
PROCEEDINGS OF ECOS 2026 - THE 39TH INTERNATIONAL CONFERENCE ON 

EFFICIENCY, COST, OPTIMIZATION, SIMULATION AND ENVIRONMENTAL IMPACT OF ENERGY SYSTEMS 

28 JUNE – 03 JULY, 2026, CONSTANTA, ROMANIA 

 

 

When CO₂ Accounting changes the Optimum: 
Implications for Energy Systems with Energy Storage 

and Electricity Export 
Andreas Fuchsa,b, Sarah Deutza,* and Andreas Peschela,b 

a Forschungszentrum Jülich GmbH, Institute for a sustainable Hydrogen Economy (IHE), Jülich, 

Germany 
b RWTH Aachen University, Aachener Verfahrenstechnik, Process and Plant Engineering for Chemical 

Hydrogen Storage, Aachen, Germany 

* CE, s.deutz@fz-juelich.de 

Abstract: 

In the context of the energy transition, greenhouse gas (GHG) emissions especially carbon dioxide (CO₂) 
emissions have become a key metric for designing and assessing energy systems. However, accounting for 
the demand-side emissions of grid-connected multi-energy-systems is particularly challenging, if emission 
export is considered. This complexity increases further when integrating energy storage, which shifts both 
energy and associated emissions over time. Several CO₂ accounting approaches have been proposed but 
their impact on the operation of storage, system design, and the resulting emissions has not been 
systematically evaluated. This study investigates the impact of different CO₂ accounting approaches for 
emission export on the energy system of a real-world example of a small industrial site. The findings contribute 
to a better understanding of the advantages, limitations, and implications of the respective CO₂ accounting 
approaches for energy system optimization and thereby supports creating an effective regulatory framework. 
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1. Introduction 
Climate change mitigation requires a rapid and sustained reduction of greenhouse gas (GHG) emissions 
across all sectors of human activity. In response, the European Union has committed to climate neutrality by 
2050, with an intermediate goal of reducing net GHG emissions by at least 55 % by 2030 compared to 1990 
levels, as established in the European Climate Law and the “Fit for 55” legislative package [1]. Many countries 
have adopted similarly ambitious goals, aiming for climate neutrality and introducing legally binding sectoral 
emission budgets for electricity, buildings, and industrial sectors [2]. 

To minimize their GHG emissions and to comply with future emission targets, industry in Europe is aiming to 
decarbonize their energy supply. First measures often include the installation of renewable energy sources 
(RES), such as photovoltaics (PV), and energy storage systems like batteries to synchronize supply and 
demand. In addition, companies are exploring suitable technologies to decarbonize their heat supply, which 
remains largely dependent on fossil fuels. Therefore, heat pumps and renewable energy carriers like 
renewable hydrogen and its derivatives are gaining importance [3]. 

The resulting multi-energy systems and microgrids can be regarded as key enablers of this energy transition 
[4,5]. Evaluating microgrids alongside district or national scale energy systems and transitions is a central 
objective of the growing field of energy system optimization [6]. In this context, environmental indicators, 
particularly carbon emissions, are becoming increasingly important alongside economic metrics as drivers of 
sustainable system design. In this work, carbon emissions refer to CO₂ emissions and are used as a proxy for 
GHG emissions. 

Accounting for the demand-side carbon emissions of such systems can be challenging, particularly when 
energy storage is involved [5]. Energy storage mixes and shifts energy and its associated carbon emissions 
over time. If energy export is allowed and local energy storage is either used for energy arbitrage or as 
intermediate storage for fossil and renewable energy, assessing exported emissions becomes more complex. 
As grid electricity prices are becoming more volatile, energy arbitrage gains in economic appeal, especially for 
seasonal storage with high capacities, few annual storage cycles and consequently high storage costs.  



Several approaches have been proposed in recent years to account for carbon emissions. Despite these 
methodological developments, no consensus has yet been reached on an appropriate accounting approach 
for multi-energy systems and microgrids, particularly regarding emission export [7–9].  

Effects of different carbon export accounting methods on system design, storage operation, and resulting 
carbon emissions have not yet been systematically evaluated. Our work addresses this gap by analyzing and 
comparing carbon accounting approaches for exported energy suitable for system design and operational 
decision-making in integrated multi-energy systems. The study aims to advance the discussion and provide 
insights into their implications for dispatch strategies, system configuration and most importantly for 
decarbonization outcomes.  

2. Carbon accounting 
Carbon accounting involves quantifying carbon emissions that cross the system boundaries. Scope 1 (direct) 
carbon emissions arise from sources within the system boundary, such as fossil fuel combustion or process-
related emissions. While emissions from standard fuel combustion can be estimated relatively easily, other 
direct sources may require more detailed measurement or modeling. Scope 2, on the other hand, accounts for 
carbon emissions associated with externally supplied energy, such as electricity imported from the grid. In this 
case, imported electricity must be assigned a carbon intensity (or burden). With the increasing share of 
renewable energy in national and local grids, and the resulting fluctuations in generation mix, conventional 
annual average emission factors (AEF) are becoming increasingly inadequate for accurately capturing Scope 
2 emissions of local consumers and time-resolved emission factors have been developed [8,9]. 

2.1. Carbon intensity of imported energy 
Two main approaches are commonly used to resolve grid emissions over time. The first method, the Grid Mix 
Emission Factor (XEF), assigns each energy source connected to the grid a specific carbon intensity. The 
temporal carbon intensity of the grid (e.g., hourly) is then calculated as a weighted average, based on the 
respective contributions of each source [7]. 

A more recent method, the Marginal Emission Factor (MEF), considers the merit order of the power plants 
in the grid. The MEF reflects the carbon intensity of the power plant(s) most likely to start up or shut down in 
response to changes in consumer demand. It thus quantifies the emissions caused or avoided by variations in 
electricity consumption, providing a more accurate assessment of the impact of different operational strategies. 
There are different methods for the determination of the MEF. In-detail explanations can be found in [7,8]. 

2.2. Carbon intensity of exported energy 
The carbon intensity of energy exported out of systems without storage can be calculated similarly to the Grid 
Mix Emission Factor as the weighted average of the generation types and their associated carbon intensities 
[10]. Intermediate storage of burdened energy causes a mixing of energies with different carbon intensities, 
complicating the assessment of exported emissions. 
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Figure 1. Graphical depiction of the three discussed emission export approaches. Emissions entering the 

system boundary can always be accounted for with the imported energy 𝐸̇𝑜𝑢𝑡
𝐺𝑟𝑖𝑑  and a grid emission factor (XEF 

or MEF) while the carbon emission intensity of the exported energy 𝐸̇𝑖𝑛
𝐺𝑟𝑖𝑑 depends on the chosen approach. 

A simple assumption to handle this complexity is that all carbon emissions remain within the system. Under 
this assumption, all exported energy is therefore carbon-free, regardless of origin. We will refer to this approach 
as No Emission Export (No-EE). The system’s total CO2 emissions can be calculated multiplying the 
imported energy with the chosen grid emission factor 𝑓𝑔,𝑡

em (XEF or MEF): 



 ∑ (∑ 𝐸̇𝑔,𝑡
𝑜𝑢𝑡

𝑡∈𝑇

∙ 𝑓
𝑔,𝑡
em)

𝑔∈𝐺𝑟𝑖𝑑𝑠

= Total CO2 Emissions (1) 

(See Appendix for further details on the model and its parametrization.) 

This approach is sometimes implicitly applied and represents a worst-case scenario for the evaluated 
system/microgrid [5,11]. Chen et al. [10] label this approach the “Carbon-Free Generator” model, highlighting 
the possibility to act as carbon-free energy supplier when the system is operated under this assumption. 

Alongside the development of the Marginal Emission Factor, another approach has emerged that bases 

emissions of exported energy on grid emissions. Here, the grid emission factor 𝑓
𝑡
𝐺𝑟𝑖𝑑 (XEF or MEF) is used for 

both imported and exported energy [7,12]: 
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= Total CO2 Emissions (2) 

The main purpose of this Grid-based Emission Export (Grid-based-EE) approach is to evaluate operational 
performance of renewable energy sources from an emission perspective. Since the exported energy of 
renewable energy sources like PV displaces grid electricity with a certain carbon intensity while not running on 
fossil fuels, the Grid-based EE accounting method can result in negative emissions for the systems. In this 
context, more negative emission values indicate a higher displacement of carbon-intensive grid electricity, 
particularly when export occurs during periods of high grid carbon intensity. The drawback of the Grid-based-
EE approach is that it does not reflect the microgrid’s actual produced and exported emissions. From an 
outside perspective, the microgrid acts as an energy provider with the same emission intensity as the current 
grid mix, if the XEF is applied. 

A third approach developed in recent years are the so-called Carbon Emission Flows (CEF) or Carbon Aware 
Power Flows. The fundamental idea of this approach is to introduce virtual emission flows analogous to energy 
flows. The introduction of these flows allows explicit tracking of emissions and their temporal shifts throughout 
energy systems, as well as accurate accounting of emission export. Several studies have advanced this 
methodology, introducing different implementation nuances [8,10,13–18].  

The Carbon Emission Flows 𝐶𝐸𝐹𝑖 can be determined as product of the energy flows 𝐸̇ and their associated 
carbon intensity 𝜔:  

 𝐶𝐸𝐹𝑖,𝑡   =  𝜔𝑖,𝑡 ∙ 𝐸̇𝑖,𝑡 (3) 

The carbon emission balance for a converter unit or a node (bus) U can be written as  

 
∑ 𝐶𝐸𝐹𝑖𝑛,𝑡

𝑖𝑛 𝜖 Αu

  =   ∑ CEF𝑜𝑢𝑡,𝑡

𝑜𝑢𝑡 𝜖 Οu

 
(4) 

The carbon intensity 𝜔𝑖,𝑡 is always specific to the source of the energy flow 𝐸̇𝑖,𝑡, which means incoming carbon 

flows’ intensity 𝜔in,𝑡 is specific to their source in 𝜖 Αu (the unit or node (bus) they originate from), while the 

carbon intensity of the outgoing flows is specific to the unit or node u itself (and not to the unit or node 
out 𝜖 Outhey connect to): 

 
∑ 𝜔𝑖𝑛,𝑡 ∙ 𝐸̇𝑖𝑛,𝑡

𝑖𝑛 𝜖 Αu

  =  𝜔𝑢,𝑡 ∙ ∑ 𝐸̇𝑜𝑢𝑡,𝑡

𝑜𝑢𝑡 𝜖 Οu

 
(5) 

With this formulation, the unit or node specific carbon intensity is calculated as average carbon intensity for all 
outgoing energy flows. This is commonly referred to as “proportional sharing principle” [10,16,18]. It implies a 
perfect mixture of the carbon emission flows at every converter unit or node. 

For energy storage, the carbon intensity of the discharge flow, which corresponds to the storage carbon 
intensity 𝜔𝑒𝑠 can be described as follows. 

 𝜔𝑒𝑠,𝑡+1 = 𝜆𝑒𝑠,𝑡 ⋅ 𝜔𝑒𝑠,𝑡 + (1 − 𝜆𝑒𝑠,𝑡) ⋅ 𝜔𝑖𝑛,𝑡 

 (6)  
with   𝜆𝑒𝑠,𝑡 ≔

𝜂𝑒𝑠
sdc𝐸𝑒𝑠,𝑡

𝜂𝑒𝑠
sdc𝐸𝑒𝑠,𝑡+Δ𝑡∙𝜂𝑒𝑠

ch𝐸̇𝑒𝑠,𝑡
in  

with 𝜂𝑒𝑠
sdcand 𝜂𝑒𝑠

chas self-discharge and charge efficiency, 𝐸𝑒𝑠 as energy storage level, 𝐸̇𝑒𝑠
in as charge flow and 

Δ𝑡 as time step duration. This formulation for the carbon intensity of energy storages was developed by Chen 
et al. [10]. In the following, only the characteristics of this equation are discussed, for the derivation it is referred 
to Chen et al. [10].  



A key feature of this CEF implementation is the explicit consideration of storage self-discharge as well as 
charging and discharging losses in the emission balance. As a result, the storage carbon intensity remains 
constant as long as the storage is not charged or empty (𝜆𝑒𝑠,𝑡 = 1). For an initially empty storage charged with 

burdened energy, the storage carbon intensity equals the carbon intensity of the charging flow 𝑤𝑖𝑛,𝑡(with 𝜆𝑒𝑠,𝑡 =

0). When a storage that already contains emissions is charged again, the resulting carbon intensity is given by 
a convex combination of the previous storage carbon intensity and that of the incoming flow. Chen et al. [10] 
also propose implementing a minimum storage level to ensure that Eq. (6 is well-defined and to avoid numerical 
issues caused by the undefined weight of an empty storage. 

Eq. 6 further shows that the storage carbon intensity depends on the storage level. While some approaches 
exist to integrate seasonal storage with temporally aggregated energy system models (e.g., [11,19]), storage 
levels themselves cannot be temporally aggregated. Consequently, Carbon Emission Flow calculations for 
systems with seasonal storage require full temporal resolution, entailing a significant computational burden. 

Additionally, since both energy flows or storage levels and carbon intensities are variables, the resulting model 
becomes at least a (mixed-integer) quadratically constrained program. This explains why system design 
optimization with CEFs for energy systems that include seasonal storage is computationally very challenging. 

However, once an optimization without CEFs has been completed, the resulting model variables can be fixed 
and treated as parameters. The model can then be extended with the CEF equations and solved in a post-
processing step to determine carbon emission intensities. Using Eq. (5 for converters and nodes, together with 
Eq. 6 for storages, all carbon intensities can be determined. In addition, carbon emission flows and storage-
related emissions can be derived. The system’s total CO2 emissions can then be calculated with 
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= Total CO2 Emissions (7) 

For further details on carbon accounting as well as associated challenges, we refer to Chen et al. [8]. 

3. Electricity contracts, grid fees and virtual storage 
To increase the economic viability of energy storages in local energy systems, we allow energy arbitrage with 
the power grid in our case study, assuming participation in the day-ahead-market for electricity import as well 
as export. In Germany, fixed feed-in tariffs for PV energy will be discontinued in 2026 [20]. PV electricity will 
presumably be sold through direct marketing and flexible electricity contracts are already available. Thus, this 
scenario can be considered realistic, even for a rather small company. 

We add a fixed amount of 0.06 €/kWh to the day-ahead-market prices for imported energy to account for grid 
fees. In Germany, energy storage (only) connected the power grid can be exempted from grid fees, avoiding 
double accounting and thereby increasing the economic viability of storage installations [21]. Currently, this 
exemption is not possible for energy storage which is not solely connected to the power grid but rather 
integrated into a local energy system (multi-use storage). Exempting multi-use storages from grid fees would 
exclude internally consumed energy from grid fees. Defining a practical approach for balancing such systems 
is a current topic of discussion [21,22]. 

To utilize this incentive in integrated systems, we propose introducing a virtual energy storage for each energy 
storage type within the local energy system that allows energy to be exported again. For our case study, this 
includes battery and hydrogen storage system while heat storage is excluded, since we do not consider any 
heat-to-power conversion. In general, the virtual storage is applicable und useful for any type of power-X-
power energy storage. The virtual storage level 𝐸𝑣𝑖𝑟𝑡_𝑒𝑠 can be defined analogous to the energy storage level 

as 

 
𝐸𝑣𝑖𝑟𝑡_𝑒𝑠,𝑡+1 = 𝐸𝑣𝑖𝑟𝑡_𝑒𝑠,𝑡 ⋅ (𝜂𝑒𝑠

sdc)
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⋅ 𝐸̇𝑣𝑖𝑟𝑡_𝑒𝑠,𝑡
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With 𝜂𝑒𝑠
𝑠𝑑𝑐, 𝜂𝑒𝑠

𝑐ℎ and 𝜂𝑒𝑠
𝑑𝑐as self-discharge, charge and discharge efficiencies of the corresponding real energy 

storage and 𝐸̇𝑣𝑖𝑟𝑡_𝑒𝑠
in  and 𝐸̇𝑣𝑖𝑟𝑡_𝑒𝑠

out  as virtual (dis)charge flows. 

The virtual storage level is constrained by the corresponding real energy storage level, while the virtual 
charging and discharging flows are constrained by the associated energy flows: 

 𝐸𝑣𝑖𝑟𝑡_𝑒𝑠,𝑡 <= 𝐸𝑒𝑠,𝑡,       𝐸̇𝑣𝑖𝑟𝑡_𝑒𝑠,𝑡
in <= 𝐸̇𝑒𝑠,𝑡

in ,      𝐸̇𝑣𝑖𝑟𝑡_𝑒𝑠,𝑡
out <= 𝐸̇𝑒𝑠,𝑡

out (9,10,11) 

To ensure that the virtual storage represents only the energy for arbitrage, the sum over all virtual (dis)charge 

flows for all virtual storages C is constrained by the grid import 𝐸̇𝑔𝑟𝑖𝑑
out  and export 𝐸̇𝑔𝑟𝑖𝑑

in . 

 ∑ 𝐸̇𝑛,𝑡
in

𝑛𝜖𝐶 <= 𝐸̇𝑔𝑟𝑖𝑑,𝑡
out ,    ∑ 𝐸̇𝑛,𝑡

out
𝑛𝜖𝐶 <= 𝐸̇𝑔𝑟𝑖𝑑,𝑡

in  (12, 13) 



This formulation restricts charging of the virtual storage to periods in which the associated physical energy 
storage is charged and energy is simultaneously imported from the grid. Likewise virtual discharge is only 
possible up to the amount of energy discharged from the physical energy storage and simultaneously exported 
to the grid. If a conversion of the energy carrier takes place between grid import/export and storage 
(dis)charging, as it is the case for a hydrogen system, the corresponding efficiencies are taken into account.  

The amount of virtual energy discharged and exported can be used as a measure of energy that is only 
stored temporarily for energy arbitrage and may therefore be exempt from grid fees. We discourage using 
imported virtual energy for this purpose, as some storage technologies, such as hydrogen systems, exhibit 
significant losses along the conversion and storage cycle. In contrast to exported virtual energy, imported 
virtual energy includes these losses. Exempting imported virtual energy from grid fees would therefore also 
exclude cycle losses. However, these losses represent internal consumption rather than energy used for 
arbitrage and excluding them would be inconsistent with the intended purpose of the incentive. 

It should be noted that the utilization of virtual storage to cut grid fees for integrated energy storage if used for 
energy arbitrage is only a theoretical consideration as of now and is not (yet) embedded in any legal framework. 

4. Case study 
As an exemplary investigation, this work focuses on a small-scale industrial site. Apart from the gas and power 
grid connections, we assume a greenfield scenario for the installation of the energy system. The system can 
be built from various units as illustrated in Figure 2. 

 

Figure 2. Structure of the investigated energy system with connections to the electricity and natural gas grid, 
hourly resolved power and heat demands, PV as renewable energy source, boiler, CHP, heat pump, 
electrolyzer, fuel cell and compressor as converters and heat storage, battery and hydrogen tank as energy 
storages. 

Fossil-based units include a Combined Heat and Power unit (CHP) and a gas boiler. Other options for heat 
supply are a low temperature heat pump or the use of waste heat from the fuel cell. A hydrogen system 
consisting of a Proton Exchange Membrane (PEM) electrolyzer, a compressor, a 200 bar compressed 
hydrogen storage tank and a PEM fuel cell can be used for energy storage. Additionally, a battery for electricity 
storage or a water tank for low temperature heat storage can be installed. Other types of energy storage, e.g. 
hydraulic, compressed air etc., are not included due to the scope of this study being a small industrial site. For 
renewable energy sources, only photovoltaic panel (PV) up to a maximum of 900 kWp are considered, due to 
the site’s space limitations. The generation is based on 2023 weather data from a location in the west of 
Germany [23]. Wind power is not included due to higher installation requirements. The grid connection for 
electricity is restricted to 350 kW. Electricity and gas grid connections are assumed to be available without 
additional costs. The hourly time series for electricity and heat demand are characterized by working hours 
from 6 a.m. to 10 p.m. on weekdays and strong seasonal heat demand fluctuations, since heat is only used 
for building and water heating. All time series, i.e. for electricity and heat demand, PV generation, electricity 
day-ahead-market as well as grid emission factors are based on the year 2023 to ensure accurate interactions. 
We use the Grid Mix Emission Factor (in hourly resolution) for the German grid mix, as provided by the “Green 
Grid Compass” [24]. 



The energy system is implemented as mixed integer linear program (MILP) in Pyomo [25,26] and solved with 
Gurobi [27]. The implementation of equation and constraints is adapted from similar works, e.g. [6,19,28,29]. 
The considered economic lifetime is 20 years, while the optimization was performed for one year in hourly time 
steps. See Appendix for further details on model constraints and parameters. 

 

5. Results 
In the following, we analyze the impact of carbon emission constraints on system design, operation, and 
associated costs by comparing the No Emission Export (No-EE) and Grid-based Emission Export (Grid-based-
EE) approaches. For this investigation, we use the Grid Mix Emission Factor as carbon emission intensity for 
the power grid and restrict the permitted carbon emissions of our system while optimizing the total annual 
costs. Optimization using the Carbon-Emission-Flow Emission Export (CEF-EE) was not feasible due to its 
high computational costs. Instead, we conduct a post-calculation of the Carbon Emission Flows and make a 
final comparison of the emission results on the optimized systems for all three approaches. 

As conventional reference system, only the boiler, CHP and heat storage are allowed, without any emission 
restriction. The resulting system design consists of a 117 kWth boiler with a 263 kWHth water tank, yielding 
direct CO₂ emissions of 52 tCO2/a form natural gas combustion and emissions imported via electricity of 
120 tCO2/a. Since no internal power generation or electricity storage is installed, no burdened electricity is 
exported, so all accounting approaches render the same result for this reference system. This conventional 
reference system corresponds to 100% CO₂ emissions with total system emissions of 172 tCO2/a. 

 

Figure 3. Total annual costs for energy systems optimized under the No-EE and the Grid-based-EE, plotted 
against the imposed CO₂ restriction. Right plot includes a break in the y-axis at 150 k€/a to improve the visibility 
of the results. Lines are included to improve visual guidance. 

It can be observed that, for both approaches, substantial CO₂ reductions are achievable without an excessive 
increase in total annual cost. For the No-EE approach, carbon emissions can be reduced to 30% while keeping 
total annual costs below 120 k€/a. Under the Grid-based-EE approach, apparent CO₂ reductions of around 

120% relative to the reference system increase the costs by one third. These apparent CO₂ reductions result 
from the accounting method, in which exported (PV) electricity is credited using the grid emission factor, 
leading to negative emission balances in the accounting sense, rather than representing physical negative 
emissions. The underlying system dynamics are examined in the following section, focusing on energy imports, 
exports, and local renewable energy generation.  

A key driver of CO₂ emission reduction is the expansion and utilization of local PV generation, which strongly 
influences energy imports and exports (Figure 4). For the No-EE approach (left), a system restricted to the 
same CO₂ emissions as the conventional reference system (100 %) mainly uses imported electricity and 
natural gas but already has a small local renewable energy generation (PV), indicating that PV installation 
offers an economic benefit. As CO₂ constraints tighten, PV capacity is extended up to the area-limited 

maximum of 900 kWp, which is reached at around 20 % CO₂ emissions. Electricity export from excess PV 
generation initially increases but decreases beyond this point, as energy is increasingly required internally to 
further reduce energy imports. Energy arbitrage here is insignificant as indicated by the virtual discharge.  



Similar trends can be detected for the Grid-based-EE approach (right), with two main differences. The first 
difference is that the maximum PV capacity is reached at around -25 % CO₂ emissions, since low (or negative) 
emission values are more easily achieved if exported electricity is associated with the grid emissions rather 
than its actual emissions. Second, instead of a further decrease in energy imports at stricter CO₂ constraints, 
electricity and even gas imports rise again, as electricity is imported during periods of low grid emissions and 
exported during periods of high grid emissions, also indicated by the increasing levels of virtual discharge. This 
emission arbitrage intensifies as CO₂ constraints tighten, requiring increasingly high local storage capacities, 
as discussed in the next section. 

 

Figure 4. Total annual energy imports, export, local RES generation and virtual discharge for energy systems 
optimized under the No-EE (left) and under the Grid-based-EE approach (right), plotted against the imposed 
CO₂ restriction. Lines are included to improve visual guidance. 

Taking a closer look at cost distribution (Figure 5), several trends can be observed. Under the No-EE 
approach, substantial CO₂ reductions can be achieved with minor impact on the total annual costs. At low CO₂ 

constraints – i.e., when the system exhibits high CO₂ emissions – total costs are dominated by variable OPEX, 
with smaller contributions from the CAPEX associated with a small PV system and a gas boiler. Installing a 
small PV is cost efficient, as the reference CO₂ emissions restriction could be achieved with the reference 
system even without PV.  



 

Figure 5. Annual Costs distribution for energy systems optimized under the No-EE (left) and under the Grid-
based-EE approach (right), plotted at the imposed CO₂ restriction. The costs consist of capital expenditure 
(CAPEX) distribution across different operation units and their associated fixed operational expenditure 
(OPEX) as well as the variable OPEX for gas and electricity. 

As CO₂ constraints tighten and system emissions decrease, PV capacity is expanded up to the site’s maximum 
available area, while expenditures on imported energy decline. Battery storage also increases in size, reaching 
its maximum capacity at around 10-15% CO₂ emissions relative to the reference system. At this CO₂ emissions 
level, commodity expenditures drop below zero, indicating trade profits from low energy imports and high 
energy exports due to excess PV generation.  

Under stricter CO₂ constraint (10%, 5%, or 0%), the system is complemented by a hydrogen storage system 
consisting of an electrolyzer, a fuel cell, a compressor, and a hydrogen storage, partially replacing the battery. 
This inclusion of a hydrogen storage system shows that for a nearly autarkic energy systems, a hydrogen 
storage system can be economically more favorable than a large battery system. Variable OPEX approaches 
zero at low CO₂ emission levels, because energy cannot be imported without also importing the associated 
carbon emissions, while internally generated (PV) electricity cannot be exported in large quantities, as it is 
required to sustain the local energy system. 

The Grid-Based Emission Export approach shows different characteristics. Here, under low CO₂ constraints 

and high system CO₂ emissions, high variable OPEX costs are also observed due to the commodities 
electricity and gas.  

As CO₂ constraints tighten, battery expansion is initially less pronounced than in the No-EE approach. A 

stronger expansion of battery capacity only occurs at negative system CO₂ emissions (in the accounting 

sense). Even under very strict CO₂ constraints, no hydrogen storage system is implemented. Energy storage 
in the Grid-based-EE system is not used solely for balancing local supply and demand (daily or seasonal). 
While storage still shifts energy from periods of high local production to times with demand-supply mismatch, 
it is also extensively used for emission arbitrage: electricity is imported when grid emissions are low and 
exported at times of high grid emissions. This dual use of storage allows the system to reduce its apparent 
CO₂ emissions by taking advantage of temporal variations in grid carbon intensity. For this energy and 
emission arbitrage, high cycle efficiencies are beneficial, favoring a battery system over a hydrogen storage 
system. 

As CO₂ emission constraints become stricter, variable OPEX decreases due to lower costs for gas and 
electricity. However, this reduction does not compensate for the additional expenditures associated with 
increased storage capacities (s. Figure 3). Consequently, the observed increase in energy arbitrage is not 
motivated by economic incentives, but rather by the goal of reducing system CO₂ emissions, emphasizing that 
the choice of carbon accounting method directly influences the system design and operating strategies. The 



implications of these operational strategies for the resulting system CO₂ emissions across different accounting 
approaches are analyzed in the following section. 

Figure 6 shows the CO₂ system emissions for all three introduced accounting approaches. As expected, the 
CO₂ emissions calculated with the respective accounting approaches used for restriction closely match the 

imposed CO₂ emission limit. Only for very high permissible emissions, i.e. 100 %, we can see that the 
optimized system design and operation for both approaches reach emission values lower than the reference 
conventional system, which is the benchmark at 100 % CO₂ emission with 172 t/a. That is due to the already 
mentioned optimized system design including a PV. This lowers not only the total annual costs of the system 
in comparison to the benchmark but also the CO₂ emissions regardless of accounting approach. 

For the optimizations restricted with the No-EE approach (Figure 6 left), the system emissions are significantly 
lower when evaluated using the Grid-based-EE approach. A minimum occurs at around 15-20 % permissible 
CO₂ system emissions, coinciding with maximum electricity export from excess PV generation. Under the Grid-
based-EE approach, these exports are associated with grid emission factors, resulting in apparent negative 
emissions (i.e. accounting credits due to displaced grid electricity). If the system emissions are evaluated with 
the CEF-EE approach, however, they are almost identical to the No-EE approach, because there is no local 
generation of burdened electricity (e.g. by a CHP) or energy arbitrage. Electricity is only exported in case of 
excess PV electricity generation, which is emission-free. 

Optimizations restricted according to the Grid-based-EE approach on the other hand show different accounting 
results (Figure 6 right). Again, the accounting approaches No-EE and CEF-EE deliver similar results, but only 
down to a restriction of system emission to around -25 %. At lower CO₂ restrictions, the system starts to exploit 
emission arbitrage by importing and exporting grid electricity during periods of low grid emissions and exporting 
it during periods of high grid emissions. But while the Grid-based-EE approach assigns high (grid) emission 
values to the reexported electricity, the same reexport of energy carries no emissions back out of the system 
for the No-EE approach. Under the CEF-EE approach, exported electricity carries a carbon burden that reflects 
its origin and possibly a mixing with renewable energy, and is therefore never higher than the emissions 
associated with its import. As a result, emission arbitrage does not lead to emission reductions under the CEF-
EE or the No-EE approaches, in contrast to Grid-based-EE approach. 

 

 

Figure 6. Total annual system emissions according to the three approaches No-EE, Grid-based-EE and CEF-
EE for energy systems optimized under the No-EE (left) and under the Grid-based-EE approach (right), plotted 
against the imposed CO₂ restriction. Lines are included to improve visual guidance. 

Consequently, a strong divergence between the accounting approaches is observed at low emission 
constraints and high levels of energy arbitrage. The No-EE approach represents an upper bound (worst-case) 
for system emissions, while the Grid-based-EE approach represents a lower bound. The CEF-EE approach 
provides the physically most consistent representation of actual system emissions. Overall, the results 



underline that the selected carbon accounting approach critically determines the interpretation of system 
emission performance and the perceived effectiveness of emission reduction strategies. 

6. Conclusion 
In this work, we investigated the impact of different carbon emission accounting approaches on energy system 
design and operation for a real-world example of a small industrial site. Using a conventional energy system 
as reference, we imposed CO₂ emission constraints under either the No Emission Export (No-EE) or the Grid-
Based Emission Export (Grid-based-EE). In addition, the resulting system emission are evaluated using all 
three accounting approaches, including the Carbon-Emission-Flow Emission Export (CEF-EE) approach.  

The results show that substantial CO₂ emission reductions can be achieved with only moderate increases in 
total annual costs for both the No-EE and Grid-Based EE approaches. While the No-EE approach enables 
emission reductions of up to approximately 70% without excessive cost increases, the Grid-Based EE 
approach allows for apparent negative emission levels at moderate cost increase due to the attribution 
(crediting) of grid emission factors to exported electricity. 

The underlying system behavior differs between the two approaches. Under the No-EE restriction, emission 
reductions are mainly achieved through structural changes in the energy system, namely the expansion of 
local renewable generation (PV), reduced energy imports, and increased deployment of storage technologies. 
At very low emission levels, when PV-generated electricity is seasonally shifted to cover demand, hydrogen-
based storage becomes economically favorable.  

In contrast, the Grid-based-EE approach promotes operational strategies such as temporal shifting of 
electricity imports and exports, leading to pronounced emission arbitrage. This increases energy flows and 
storage utilization without necessarily reflecting physical emission reductions. In this context, a battery storage 
system is favored over the hydrogen storage system due to its higher round-trip-efficiency, which is 
advantageous for arbitrage-driven operation. While this system behavior may reduce system-related grid 
emissions by shifting electricity from periods of high- to low-carbon periods, it does not directly correspond to 
physical emission reductions at the system level. 

The comparison of accounting methods further reveals significant differences in the assessment of system 
emissions. While No-EE and CEF-EE approaches yield similar and physically consistent results, the Grid-
based-EE approach can substantially underestimate physical emissions under strict constraints due to its 
treatment of exported electricity. Consequently, Grid-based-EE and No-EE can be interpreted as a lower and 
upper bounds of possible emission outcomes, whereas the CEF-EE approach provides the most physically 
consistent representation of actual system emissions. 

The findings underline that the choice of emission accounting methodology has a decisive impact not only on 
evaluated emission levels but also on the system design and operational strategies. In particular, results based 
on the Grid-Based EE approach, which enables emission arbitrage, should be interpreted with caution when 
assessing actual system emissions, especially in systems with energy storage or direct emissions. The 
occurrence of apparent negative emissions under the Grid-based EE approach is a methodological artefact 
arising from accounting credits rather than a physical reduction of emissions. However, it can still provide 
valuable insights into potential benefits for grid operation. 

Overall, the study demonstrates that substantial emission reductions are achievable in industrial energy 
systems, but that their assessment strongly depends on the chosen emission accounting approach. Further 
work could extend this analysis by applying marginal emission factors instead of grid mix emission factors and 
by developing optimization procedures directly based on carbon emission flows or suitable approximations. 
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Appendix A 
The key model constraints and parameters are presented below. 

The objective function of the model defines the total annual cost (TAC) as follows: 

 TAC =  ∑(Capex𝑘
annual + Opex𝑘

fixed)

𝑘𝜖𝐾

+ Opexvar  

with Capex𝑘
annual  =  (𝑐𝑘

b ∙ 𝑏𝑘
inst + 𝑐𝑘

m ∙ 𝐶𝑘)(𝑓𝑘
inst + 𝑓𝑘

𝑟 ∙ 𝛾𝑘
r) ∙ 𝑓ic ∙ 𝛾a  

     Opex𝑘
fixed =  (𝑐𝑘

b ∙ 𝑏𝑘
inst + 𝑐𝑘

m ∙ 𝐶𝑘) ∙ 𝑓𝑘
op

  



       Opexvar = ∑ ∑(𝐸̇𝑔,𝑡
out ∙ (𝑓𝑔,𝑡

𝑐 + 𝑓𝑔
fees) − 𝐸̇𝑔,𝑡

in ∙ 𝑓𝑔,𝑡
𝑐 )

𝑡𝜖𝑇𝑔𝜖𝐺𝑟𝑖𝑑

− ∑ ∑ 𝐸̇𝑛,𝑡
in ∙ 𝑓𝑛

fees

𝑡𝜖𝑇𝑛𝜖𝑣𝑖𝑟𝑡_𝑒𝑠

  

and 𝛾𝑎 =
𝑖𝑟𝑟(1+𝑖𝑟𝑟)𝐿

(1+𝑖𝑟𝑟)𝐿−1
,      𝛾𝑘

𝑟 = ∑ (1 + 𝑖𝑟𝑟)−∆𝑡𝑟∙𝑛𝑌
𝑛=1 ,       𝑌 = [

𝐿−1

∆𝑡𝑟 ],       𝑏𝑘
inst𝑀𝑘 ≥ 𝐶𝑘    

Energy storages are defined with the following equations: 

𝐸𝑒𝑠,𝑡+1 = 𝐸𝑒𝑠,𝑡 ⋅ 𝜂𝑒𝑠
sdcΔ𝑡

+ 𝛥𝑡 (𝜂𝑒𝑠
𝑐ℎ ⋅ 𝐸̇𝑒𝑠,𝑡

in −
1

𝜂𝑒𝑠
dc

⋅ 𝐸̇𝑒𝑠,𝑡
out ) 

𝐸𝑒𝑠,𝑡=T+1 = 𝐸𝑒𝑠,𝑡=1,            𝐸𝑒𝑠,𝑡 ≤ 𝐶𝑒𝑠 

Converters generally conform to the following constraints: 

𝐸̇𝐶𝑜𝑛𝑣
out = 𝐸̇𝐶𝑜𝑛𝑣

in ⋅ η1st,       𝐸̇𝐶𝑜𝑛𝑣
ref ≤ 𝐶𝐶𝑜𝑛𝑣 

The maximum capacity is restricted for the referenced commodity. Moreover, depending on type, there is 
possibly a secondary input/output relation between the respective commodities. Minimal part load is 
implemented with the bigM-formulation.  

Project/economic lifetime is assumed as 20 years, with an internal rate of return of 0.08 and indirect costs of 

30% (𝑓𝑖𝑐 = 1.3). 

Table A1. Cost and performance parameters of utilized units in the energy system model. 

Converter units cb, € cm, €/kW finst fop ∆tr, a fr partloadmin η1st η2nd Sources 

Compressor 150000 3500 (el.) 1.3 0.05   0.2 1 27 [30,31] 

PEM electrolyzer 1000000 1000 (el.) 1.3 0.06 8 0.3 0.2 0.6  [32,33] 

PEM fuel cell 10000 1000 (el.) 1.3 0.05 6 0.3 0.2 0.4 0.5 [34,35] 

Boiler 1000 100 (therm.) 1.5 0.03   0.2 0.9  * 

CHP 10000 1000 (el.) 1.5 0.08   0.2 0.35 0.5 * 

Heat Pump 2000 610 (therm.) 1.5 0.05 15 1 0.1 3  [36] 

Storage units cb, € cm, €/kWh finst fop ∆tr, a fr ηsdc ηch ηdc Sources 

Battery 2000 130 1.5 0.03 8 0.8 0.99993 0.95 0.95 [34,37] 

Heat Storage 1500 4 1.5 0.02   0.99917 0.9 0.9 * 

H2 Storage 0 15 1.3 0.03   0 1 1 [30] 

RES units cb, € cm, €/kWp finst fop ∆tr, a fr Cmax Sources    

PV 1000 500 1.5 0.01 20 0.9 900 [34] *independent research 

Nomenclature 
𝑏𝑖𝑛𝑠𝑡 installation binary 
𝐶 capacity, kW(h) 
cb base cost, € 
cm capacity-dependent costs, €/kW(h) 
CEF carbon emission flow, kg/h 
𝐸 energy, kWh 

𝐸̇ energy flow, kW 
𝑓𝑐 commodity price, €/kWh 

𝑓𝑒𝑚 emission factor, kg/kWh 

𝑓𝑖𝑐 indirect cost factor 

𝑓𝑖𝑛𝑠𝑡 installation factor 

𝑓𝑓𝑒𝑒𝑠 grid fees, €/kWh 
𝑓𝑜𝑝 fixed opex as fraction of uninstalled costs 
𝑓𝑟 replacement costs as fraction 

𝐾 component 

irr internal rate of return 
𝐿 project/economic lifetime, a 

M bigM value, kW(h) 

𝑡 time step 

Δ𝑡 time step duration, h 
∆𝑡𝑟 replacement period, a 

TAC total annual cost, €/a 

𝑌 component replacements 

Greek symbols 
𝛾𝑎 capital recovery factor/annuity factor 
𝛾𝑟 single payment present value factor 

𝜂 efficiency 

𝜆 weight for storage emission intensity 
𝜔 carbon intensity, kg/kWh  

Subscripts and superscripts 
Conv converter 
ch charge 
dc discharge 
es energy storage units 
Grids grid units 
in, out in- and outgoing 
min minimal 
max maximal 
op operation 
ref reference 
sdc self-discharge 
u unit or node 
var variable 
virt_es virtual energy storage 
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    𝛾  a =   i r r   ( 1 + i r r )  L    ( 1 + i r r )  L − 1


    𝛾  k  r =   ∑  n = 1  Y     ( 1 + i r r )  −   ∆ t  r ∙ n ,  


  Y =  [   L − 1    ∆ t  r ]


    b  k inst   M  k ≥   C  k


    E  e s , t + 1 =   E  e s ,   t ⋅     𝜂  e s sdc  Δ t + 𝛥 t  (   𝜂  e s  c h ⋅     E .  e s , t  in −  1    𝜂  e s dc ⋅     E .  e s , t  out )


    E  e s , t = T + 1 =   E  e s ,   t = 1


    E  e s , t ≤   C  e s


      E .  C o n v out =     E .  C o n v in ⋅  η  1 st


      E .  C o n v ref ≤   C  C o n v


    f  i c = 1 . 3
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