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Abstract – Electrification of industrial processes, transport systems, and corporate operations 
shifts emissions from direct fuel combustion to indirect emissions associated with electricity 
supply. Most corporate carbon accounting approaches still rely on annual average emission 
factors, which may misrepresent actual electricity-related emissions and reduce the 
comparability and reliability of corporate sustainability reporting. Therefore, more precise 
accounting of greenhouse gas emissions (GHG) for energy related activities is becoming 
increasingly important for meaningful corporate sustainability reporting. The selection of the 
data platform and database is summarised, and the attribution model is compared in detail. 
This study aims to compare four attributional models, production average, direct import, 
aggregated coupling and direct coupling, for the time-resolved carbon-accounting tool, which 
uses open ENTSO-E generation and cross-border flow data, smart-meter data and 
technology-specific life cycle emission factors. A qualitative review with a fictional case study 
example informs the comparison of attribution methods under consistent energy and emission 
boundaries. 

Keywords – Corporate sustainability; energy management; ESG; GHG protocol; organisation 
carbon footprint. 

1. INTRODUCTION  

1.1. Motivation and Research Rationale 

The decarbonisation of economic activities increasingly depends on the accuracy, 
transparency, and comparability of GHG accounting [1], [2]. Within the European Union, the 
Corporate Sustainability Reporting Directive (CSRD) and the accompanying European 
Sustainability Reporting Standards (ESRS) have substantially expanded mandatory climate-
related disclosures [3]. Energy-related disclosures are particularly important given the 
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substantial contribution of energy production and consumption to GHG. At the industrial 
level, changes in energy-related emissions reflect changes in production activity, energy 
intensity, fuel mix and emission intensity [4]. Understanding these relationships is therefore 
necessary for identifying effective decarbonisation measures. 

Electricity already plays a central role in industrial energy consumption. According to 
Eurostat’s Complete Energy Balances dataset [5], electricity accounted for approximately 
33 % of final energy consumption in the EU industry sector in 2023, making it the largest 
single energy carrier used in industrial production. Decarbonisation pathways anticipate 
further electrification across industrial and service sectors, alongside improvements in energy 
efficiency and the expansion of renewable electricity generation [6], [7].  

At the European level, the average GHG emission intensity of electricity generation has 
declined over recent decades alongside renewable deployment and climate policies [8]. 
However, declining annual averages do not eliminate short-term variation in the generation 
mix or its emission intensity. In the Baltic and Nordic-Baltic region, increasing wind and 
solar generation, sector coupling and energy-system integration are expected to reshape 
electricity supply and demand [9], [10]. Accommodating variable renewable generation 
requires flexibility, storage and cross-border coordination [11], [12].  

In interconnected electricity systems participating in markets such as Nord Pool, cross-
border exchanges and generation patterns vary within and between days [13]. Hydrological 
conditions, demand, renewable availability and trading patterns consequently contribute to 
differences in electricity carbon intensity over time and between locations [14]–[16]. 
Industrial demand also requires sufficient differentiation: a process-based TIMES study used 
energy-audit data from 122 Latvian companies to distinguish process heat, machinery, space 
heating and other energy uses across industrial subsectors [17]. Such differences in end uses 
provide an additional reason to examine electricity consumption beyond aggregate annual 
totals. 

Transport electrification further increases the importance of electricity-related emissions. 
Electric vehicle (EV) deployment is projected to contribute to electricity demand growth over 
the coming decades [18], [19], while electrification of corporate fleets and wider electric 
mobility adoption are also relevant in the Baltic and Nordic-Baltic region [20], [21]. 
Replacing combustion-engine vehicles to EVs shifts operational energy use from direct fuel 
combustion to electricity consumption [13]. The resulting climate performance depends a lot 
on the electricity supply mix, as recognised in vehicle life-cycle assessments [23], [24]. 
Where electricity generation remains dependent on carbon-intensive sources, electrification 
retains associated upstream emissions [23]. For companies purchasing electricity to operate 
their fleets, this transition also changes the relative importance of direct combustion 
emissions and indirect electricity-related emissions in their GHG reporting. 

These variations become particularly relevant when electricity consumption is concentrated 
in specific periods. Research on hydrogen and e-fuel production shows that the number of 
hours during which electricity meets specified low-carbon thresholds varies considerably 
throughout the year [25]. Accordingly, an assessment based on annual-average electricity 
intensity may reach a different conclusion from one that aligns electricity consumption with 
hourly emission factors. This illustrates why the temporal resolution of electricity data 
matters when evaluating electrification and identifying opportunities to reduce electricity-
related emissions. 

The GHG Protocol provides standardised accounting principles, but implementing 
electricity accounting at higher resolution requires additional methodological choices. In line 
with GHG Protocol accounting principles, the digital sustainability reporting tools typically 
combine user-provided activity data with emission factors and present results by scope, 



Environmental and Climate Technologies 

 ____________________________________________________________________________ 2026 / 30 

 
560 

category, product or activity [26], [27], but the ability to represent temporal and geographical 
differences consequently depends on the underlying data and calculation methods, which 
currently do not resolve the relationship between the timing of electricity consumption and 
changes in electricity carbon intensity.  

Literature reports approaches for real-time carbon-intensity estimation and marginal 
emission factors [15], and corporate accounting applications could move towards 
distinguishing physical electricity attribution from the allocation of contractual electricity 
attributes. However, currently there is no uniform agreement or guidelines for a framework 
incorporating high-resolution electricity data to select an attribution approach appropriate to 
the intended reporting or decision-making purpose. Therefore, this study aims to construct a 
comparative methodological framework for selecting electricity-attribution approaches for 
the sustainability tool reporting GHG emissions of electricity consumption.  

This is a methodological paper supported by a focused literature review (section 1.2). It 
reviews existing attribution approaches and compares how they treat domestic generation, 
cross-border exchange and contractual claims. The models themselves are not new, therefore 
the contribution is an application-driven evaluation: (i) criteria derived from the requirements 
of a corporate Scope 2 tool, (ii) a residual-mix adjustment applied after the physical 
attribution, so that location-based and market-based values stay consistent, and (iii) an 
assessment of how each model can be implemented with ENTSO-E data 

1.2. Electricity Attribution Methods for Time-Resolved Carbon Accounting 

Electricity-related GHG emissions can be assigned to consumers using different accounting 
principles. Production-based accounting describes emissions associated with generation 
within a defined area; consumption-based accounting additionally considers electricity 
exchanges. Contractual accounting assigns generation attributes according to eligible 
purchasing instruments, whereas consequential analysis estimates change in emissions 
resulting from an intervention. In early methodological comparison [28] demonstrated that 
alternative treatments of cross-border electricity exchanges produce different emission 
allocations and policy incentives. A subsequent review [29] compared electricity emission 
estimation methods and recommended selecting models according to the characteristics of the 
electricity demand and the objective of the assessment. 

A domestic production factor combines the emission factors of generation technologies 
using their respective electricity outputs as weights. It provides a transparent reference for 
the generation occurring within a national or regional boundary. However, applying this 
factor to domestic consumption does not account for differences between the electricity 
generated within the area and the electricity exchanged with neighbouring systems. The 
treatment of imports and exports consequently becomes important when the objective is to 
allocate emissions to electricity consumers [28]. 

Assigning imports the neighbouring country’s domestic production factor is a 
simplification: that country may itself import and re-export electricity. A network formulation 
can account for this upstream contribution by linking the balances of the represented areas. 
However, its output remains an allocation conditional on the mixing assumption, spatial 
aggregation and available flow data; it is not a direct observation of which generator supplies 
each individual consumer [16]. 

The simplest way to include imports is to value them at the production mix of the exporting 
neighbour. Here this is called direct import; it is a descriptive label, because the sources 
reviewed do not give this approach a common name. Its weakness is already described above: 
the neighbour may itself have imported the electricity. Proportional sharing, also called flow 
tracing, removes this weakness [30], [31]. Electricity from all sources is assumed to mix in 
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each zone, so everything that leaves a zone, whether consumed there or sent on, has the same 
mix as everything that entered it. Applied zone by zone, this gives the consumption mix of 
every zone, including electricity that crossed several borders [16]. 

Two approaches of proportional sharing exist. In direct coupling, all generation of the zone 
is mixed with its imports before anything is consumed or exported. In aggregated coupling, 
each zone first covers its own demand with its own generation, and only the net import or net 
export is exchanged with the network. The two approaches give similar results for large zones, 
but differ for small, well-connected countries, where imports are large compared with local 
generation [32]. 

Contractual (market-based) accounting is also attributional, but it answers a different 
question: which generation a buyer has contracted for, and not which generation supplied the 
grid when the electricity was used. Guarantees of origin (GOs) claimed by buyers must be 
removed from the residual mix, which for Europe is published annually by the Association of 
Issuing Bodies [33]; otherwise the same renewable electricity is counted twice, once by the 
certificate holder and once by location-based users [34], [35]. 

2. METHODOLOGY 

The study evaluates three connected components of a time-resolved electricity carbon-
accounting tool: the electricity-data platform, the life cycle inventory database and the 
electricity attribution model for a tool structure presented in Fig. 1. 

 
Fig. 1. Tool for Time-Dependent Electricity Carbon Accounting. 

The described tool combines generation by technology and physical cross-border flows 
with company smart-meter data and technology-specific emission factors. Within the scope 
of this framework the electricity attribution model must deliver an hourly consumption mix 
by generation technology, built from open data, for location-based Scope 2 reporting, and a 
basis for the residual-mix adjustment needed for market-based reporting. 

2.1. Selecting the Data Sources for Defined Tool 

Nord Pool and the ENTSO-E Transparency Platform are screened as candidate sources of 
electricity activity data [36], [37], taking into consideration data availability for generation 
disaggregated by technology, directed physical cross-border flows and identifiable areas, time 
series that can be aligned to hourly company data, coverage of the interconnected areas 
needed to trace imports, documented access, extraction and reuse conditions. The selected 
primary platform must support generation and physical-flow inputs over a declared study 
boundary. Market trades cannot be treated as substitutes for physical flows.  
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The inventory screening compares Ecoinvent 3.11, Environmental Footprint (EF) compliant 
datasets and EXIOBASE 3 as three distinct data structures [38], [39]. The evaluation are 
electricity-technology detail, access to inventories or documented factors that separate 
generation-stage emissions from other life-cycle burdens, geographical and temporal 
representativeness, transparent system modelling, units and characterisation, updates and 
access conditions.  

Database is selected for its fit to the required technology-factor calculation, rather than 
labelled universally suitable or unsuitable for corporate accounting. Technology factors must 
have the possibility to be characterised by IPCC GWP100 impact method for estimation of  
g CO2eq per energy unit produced, with the assessment-report version and treatment of gases 
recorded alongside the database release, system model, dataset identifiers and geography. 
Another important aspect is ability to distinguish the Scope 1 Scope 2, Scope 3 emission 
categories. 

2.3. Selecting the Electricity Attribution Model 

The study evaluates electricity attribution models given Table 1 to analyse their direct 
relevance to electricity mix attributes, electricity flow tracing, and disaggregation of final 
GHG emissions at the consumer. Each stage of the framework in Figure 1 places a 
requirement on the attribution model. Three are set by the framework and treated as pass or 
fail: an hourly result, a split by generation technology and open data. A model that fails one 
criterion cannot be used. 

TABLE 1. THE ATTRIBUTION MODELS UNDER EVALUATION 

Model Own generation, imports and exports 

Production average (PA) Own generation: all consumption is supplied from the own generation of the zone in 
the same hour. Imports and exports: not considered. 

Direct import (DI) Own generation: covers consumption first. Imports: the rest comes from the exporting 
neighbours, with the mix of their own generation. Exports: not considered; the imports 
of the neighbours are not traced. 

Aggregated coupling 
(AC) 

Own generation: covers consumption first. Imports: only the net import is taken from 
the network. Exports: only the net export joins the network, where it mixes with the 
inflows and passes through the zone. 

Direct coupling (DC) Own generation: all generation joins the pool of the zone. Imports: all inflows join the 
same pool. Exports and consumption: both have the mix of the pool. 

Considering the findings in literature, Table 2 shows the questions that are used in the study 
to evaluate the attribution model suitability based on the fictional case study: does the model 
attribute electricity credibly, does it fit reporting, including contractual claims, and can it be 
implemented with ENTSO-E open-source data. The questions are built from the issues the 
literature raises [32], [34]–[36]. 

Each model is judged on each criterion as strong, moderate, or weak correspondence. No 
weights or totals are used, because the criteria are not exchangeable: simplicity does not offset 
wrong attribution of imports. 

To complement the evaluation and make the results easier to interpret, the four models 
applied to one fictional case of three zones in a chain: A to B to C.  The fictional case scenario 
is shown in Fig. 2. For each model, the mix and emission intensity of 1 kWh consumed in 
zone C are calculated for both hours for comparative purpose. The consumer is in zone C, 
whose total consumption is 50 kWh in each hour is a small part of total 130 MWh consumed 
in zone C over 2 hours. Emission intensities are given per kWh and do not depend on the size 
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of the company, so the company result is the consumption in each hour multiplied by the 
intensity of that hour. For each electricity attribution model and hour, the mix of 1 kWh 
consumed in zone C is obtained, giving the shares of renewables (hydro and wind), gas and 
coal. 

TABLE 2. QUESTIONS USED TO EVALUATE THE ATTRIBUTION MODELS 

Question Reason 

Does the mix include the electricity available to the 
consumer, including imports? 

Consumption- and production-based values in 
countries differ [16], [32] 

Are the original sources of transit imports represented? Transit flows change results [32] 

Does attributed volume equal generated volume, per 
technology? 

Double counting [34], [35] 

Does it fit location-based Scope 2 reporting for the 
consumption zone? 

Reported separately [34], [40] 

After claims are removed (residual mix), does it still 
conserve generation? 

Residual mixes remove claims [33], [34], [41] 

Is open-source data enough? Data problems related to [36] 

Is data gap or error acceptable? Gaps are common in open data [36], [42] 

 
 

Fig. 2. Example case of three zones with generation by technology, consumption and flows (MWh per hour). 
 

Based on the example, the emission intensity, closure ratio, total emissions attributed to 
Zone C consumption and the difference to DC attribution is estimated. Emission intensity  
(g CO2eq/kWh) is the sum of these shares multiplied by the emission factors of the 
technologies. The closure ratio is used to check consistency over all zones and both hours, 
estimated as the emissions attributed to consumers (consumption of each zone multiplied by 
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its intensity) divided by the emissions generated (generation of each technology multiplied 
by its emission factor), where a value of 1.00 means that no emissions are lost or counted 
twice. The company result (kg CO2eq) is its consumption in each hour multiplied by the 
intensity of that hour, added for the two hours. The difference to DC is the company result of 
each model compared with that of direct coupling, in percent. Positive values mean higher 
emissions than direct coupling. 

3. METHODOLOGY 

3.1. Data Sources for Developed Model 

A comparative evaluation of available electricity data platforms was conducted to identify 
the most suitable data sources for the proposed electricity carbon attribution model. Two 
major electricity data platforms were analysed: Nord Pool and ENTSO-E Transparency 
Platform. Table 3 compares the two platforms suitable for obtaining data for time energy 
attribution model and the GHG emission intensity accounting. Based on the analysis, ENTSO-
E is selected as the primary activity-data source because its documented generation and 
transmission data support a common network representation. This selection is conditional on 
area-specific completeness, time alignment and explicit treatment of external supplies. Nord 
Pool remains relevant for market information and available regional operating data. 

TABLE 3. COMPARISON OF PLATFORMS FOR ELECTRICITY GENERATION AND FLOW ANALYSIS 

Platform  NORDPOOL ENTSO-E 

Geographical 
coverage 

Nordic and Baltic regions All European countries 

Data focus Generation data, market prices, trading 
dynamics 

Generation types, cross-border flows, system 
operation 

Access 
requirements 

Registration required; paid access Free access 

Data retrieval 
method 

Web interface, API Web interface, API 

Data resolution Hourly and daily data Hourly and daily data 

LCI datasets ensure that environmental reporting, including the GHG emissions, is 
transparent, verifiable, and aligned with international sustainability reporting standards. 
When more detailed sector-specific information is required, many databases provide 
specialized datasets for individual products and industrial processes. Table 4 summarizes 
major LCI databases categorized according to their application areas and characterized by 
studying their structure and application possibilities. 

Based on the comparison presented in Table 3, the Ecoinvent 3.11 database was selected as 
the primary data source for GHG emission estimates in this study. The selection was primarily 
motivated by the process-based structure of the database and its high level of modelling 
flexibility, which allows detailed representation Scope 1, Scope 2 and Scope 3 GHG 
emissions by daring the unit processes data. This approach is consistent with widely adopted 
GHG accounting frameworks from international standardisation organisation (ISO) [43]–[46] 
and supports transparent allocation of emissions across different stages of the value chain. 
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TABLE 4. CHARACTERIZATION OF LCI DATABASES 

Criterion Ecoinvent Environmental Footprint  EXIOBASE 

Database type Process-based Process-based  Environmentally extended 
input–output  

Level of detail Very high (unit and 
system processes) 

Medium (aggregated 
processes) 

Low–medium (sector 
level) 

Ability to modify 
product systems 

High Limited Low 

Sector coverage Multi-sector EU-focused multi sector Global economic sectors 

Geographic coverage Global with regional 
datasets 

Mainly EU Global 

Number of datasets More than 20 000 datasets Around 4000 datasets Around 200 sectors 

Modelling flexibility High Medium Low 

Typical application Product LCA, 
environmental modelling 

PEF/OEF environmental 
footprint studies 

Macro-economic 
environmental footprint 
analysis 

Compliance with GHG 
protocol 

Compatible with Scope  
1-3 accounting 

Partially (designed for PEF 
rather than corporate GHG) 

Not suitable for corporate 
GHG accounting 

Suitability for detailed 
electricity flow model 

High Medium Low 

3.2. Example of Attribution Model Application 

The fictional case illustrates how alternative treatments of local generation and cross-border 
flows affect the electricity mix attributed to consumers. Fig. 3 presents the technology 
composition of 1 kWh consumed in zone C, while Table 5 summarises the corresponding 
emission intensities, system-wide emission closure and emissions attributed to the company’s 
100 kWh consumption. 

 
Fig. 3. Mix of 1 kWh consumed in zone C under five models (numbers above the bars are g CO₂e per kWh). 

The differences are most pronounced in the first hour, when renewable electricity flows 
from zone A through zone B towards zone C. PA considers only generation within zone C 
and therefore produces the highest emission intensity, at 783 g CO₂eq/kWh. DI incorporates 
imports from zone B but values them using B’s production mix, without tracing its renewable 
imports from zone A. Its resulting intensity is 481 g CO₂eq/kWh. Both coupled models 
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account for the upstream contribution from zone A, giving lower intensities of 294 g 
CO₂eq/kWh for AC and 350 g CO₂eq/kWh for DC. Their difference reflects the allocation 
convention: AC prioritises local generation for local consumption, whereas DC assigns the 
same mixed attributes to consumption and exports. In the second hour, the smaller renewable 
contribution from zone A reduces the difference between the coupled models. 

For the company consuming 50 kWh in each hour, the attributed emissions range from 
36.9 kg CO₂eq under AC to 70.0 kg CO₂eq under PA and the annual-average reference. The 
annual-average and PA results coincide because consumption is equally distributed between 
the two hours and the reference factor equals the mean of the hourly production factors. 
Nevertheless, the annual-average approach conceals the hourly variation represented by PA. 
Relative to DC, the company result is 68 % higher under these two approaches, 20 % higher 
under DI and 11 % lower under AC. 

TABLE 5. EMISSION INTENSITY AND CONSISTENCY CHECK OF CASE STUDY OUTPUTS 

Model 
Hour 1,  
g CO2eq/kWh 

Hour 2,  
g CO2eq/kWh 

Closure ratio 
Final load,  
kg CO2eq 

Difference to DC 

Annual average (reference) 700 700 1.84 70.0 +68 % 
Production average (PA) 783 617 1.86 70.0 +68 % 
Direct import (DI) 481 520 1.30 50.1 +20 % 
Aggregated coupling (AC) 294 445 1.00 36.9 –11 % 
Direct coupling (DC) 350 483 1.00 41.6 – 

The closure ratio provides a separate assessment of consistency across the entire system. 
AC and DC both achieve a ratio of 1.00, while the annual-average reference, PA and DI 
allocate more emissions to consumption than are generated within the defined boundary. 
However, the different company results under AC and DC demonstrate that aggregate 
emission conservation does not uniquely determine the allocation to individual consumers. 

3.3. Attribution Model Selection and Discussion  

Model selection must consider both system-wide consistency and the suitability of the 
allocation convention for the intended application. PA ignores imports and exports and 
attributes generation to the wrong consumers, but at the same time is the easiest to implement 
and explain. DI includes imports but loses the original source when the neighbour itself 
imported the electricity, as zone B does in hour 1; it needs only direct-neighbour flows and 
is easy to explain. AC, and DC trace imports to their original sources, balance the emissions 
and stay consistent after the residual-mix adjustment. They differ in one assumption: in AC 
a zone that imports on balance uses its own generation locally first, so it is not passed on even 
if the zone also exports; in DC, generation and imports are mixed before anything leaves the 
zone. DC is the approach used in published flow-traced European data [16], [32], which 
allows cross-checking. AC also needs the load of every zone to classify imports and exports, 
so it is the most sensitive to data errors, but both are harder to explain then rest of attribution 
models as they process more data and therefore also are more data-demanding. 

No model is best on every question investigated as defined in Table 2. PA and DI are simple 
and need little data, but they do not trace imports consistently and cannot represent claims. 
DC and AC conserve generation and respond to claims but need complete flow data and 
spread errors. For the defined tool the results support DC as the default physical attribution; 
AC is suitable only when the information related to consumption of the exact type of mix is 
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available for the consumer (e.g., information on bought energy mix, currently not traced); DI 
and PA only as flagged fallbacks when flows are missing. 

The limitations of the study are mostly connected to the simplified fictional example used 
for electricity grid evaluation; the application of green certificates is not investigated and the 
judgements are qualitative. The emission factors are annual values per technology applied to 
hourly generation, so the hourly result changes only through the mix and not through the 
factors. Validation with real network data and a sensitivity analysis of data gaps remain for 
future studies. Moreover, ENTSO-E data can have gaps, revisions, and flows from zones 
outside the data area are missing. These errors can enter the result directly, and under AC and 
DC they spread downstream. Therefore, an appropriate handling procedure for errors must be 
defined for the tool when used in practice. 

4. CONCLUSIONS  
This study analyses the model for calculating energy-related GHG emissions that integrates 

real-time electricity system data, life cycle emission factors, and company-level energy 
production information. The proposed approach addresses limitations of conventional 
corporate carbon accounting tools that rely on static national-average electricity emission 
factors and therefore do not adequately capture the dynamic and interconnected nature of 
modern energy systems. 

Four attributional electricity models, production average, direct import, aggregated 
coupling and direct coupling, were compared qualitatively by judgements related to their 
physical attribution, reporting fit including a residual-mix adjustment, and implementability 
with ENTSO-E data. The models require different inputs from the ENTSO-E Transparency 
Platform. No model was best on every criterion: the simple models are easy to implement but 
inconsistent; the coupling models are consistent but need complete flow data.  

For the scope of carbon reporting tool, direct coupling is the most suitable physical basis, 
while simpler models have fallbacks related to a residual-mix adjustment after the attribution. 
The direct coupling allows the integration of LCI datasets for technology-specific emission 
factors that distinguish between direct operational emissions and upstream supply-chain 
emissions.  

The contribution is the evaluation and the implementation rules. The findings are 
qualitative, therefore future work should repeat the comparison on real ENTSO-E data, test 
the sensitivity to data gaps, extend to including the residual-mix based on renewable energy 
certificates for energy consumption. Future work should document the complete dataset 
mapping and factor configuration, validate the implementation with observed network data, 
and address storage, losses, missing data, residual mix handling and contractual temporal 
matching. 
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