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Abstract

Current carbon accounting in the power sector often relies on annual average emission fac-
tors, which suffer from ill-defined system boundaries, update delays, and insufficient tem-
poral granularity. To address these limitations, this study introduces a high-spatiotemporal-
resolution dynamic measurement model for grid carbon emission factors, grounded in
carbon emission flow theory. Applied to a regional grid in northern China, the model
employs nodal carbon—emission—flow balance to construct system-level matrix equations.
This approach accurately traces the spatiotemporal transmission paths of carbon emissions,
enabling refined, node-level, and hourly carbon accounting. A case study demonstrated
that our model significantly outperformed existing static methods based on interprovin-
cial power exchange in both resolution and accuracy. The results revealed pronounced
spatiotemporal heterogeneity in grid emission factors: diurnal fluctuations reach up to
45% in maximum deviation, closely coupled with renewable energy output, while spatial
disparities between high- and low-emission regions reach a factor of 4.7, highlighting the
critical roles of generation mix and grid topology. This study confirms that high-resolution
emission factors effectively overcome the biases of traditional methods, providing a critical
data foundation for green electricity trading, demand-side response, and regionally differ-
entiated emission-reduction policies. Our approach offers key methodological and policy
insights for building new-type power systems and advancing carbon neutrality goals.

Keywords: carbon emission flow; power grid; dynamic emission factors; spatiotemporal
heterogeneity

1. Introduction

With the rapid growth of electricity demand and the continued dominance of fossil-
fuel-based generation in China’s power system, accurate accounting of electricity-related
carbon emissions has become increasingly important for carbon responsibility allocation
and low-carbon transition [1-4]. However, the accounting of electricity-related carbon
emissions in China still predominantly relies on annual average grid emission factors [5,6].
This conventional approach has several limitations, including ambiguous system bound-
aries, delayed emission factor updates, and insufficient representation of renewable energy
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intermittency [7,8]. Previous studies have shown that neglecting grid interconnectivity
and temporal variability can lead to systematic errors, with discrepancies ranging from
10% to over 80% depending on the accounting boundary [9]. In contrast, high-resolution
carbon emission factors improve accounting accuracy, enable real-time updates, and better
support the energy transition.

Existing studies on power grid carbon emission factors have improved regional,
provincial, and enterprise-level accounting by incorporating interregional power exchanges
and shared responsibility principles [10-14], and have explored the use of dynamic emis-
sion factors as operational signals in system optimization and demand response [15,16].
Nevertheless, many existing approaches remain limited in their ability to capture fine-
grained spatiotemporal heterogeneity at the nodal level, particularly under increasing
renewable penetration.

The necessity and application value of high-spatiotemporal-resolution dynamic emis-
sion factors have also attracted widespread attention worldwide. Studies in power systems
with high solar penetration indicate that annual accounting tends to overestimate pho-
tovoltaic emission reduction benefits [17,18]. Large-scale end-user data analyses further
indicate that, in regions with high renewable penetration, annual accounting may lead to
deviations of up to £35% [19]. In addition, analyses of power systems with a high share of
renewable energy reveal that carbon emission intensity does not exhibit a stable correlation
with electricity demand peaks, while base-load supply remains more dependent on fossil
fuels, underscoring the critical importance of time-varying emission factors for system
optimization [20]. Concurrently, recent studies have increasingly concentrated on real-time
or near-real-time monitoring of electricity-related carbon emissions to support operational
decision-making and carbon-aware electricity consumption in power systems with high
renewable penetration [21,22].

In summary, most existing static or provincial-scale accounting approaches are unable
to adequately characterize the combined temporal variability and spatial heterogeneity
of carbon emission intensity within interconnected power grids [5,23,24]. Therefore, the
development of high-resolution dynamic carbon emission factor measurement methods
that capture spatiotemporal system characteristics while ensuring accounting accuracy and
providing operational guidance has become an inevitable pathway for advancing refined
carbon management in the power sector.

This study develops a high-spatiotemporal-resolution dynamic measurement frame-
work for grid carbon emission factors based on carbon emission flow theory. Specifically,
(1) a time-step nodal accounting workflow driven by quasi-real-time operational data is
established, including data preprocessing, power-flow completion (if needed), matrix con-
struction, and system-level equation solving; (2) nodal and time-resolved emission factors
are derived with clear physical interpretability in terms of carbon propagation, mixing, and
allocation along power flows; and (3) a regional case study reveals pronounced spatiotem-
poral heterogeneity (intraday deviations up to 45% and spatial disparities up to 4.7 times),
demonstrating the limitations of annual-average approaches and providing a data basis
for refined accounting and low-carbon applications. The incremental contribution of this
work is to operationalize it into a time-step, nodal, data-driven workflow that can quantify
within-grid spatiotemporal heterogeneity under real operational power-flow conditions,
rather than relying on annual or regionally averaged factors.

2. High-Resolution Carbon Emission Factor Measurement Method for
Power Grids

Power grid carbon emission factors constitute a core parameter for quantifying the
carbon footprint of electricity consumption, evaluating the effectiveness of emission re-

https://doi.org/10.3390/en19040950


https://doi.org/10.3390/en19040950

Energies 2026, 19, 950

30f12

duction policies, and supporting transactions in green electricity markets. Conventional
grid carbon emission factors are typically derived as annual or regional averages based
on macro-level statistical data. Such approaches are temporally static and spatially ho-
mogeneous, and do not reflect instantaneous changes in generation mix, power flow, or
load demand. This coarse-grained accounting approach obscures the true spatiotemporal
heterogeneity of carbon intensity associated with electricity consumption [25], and there-
fore fails to provide accurate signals for refined carbon accounting, demand-side response
incentives, and low-carbon power system scheduling. In some periods or regions, they may
even lead to misleading assessments of renewable energy integration and utilization [26].
To address these limitations, this study proposes a high-resolution dynamic carbon emis-
sion factor measurement model based on carbon emission flow theory. The proposed
model enables precise tracking of carbon emission propagation and aggregation pathways
within the power grid, allowing for dynamic and accurate quantification of electricity
consumption-related carbon emission factors at any node and at any time.

2.1. Theory of Carbon Emission Flow in Power Grids

In power systems, electricity flows strictly obey Kirchhoff’s laws and the power-flow
equations. Because electricity is physically homogeneous, its generation source cannot be
directly distinguished once injected into the grid. From a carbon-accounting perspective,
however, electricity generated from different sources—such as coal, hydropower, solar, and
nuclear—carries fundamentally different carbon attributes. Fossil fuel-based generation
is associated with substantial CO, emissions, whereas hydropower, solar, and nuclear
generation have zero direct emissions.

To quantitatively describe how these heterogeneous carbon attributes propagate
through the power grid, the concept of carbon emission flow is introduced. This con-
cept has been validated and widely applied in studies on carbon responsibility allocation
and emission tracing in power systems [27-29]. Carbon emission flow is defined as a virtual
flow superimposed on the physical power flow, representing the carbon emissions required
to support the transmission of electricity along each branch of the network [30]. Although
it does not correspond to a physical substance, it serves as an information flow that char-
acterizes the carbon intensity associated with electricity transmission. The magnitude of
the carbon emission flow on a given path is jointly determined by the transmitted power
and the carbon emission intensity of the electricity source. Based on the concept of carbon
emission flow, a nodal carbon emission factor can be defined. This factor represents the
amount of carbon emissions attributable to an incremental unit of electricity injected or
consumed at node i at time ¢, and is typically expressed in kgCO, /MWh or tCO, /MWh.
For generation nodes, the emission factor is determined by fuel type, conversion efficiency,
and emission control technologies. For load or interconnection nodes, the emission factor is
calculated as the power-weighted average of the emission factors of all incoming electricity
flows. Consequently, the collection of nodal carbon emission factors across the grid forms
a time-varying vector that accurately reflects the spatiotemporal distribution of carbon
intensity within the power system.

2.2. Dynamic Measurement Model Based on Nodal Carbon-Flow Balance

The core idea of the dynamic accounting model adopted in this study is analogous to
the Quasi-Input-Output (QIO) model in environmental economics, in which each node in
the power grid is treated as a processing unit that follows the balance principle of “inputs
equal outputs” [31]. After the injected generation, load consumption, and the direction and
magnitude of branch power flows at each node are determined, the nodal carbon potentials
are solved through the carbon flow balance equations. In this way, the spatial distribution
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of carbon emission flows in the power system can be quantified. To construct the dynamic
accounting model, the following assumptions are adopted: (1) at any time ¢, the grid is
assumed to operate in a steady state, and total power inflow equals total power outflow at
each node; (2) carbon emissions occur only at fossil-fuel generator nodes, while renewable
and nuclear generators have zero direct emissions. Based on these assumptions, carbon
emission factor calculations are derived for two types of nodes.

(1) Pure load or interconnection nodes

For a pure load or interconnection node (without local generation) k, the total carbon
emission flow entering the node through upstream branches is equal to the total carbon
emission flow leaving the node through downstream branches. Consequently, the nodal
carbon emission factor is determined as the power-weighted average of the emission
factors associated with all upstream electricity sources. Accordingly, the carbon emission
factor at node k can be expressed as the power-weighted average of the upstream nodal

_ Xicay, () Pie(t) - Ai(t)
Yica,, (k) Pic(t)

where A (t) is the emission factor of node k at time #; i is the upstream branch number

emission factors

Ak(t) ©)

supplying power to node k; A;(t) is the carbon emission factor of electricity from branch i
at time f; Q;, (k) is the set of upstream branches injecting power into node k; and Py (t) is
the power flow from branch 7 to node k at time ¢.

(2) Nodes with generators

For a node g with local generators, carbon emissions associated with on-site power
production must be explicitly accounted for. The nodal carbon emission factor is therefore
defined as the power-weighted average of the carbon intensity of local generation and that
of the electricity imported from upstream nodes. Accordingly, the nodal carbon emission
factor at node g can be formulated as the power-weighted average of the carbon intensity
of local generation and the incoming electricity:

_ Poenm (t) - em(t) + Licq,, (q) Pir(t) - Ai(t)

2
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where A,(t) denotes the node emission factor for node q at time ¢; Pgey,m (t) denotes the
power generation output of the mth power unit connected to node g at time ; e, (f) denotes
the unit power generation carbon intensity of the mth power unit at time £; ();, () denotes
the set of all upstream branches injecting electricity into node 4.

Equations (1) and (2) are reformulated based on the carbon emission flow models
proposed by Kang [32] and Cheng [33].

2.3. Data Requirements and Computational Framework

Implementation of the proposed model relies on real-time or quasi-real-time grid op-
eration data, including: (1) static grid data, including network topology and transmission
line parameters; (2) generation unit data, particularly the unit-specific carbon intensity of
fossil-fuel-fired generators; and (3) high-resolution dynamic operational data, encompass-
ing active power outputs of generator nodes, active power demands of load nodes, as well
as the magnitude and direction of power flows on each transmission branch.

Based on these data, the calculation is implemented as a continuous and iterative process.

At each time interval (e.g., every 15 min), the procedure is implemented as:

Step 1: Collect and preprocess dynamic operational data (generation outputs, load
demands, and branch flow magnitudes/directions).
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Step 2: If branch power flows are unavailable, perform power-flow calculation based
on nodal injections to obtain a complete flow distribution.

Step 3: Construct the carbon flow allocation matrix and the generator contribution
matrix under the corresponding time-step power-flow conditions.

Step 4: Solve the system-level linear equations to obtain the nodal emission factor
vector for the current interval.

Step 5: Repeat Steps 14 across successive intervals to derive high-spatiotemporal-
resolution nodal emission factors.

To enable refined counting of power grid carbon emission factors, a dynamic counting
model based on the principle of nodal carbon flow balance is introduced in this study.
A comprehensive mathematical framework is established by integrating generation-side
carbon emission attributes with the physical power flow of the grid to characterize car-
bon emission propagation, mixing, and allocation within complex network structures.
Compared with conventional static average-based approaches, significant advantages are
exhibited by the proposed model in terms of high resolution, clear physical interpretability,
and strong practical applicability. As a result, a solid scientific basis is provided for refined
carbon accounting, green electricity traceability, demand response, and the delineation of
regional emission reduction responsibilities.

3. Spatiotemporal Characteristics of Power-Grid Carbon Emission Factors

Based on high-spatiotemporal-resolution data, this study systematically investigates
the variation patterns and underlying driving mechanisms of power grid carbon emis-
sion factors in a representative region of northern China from three dimensions: spatial
distribution, temporal dynamics, and nodal heterogeneity.

3.1. Temporal Dynamics

Temporally, power grid carbon emission factors exhibit complex multi-scale dynamics
rather than a single steady state and are closely coupled with the intermittency and variabil-
ity of renewable energy generation. The system topology of the study region is illustrated
in Figure 1, while the real-time power grid carbon emission factors of several representative
nodes are presented in Figure 2. In the Figure 1, white nodes represent substations. In
particular, nodes 1 and 4 are substations connected to the external power grid and therefore
inject electric power into the system, supplying other nodes. Purple nodes denote thermal
power plants, green nodes denote wind or photovoltaic (PV) power plants, blue nodes de-
note nuclear power plants, and yellow nodes denote users. As can be clearly observed from
the nodal emission factor time series in Figure 2a, the carbon emission factors of individual
generating units remain constant over time, as determined by the inherent characteristics
of power generation technologies. In contrast, the carbon emission factors injected into the
grid by power plants exhibit pronounced intraday variations. For example, nodes 1 and 4,
which serve as major power injection sources within the region, show higher values during
daytime and lower values at night. This behavior is primarily driven by the increased
share of thermal power generation during daytime hours. At night, the contribution of
renewable energy increases, which reduces the overall grid carbon emission factor.

Due to power-flow distribution, this fluctuation propagates to downstream user nodes.
User node 21, which is supplied by a mixed power source, exhibits a clear “higher during
the day, lower at night” variation in its consumption-based emission factor. Similar patterns
are observed for nodes 2 and 3, whose electricity consumption is dominated by power
supplied from nodes 1 and 4. As shown in Figure 2b, the temporal variations in these nodes
are highly consistent with the fluctuation characteristics of the upstream injection-side
emission factors.
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Figure 1. The system topology of the study region.

In contrast, most nodes presented in Figure 2c receive electricity directly from power
plants. Since the emission factors of individual power plants are relatively stable, the
overall temporal fluctuations of emission factors at these nodes are significantly smaller
than those observed for the nodes in Figure 2b. However, due to grid interconnections,
power exchanges between plants and other carbon-emitting sources still induce minor
changes in the generation mix, resulting in slight emission factor fluctuations. Further
examination of key time periods indicates that during 02:00-05:00, 08:00-16:00, and 20:00-
22:00, low-carbon power sources such as wind and solar are transmitted through grid
corridors to downstream nodes. This increases the share of clean electricity in the supply
mix of the nodes in Figure 2c, thereby lowering their carbon emission factors. Conversely,
during the 17:00-20:00 period, the rapid decline in photovoltaic output combined with a
sharp rise in thermal generation leads to the formation of a minor intraday emission peak.

At the individual node level, distinct fluctuation characteristics can also be observed.
For example, the emission factor of node 5 decreases to below 0.55 kgCO, /kWh during
the midday period (12:00-14:00), which is approximately 20% lower than the peak values
observed between 17:00-20:00. Thereafter, the grid carbon emission factor gradually
rebounds in the afternoon and remains at a moderately elevated level. Node 10 exhibits
more pronounced variability: at 18:00, coinciding with a temporary reduction in clean
energy output, the grid carbon emission factor reaches a daily peak of approximately
0.8 kgCO, /kWh, representing a 45% increase relative to the trough observed during the
photovoltaic generation peak around 08:00. Subsequently, as wind power output recovers,
the emission factor gradually declines to the second-lowest level of the day.

Overall, the emission factor fluctuations observed at different nodes reveal a fun-
damental pattern in the temporal evolution of grid carbon emission factors. With the
increasing penetration of intermittent, zero-carbon energy sources such as solar, wind, and
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nuclear power, daily adjustments in the generation mix are becoming more pronounced,
thereby amplifying the temporal variability of grid carbon intensity.
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Figure 2. Carbon emission factors of representative nodes.

From a mechanism perspective, the magnitude of temporal variability differs substan-
tially across nodes due to their distinct positions within the power-flow network. Nodes
directly connected to single large generators exhibit relatively stable emission factors,
whereas downstream load nodes supplied by multiple upstream sources experience ampli-
fied fluctuations as a result of generation mix reshuffling and power-flow redistribution.
The observed intraday deviation of up to 45% is therefore not a random fluctuation, but the
combined outcome of renewable intermittency, dispatch-induced generation substitution,
and network-mediated carbon flow propagation.

Such node-specific temporal amplification cannot be captured by regional or annual-
average emission factors, underscoring the necessity of time- and location-resolved car-
bon accounting for accurately characterizing electricity-related emissions under high
renewable penetration.

3.2. Spatial Distribution

The geographical relationships among selected nodes in the study region and the
spatial distribution of their carbon emission factors are shown in Figures 3 and 4. A joint
analysis of node locations and emission factor values reveals a clear spatial gradient in
the study region. Specifically, power grid carbon emission factors exhibit a “higher in
the northwest and lower in the southeast” distribution pattern. This spatial pattern is
mainly related to the distribution of generation resources and industrial electricity demand.
High-emission nodes are mainly concentrated in the northwestern part of the region.
Nodes with dense thermal power installations, such as nodes 11, 12, and 14, form a high-
carbon emission core area. These nodes are characterized by a local generation structure
dominated by thermal power. Their carbon emission factors exceed 0.70 kgCO,/kWh,
which is significantly higher than the regional average. In contrast, the southeastern part
of the region exhibits much lower carbon emission factors, with nodal values generally
below 0.15 kgCO, /kWh. This pattern is primarily attributed to the presence of a nuclear
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power plant (node 3) in the southeast. As a zero-carbon power source, its output is
transmitted through the surrounding grid to the southeastern area. This directly reduces
the aggregated emission factors of nearby nodes and increases the share of low-carbon
electricity in the regional power mix. It should be emphasized that this spatial gradient
does not merely reflect the geographical distribution of generation resources but also the
carbon transmission pathways embedded in the grid topology. Through nodal carbon flow
tracing, low-carbon electricity injected at specific nodes (e.g., nuclear power at node 18) can
be quantitatively propagated to downstream regions, thereby reshaping the spatial pattern
of consumption-based emission factors beyond the immediate vicinity of the generation
site. This transmission mechanism would be largely obscured under province-level or
zonal averaging approaches.
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Figure 3. Geographic relationships among selected nodes in the study region.
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Figure 4. Carbon Emission Factor Map for Nodes Corresponding to Figure 3.
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This spatial distribution of carbon emission factors provides important support for
the formulation of differentiated regional carbon reduction strategies. Specifically, the
northwestern region should prioritize cleaner retrofits of thermal power units and the
substitution of fossil generation with renewable energy. In contrast, the southeastern region
can leverage its clean power advantages to develop zero-carbon electricity consumption
demonstration zones.

4. Discussion and Conclusions

This study used high-spatiotemporal-resolution data to develop a multiscale dynamic
model for quantifying and analyzing power grid carbon emission factors in a representative
region of northern China. The main conclusions are summarized as follows.

(1) Compared with conventional annual average approaches, the proposed nodal- and
hourly-level dynamic emission factors effectively capture the spatiotemporal hetero-
geneity of grid carbon intensity induced by variations in generation mix and power-
flow distribution. The results show that emission factors differ by up to 4.7 times
across regions, while intraday deviations at typical user nodes can reach 45%, high-
lighting the necessity of high-resolution emission factors for fair and accurate carbon
responsibility allocation.

(2) The temporal dynamics of grid carbon emission factors are closely linked to the
intermittency of renewable energy generation and the resulting adjustments in the
generation mix. Daytime dominance of thermal power leads to higher carbon intensity,
whereas increased wind and solar output during nighttime and specific periods signif-
icantly reduces grid carbon intensity. These temporal patterns propagate through the
power network to downstream users and are expected to intensify as the penetration
of zero-carbon energy sources continues to increase.

(3) The spatial distribution of grid carbon emission factors is primarily determined by grid
topology and the spatial layout of generation resources. A clear “northwest-high and
southeast-low” gradient is observed in the study region, reflecting the concentration
of thermal power units in the northwest and the presence of nuclear power in the
southeast. This spatial heterogeneity provides a quantitative basis for region-specific
carbon reduction strategies, including cleaner retrofits and renewable substitution
in high-emission areas, as well as the development of low- or zero-carbon electricity
consumption zones in regions with abundant clean power resources. It should be
noted that the specific spatial pattern and quantitative differences reported here are
dependent on the regional generation mix and network structure, and should be
interpreted in the context of the studied system.

Although the case study focuses on a single regional power system, the proposed
accounting framework itself is not region-specific. It can be applied to other regional
or national-scale power systems, provided that network topology, power-flow data, and
generator-specific emission information are available.

The dynamic nodal factors can serve as a time- and location-stamped carbon-intensity
signal (or factor library) to support more granular consumption-based accounting and
corporate carbon management, and provide complementary carbon-attribute information
for green electricity /green certificate applications where the environmental value depends
on when and where electricity is consumed. This study focuses on emission-factor ac-
counting and does not propose market settlement or certificate-clearing rules. Furthermore,
the time-step quasi-steady-state assumption may be less accurate during fast transients
and ramping events. In addition, the omission of explicit loss, storage, and curtailment
modeling may introduce bias under high renewable penetration or when curtailment is
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substantial. Future work could integrate loss-aware allocation, storage state modeling, and
curtailment accounting when corresponding measurements are available.
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