR. Time-series aggregation for the optimization of energy systems: goals, challenges,
approaches, and opportunities. Renew Sustain Energy Rev. 2022;157(11):111984. d0i:10.1016/j.rser.2021.111984.
Abdmouleh Z, Gastli A, Ben-Brahim L, Haouari M, Al-Emadi NA. Review of optimization techniques applied
for the integration of distributed generation from renewable energy sources. Renew Energy. 2017;113(3):266-80.
doi:10.1016/j.renene.2017.05.087.

Rabe M, Bilan Y, Widera K, Vasa L. Application of the linear programming method in the construction of a
mathematical model of optimization distributed energy. Energies. 2022;15(5):1872. d0i:10.3390/en15051872.
Ubando AT, Chen WH, Tan RR, Naqvi SR. Optimal integration of a biomass-based polygeneration system in an
iron production plant for negative carbon emissions. Int ] Energy Res. 2020;44(12):9350-66. d0i:10.1002/er.4902.
Hart WE, Laird CD, Watson JP, Woodruff DL, Hackebeil GA, Nicholson BL, et al. Pyomo—optimization modeling
in python. Cham, Switzerland: Springer; 2017. doi:10.1007/978-3-319-58821-6.

LiH, Wang Z, Hong T, Piette MA. Energy flexibility of residential buildings: a systematic review of characterization
and quantification methods and applications. Adv Appl Energy. 2021;3:100054. doi:10.1016/j.adapen.2021.100054.


https://doi.org/10.32604/ee.2022.024121
https://doi.org/10.32604/ee.2022.024121
https://doi.org/10.32604/ee.2025.065753
https://doi.org/10.1016/j.apenergy.2010.06.013
https://doi.org/10.1016/j.apenergy.2010.06.013
https://doi.org/10.1016/j.egypro.2018.08.021
https://doi.org/10.1155/2013/101376
https://doi.org/10.52202/062738-0011
https://doi.org/10.52202/062738-0011
https://doi.org/10.1016/j.rser.2021.111984
https://doi.org/10.1016/j.renene.2017.05.087
https://doi.org/10.3390/en15051872
https://doi.org/10.1002/er.4902
https://doi.org/10.1007/978-3-319-58821-6
https://doi.org/10.1016/j.adapen.2021.100054

	Multi-Energy System Optimization of Costs Versus Carbon Dioxide Emissions for Flexibility. A Case Study in Italy
	1 Introduction
	2 State of the Art
	3 Energy Systems Optimization
	4 Results
	5 Discussion
	6 Conclusion
	Abbreviations
	References



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Dot Gain 20%)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams false
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness true
  /PreserveHalftoneInfo false
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile (None)
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 300
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages false
  /ColorImageDownsampleType /Average
  /ColorImageResolution 300
  /ColorImageDepth 8
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /FlateEncode
  /AutoFilterColorImages false
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 300
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages false
  /GrayImageDownsampleType /Average
  /GrayImageResolution 300
  /GrayImageDepth 8
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /FlateEncode
  /AutoFilterGrayImages false
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages false
  /MonoImageDownsampleType /Average
  /MonoImageResolution 1200
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000500044004600206587686353ef901a8fc7684c976262535370673a548c002000700072006f006f00660065007200208fdb884c9ad88d2891cf62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef653ef5728684c9762537088686a5f548c002000700072006f006f00660065007200204e0a73725f979ad854c18cea7684521753706548679c300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA <>
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020b370c2a4d06cd0d10020d504b9b0d1300020bc0f0020ad50c815ae30c5d0c11c0020ace0d488c9c8b85c0020c778c1c4d560002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken voor kwaliteitsafdrukken op desktopprinters en proofers. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU (Use these settings to create Adobe PDF documents for quality printing on desktop printers and proofers.  Created PDF documents can be opened with Acrobat and Adobe Reader 5.0 and later.)
  >>
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames true
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AddBleedMarks false
      /AddColorBars false
      /AddCropMarks false
      /AddPageInfo false
      /AddRegMarks false
      /ConvertColors /NoConversion
      /DestinationProfileName ()
      /DestinationProfileSelector /NA
      /Downsample16BitImages true
      /FlattenerPreset <<
        /PresetSelector /MediumResolution
      >>
      /FormElements false
      /GenerateStructure true
      /IncludeBookmarks false
      /IncludeHyperlinks false
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles true
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /NA
      /PreserveEditing true
      /UntaggedCMYKHandling /LeaveUntagged
      /UntaggedRGBHandling /LeaveUntagged
      /UseDocumentBleed false
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [300 300]
  /PageSize [612.000 792.000]
>> setpagedevice


