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Abstract

Carbon intensity forecasting is vital for optimizing carbon-aware
systems to reduce their carbon footprint. Existing methods focus
on data-rich regions, yet most areas lack sufficient carbon data
due to carbon intensity’s inherent measurement limitations (i.e.,
reliance on indirect estimation rather than direct sensor metering)
and dependence on upstream entities like grid operators for data
disclosure. We propose DGCFM, a Dual Graph empowered Carbon-
domain Foundation Model, enabling cross-regional general carbon
intensity forecasting, especially for data-scarce regions. DGCFM
builds on a pre-trained Time Series Foundation Model (TSFM) with
strong generalization capabilities to capture temporal patterns un-
der data constraints, empowered by metadata-driven carbon hy-
pergraph fine-tuning and a spatiotemporal graph to capture spatial
dependency in carbon networks. Evaluated on real-world datasets,
DGCFM achieves 20.04% average accuracy improvement in low-
data scenarios.

CCS Concepts

« Social and professional topics — Sustainability; « Comput-
ing methodologies — Neural networks.
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1 Introduction

While Artificial Intelligence (AI) has made tremendous progress
in recent years [4, 5], it has also brought about some social prob-
lems. As part of the United Nations’ sustainable development goals,
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there is increasing interest in the Artificial Intelligence (AI) research
community in developing techniques to address societal problems
[3, 11, 14, 18, 21, 22, 31, 33], especially to facilitate the decarboniza-
tion of computing [2, 7, 15, 20, 25]. Recently, carbon demand-side
techniques have been proposed to reduce the operational carbon
footprint of carbon-aware systems resulting from consuming elec-
tricity, i.e., shift electricity demand from periods when the carbon
intensity of electricity is high to periods when it is low. For exam-
ple, cloud computing providers leverage the variations in carbon
intensity to schedule workloads since some computing loads ex-
hibit temporal elasticity [1, 28] and LLM inference can reduce its
carbon footprint by guiding the autoregressive generation process
according to carbon intensity [13]. However, the effectiveness of
such carbon-aware systems fundamentally depends on accurate
electricity carbon intensity forecasting, a critical yet underexplored
component in current implementations.

The carbon intensity of electricity (in grams/kWh) is defined
as the average amount of carbon released per unit of electricity
generated. Carbon intensity forecasting is already being used in
the decarbonization of society, e.g., the commercial service Electric-
ityMaps [19] offers regional carbon forecasts to major firms (e.g.,
Google, Microsoft) for their carbon reduction. Academic efforts
have proposed various forecasting models [16, 32], but these typi-
cally require substantial historical carbon intensity data from target
regions. However, the distribution of the carbon data is uneven
across regions due to carbon intensity’s inherent measurement
limitations (e.g., reliance on indirect estimation rather than direct
sensor metering) and dependence on upstream entities like grid op-
erators for data disclosure. For instance, while developed countries
generally possess comprehensive carbon data, developing coun-
tries frequently experience significant data gaps. This data scarcity
creates a critical performance gap: existing models exhibit signifi-
cantly degraded accuracy when applied to regions with insufficient
historical data, thereby hindering global decarbonization efforts
through computing solutions.

In this paper, we present a holistic study by formulating a new
General Carbon Intensity Forecasting problem (GCIF). To solve
GCIF, we propose DGCFM, a new Dual Graph (i.e., a spatial-temporal
carbon graph and a metadata-assisted carbon hypergraph) empow-
ered Carbon-domain time series Foundation Model. First, we intro-
duce carbon flows, which collectively establish a carbon network.
Then, we model the carbon network as a spatial-temporal carbon
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graph. To uncover complex temporal patterns under insufficient
carbon data, DGCFM leverages a pre-trained Time Series Founda-
tion Model (TSFM). The TSFM is a large model pre-trained on vast
quantities of time series data and has strong generalization capabil-
ity in time series tasks. Furthermore, we adapt the TSFM to carbon
intensity forecasting through a metadata-assisted carbon hyper-
graph enhanced fine-tuning on carbon datasets. To uncover the
complex spatial dependency, we propose a Physical Node-aware
Graph Neural Network (PNGNN) to empower the ability of the
TSFM to capture the spatial dependency.

We evaluate DGCFM on 102 real-world datasets, including car-
bon intensity and partial electricity transmission data for 102 re-
gions. We use 81 datasets to fine-tune the TSFM backbone in
DGCFM, and 21 datasets to construct a carbon network to evaluate
the model. Our evaluations show that our model can achieve an
improvement of 20.04% as compared to the state-of-the-art carbon
forecasting model in the carbon data-limited scenario.

The contributions of this paper can be summarized as follows:

e We present a new study of carbon intensity forecasting
across diverse regions and formulate it as a new carbon
intensity forecasting problem, GCIF. We model GCIF as a
spatial-temporal carbon graph by introducing carbon flows.

e We propose DGCFM, a general carbon domain foundation
model for carbon intensity forecasting across diverse regions.
DGCFM leverages the pre-trained TSFM to achieve the gen-
eral capability of uncovering temporal dependency under
insufficient carbon data. Furthermore, DGCFM leverages the
dual graph to empower TSFM to capture spatial dependency.

e We conduct an evaluation of DGCFM on 102 real-world car-
bon datasets. The results demonstrate that DGCFM steadily
outperforms the state-of-the-art baseline.

2 Background on Carbon Intensity

The carbon emission factor (in g/kWh) is defined as the quantity
of carbon emission per unit of electricity generated by a specific
energy source. The carbon emission factors of brown sources (e.g.,
coal, gas, etc.) are usually much higher than that of green sources
(e.g., wind, solar, etc.). Estimating the carbon emission factor is a
separate problem and is beyond the scope of this paper. Instead, we
take carbon emission factors as inputs as Table 1 shows.

The carbon intensity of electricity supplied by a power grid is the
carbon emission rate (in g/kWh) when the electricity is generated,
i.e., the total amount of carbon emitted (Gram) as against the elec-
tricity generation (Kilowatt — Hour). It is the weighted average of
carbon emissions by each energy source due to electricity gener-
ated by them. Mathematically, the carbon intensity of electricity
generated at any time is as follows:

> efk x Ek

SR 0

Carbon Intensity =

where ef* is the carbon emission factor and E¥ is the electricity
generated by energy source k.
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3 Problem Statement
3.1 Spatial-Temporal Carbon Network Modeling

In this section, we model the carbon intensity and electricity ex-
changes into a spatial-temporal carbon network. Let E;(¢) represent
the electricity generation of grid i at time ¢. Recall that electricity is
a mix of the electricity generated by each energy source (e.g., gas,
wind, etc). Let ‘W represent the set of energy sources and W = |'W|.
Let Ef(t) represent the electricity generated by energy source k
in grid i. Then we have E;(t) = Y rcqy Ef‘(t) Let efk denote the
carbon emission factor associated with the energy source k. The
carbon emission factors for the predominant energy sources utilized
in electricity generation are detailed in Table 1.

Since some renewable energy sources (e.g., wind, solar, etc)
change with time, the composition of electricity generated by a
power grid i fluctuates over time. These fluctuations result in dy-
namic carbon emissions. At timestamp ¢, a power grid i generates
electricity from various energy sources. This variability is due to
fluctuations in certain energy sources, such as solar and wind, at
different times. Consequently, carbon emissions are dynamic and
vary over time.

Carbon intensity ci(t) is defined as the ratio of the total carbon
emitted against the total electricity generation. Specifically, ci(t) =
Sreaw ef* X EX (1) /E(t).

When two power grids have transmission links, they can trade
electricity in practice. They are referred to as neighboring grids. Let
i and j represent two regional power grids. The electricity flow
J35(¢) represents the total amount of electricity exchange from grid
i to grid j in a period of time starting at timestamp t. Note that
the grid j bears the carbon emitted by the electricity flow fli from
power grid i. Intuitively, we can think the carbon "flows" from the
power grid i to j. Then, we call this carbon flow. Let carbon flow
J3;(t) denote the amount of carbon emitted by the electricity flow

i;(t) at time ¢, which is the total amount of carbon associated with
the corresponding electricity in power grid i and transmitted to grid
Jj at time t. Therefore, f,j(f) = flj(t) X cij(t). We formally present
the spatial-temporal carbon network modeling in the following.

e Spatial-temporal carbon network. At each timestamp
t, we represent a carbon network using a directed graph
G = (V,8E, A). The set of nodes V = vy, ..., v, represents
regional power grid, with |V| = n. Let & denote a set of
links, where directed link (v;,v;) represents that power grid
v; can directly import electricity from power grid v;. The
connectivity among the power grids is represented by a
binary adjacency matrix A € R™*".

e Carbon intensity time series. This is a feature on nodes
and also the input of our learning model. Recall that ci; ()
represents the carbon intensity of a grid i at timestamp ¢. We
use a vector ci; = {ci;(0), ..., ci; ()} to represent the carbon
intensity time series of grid i from time 0 to ¢, and a vector
ci(t) = {cip(t), ...,ci;(¢)} to denote the carbon intensity of
all grids at time ¢t. We denote the carbon intensity time series
of all grids from time 0 to t as a two-dimensional matrix
CI = {Ci,'}.

e Electricity flow time series. This is a feature on edges
and also the input of our learning model. Recall that f7 (1)
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Table 1: Carbon emission factors (g/kWh) for energy sources

Emission factors Oil | Coal | Natural gas

Nuclear

Wind | Solar | Hydro | Geothermal | Biomass | Other

Life-cycle emissions | 650 | 820 | 490 12

11 45 24 38 230 700

represents the electricity flow from grid i to j at timestamp ¢.
We use the matrix f¢(t) = {Vi, j, i;(t)} € R to represent
all the electricity flows of a carbon network at times t. We
denote the electricity flow time series of a carbon network at
time t as a three-dimensional matrix F¢ = {f€(0), ..., f¢(¢)}.

3.2 Problem Formulation

Problem GCIF (General Carbon Intensity Forecasting): Given
the carbon network G = (V, &, A), historical carbon intensity
time series data CI = {(ci(0), ..., ci(t)}, historical electricity flow
time series data F¢ = {f€(0), ..., f¢(¢)}, learn an general predictive
model y = f(G,CI, F¢), which can infer the day-ahead carbon
intensity of electricity across diverse regions (i.e., regions with
insufficient/sufficient carbon data).

4 Methods

The overall architecture of DGCFM is exhibited in Figure 1. The
input of DGCFM is historical carbon intensity and electricity. Ini-
tially, we map the spatial-temporal carbon network into a spatial-
temporal carbon graph. Subsequently, DGCFM leverages a Physical
Node-aware Graph Neural Network (PNGNN) to capture the spatial
dependency in the carbon graph with physical constraints. Then,
DGCFM leverages a fine-tuned TSFM enhanced by a metadata-
assisted carbon hypergraph to capture the complex temporal de-
pendency, especially under insufficient data. Finally, a fusion block
fuses the spatial representation output by PNGNN and the temporal
representation output by the TSFM to generate forecasting results.

4.1 Physical Node-aware GNN

In the carbon network, nodes are subject to physical constraints.
For instance, certain nodes exclusively function as exporters or
importers, while others can serve as both importers and exporters.
Additionally, inflow and outflow have different accounting methods
for the carbon intensity [26]. To capture such physical constraints,
we develop a physical node-aware embedding mechanism based on
the message-passing framework [8] and attention mechanism[29]
to capture the complex spatial dependency as described in Algo-
rithm 1. We will introduce them in detail in the following.

Here, we summarize the types of nodes with different physical
constraints:

e Exporter Node: Its carbon intensity remains unaffected by
neighboring grids or electricity flows.

e Importer Node: Its carbon intensity will be affected by all
neighboring grids and electricity inflows and outflows.

e Mixed node: Its carbon intensity will be impacted by the
neighboring grids exporting electricity to it and electricity
inflows and outflows.

Here, we summarize the types of edges:

o Outcoming electricity arc: It will not affect the carbon inten-
sity of the node.

Algorithm 1: Physical Node-Aware Embedding Mecha-
nism
Input: Carbon Network G, node features ci?, edge features
fer
Output: Node embeddings Ef
for each nodei € G do
Determine the neighboring node set N; for node i;

if Exporter node i then
| Ni— {1} & < 0;
else if Importer node i then
‘ N; — )Viall’ & — Siall;
else if Mixed node i then
N; « {j | j exports to i};
&Ei « {eji | j exports to i};
Compute node attention weights;
for each j € N; do

exp (o (a;lr [Wncif||Wnci?]))

Sken, exp (o (aF Wacil IW,cil1))

Compute edge attention weights;
for each k € &; do

exp (O’ (aeT [W,,cifHWef;’p]))

| 2je&; €XP (U (aeT [wnCif”Wef;’P])) ;

Aggregate node, edge features, and get node embedding;

e

ik

~.p n P .
ciy, <0 (W,, 2jeN; aijc1j),
TP ep).
cig, <0 (We Ykes; AL, )

cif — CONCAT(cif,, cif, );

o Incoming electricity arc: It can affect the carbon intensity of
the node.

Within each iteration of the GNN, node embeddings are updated.
This operation involves each node aggregating features. Specifi-
cally, the electricity flow and carbon intensity sequences from its
neighbors are weighted by learnable attention coefficients (e). This
aggregation process is governed by rules based on the node’s role:
(1) Pure Exporters: a node functioning solely as an exporter com-
putes its embedding based exclusively on its own features. (2) Pure
Importers: a node functioning solely as an importer generates its
embedding by aggregating the features of all neighboring nodes,
their connecting links, and the corresponding weights. (3) Mixed
Nodes (Importer/Exporter): a node serving dual roles generates its
embedding from neighboring nodes, links, and weights, but explic-
itly excludes contributions from neighbors that import from it and
their associated flows.
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Figure 1: The overall architecture of DGCFM.

To ensure compliance with physical rules, we introduce a node-
aware embedding mechanism. This mechanism employs an attention-
based approach to learn node representations. Specifically, the em-
bedding for each node i is computed via a weighted aggregation
of features from its neighbors and edges. Let Nl.“” represent the
set of all nodes connected to i (including i itself) and Sf” be the
corresponding set of connecting edges. A key aspect of our model
is that the effective neighborhood used for aggregation, denoted as
N; C Ni“” and &; C 8?" , is not static. Instead, it is defined for each
node i based on the specific physical rules governing that node.
We will first delineate the construction of these rule-contingent
neighborhood sets (V; and &;) and subsequently demonstrate the
embedding calculation derived from them.

For a pure exporter node i, the node-aware embedding is de-
rived exclusively from its own features. This results in neighboring
nodes set N; = {i} and the neighboring edges set & = 0. For a
pure importers node i, the node-aware embedding is calculated
considering all the nodes and edges that are connected to it. This
leads to the neighboring nodes set N; = Ni“” and the neighboring
edges set &; = 8;‘” . For a mixed node i, the node-aware embedding
is calculated based solely on the nodes and edges exporting to it.
Consequently, the neighboring nodes set is \; C Ni“” and the
neighboring edges set is &; C 81.“”.

Given the neighborhood definitions (V;, &;), we can compute the
node-aware embedding.Let the input features from these neighbor-
hoods at time ¢ be cif(t) = {cif(t), e ci{i,i (¢)} (node features) and
fie’p(t) = {fle’p(t), .. .,fEei’p(t)} (edge features), where N; = |N;| and
E; = |&;|. The embedding weight a7 (t) for node i is then defined
as

IS CCA VA CIAG)
n(t) = ,
G T S ens exp(o(al (Wacil () Wacil (1)]))

@

where W, denotes a learnable weight matrix linearly transform-
ing the node features into high-level features, a, represents the
parameter vector of a feed-forward network with a single layer,

and o is the activation function. Similarly, the embedding weight
of edge k € &; to node i can be defined as a7, (), and is given by:

exp(a(af [Waeif (NIWe £ (1)]))
3 jes,; expla(al [Waeif (DIIWefF ()])

where W, denotes a learnable weight matrix linearly transforming
the edge features into high-level features, and a, represents the
parameter vector of a feed-forward network with a single layer.
Once the attention weights alf‘j(t) and a7 (t) are learned, the
node-aware embedding for i is derived. This embedding is formed
by concatenating the weighted sums of neighboring node and edge

®)

ap (1) =

features. We define these weighted sums, cNii,i (t) (for nodes) and
cNiiéi (t) (for edges), as follows:

Eil;vi(t) =o(W, - Z a{’j(t)cif(t)), (4)
JEN;
and
Cig, (1) = o(We - Y af (D (D). (5)
ke&;

The final node-aware embedding Eif () is then derived by con-
catenating the weighted node sum, c~i[;vi (1), with the weighted edge

sum, Eiléi ().

cif (1) = (cify, (1) ||cif, (1)) (©)

4.2 Carbon Hypergraph Enhanced TFSM
Fine-tuning,.

To solve the challenge of learning the complex temporal patterns,
especially under insufficient carbon intensity data, we leverage the
capability of Chronos [2], a state-of-the-art TSFM with strong zero-
shot and few-shot capability developed by AWS. We select Chronos
(specifically, the Chronos-T-Large variant) as our TSFM backbone
for its demonstrated generalization performance. Note that the pre-
trained TSFM is a building block for DGCFM, and the evolution of
TSFM will benefit DGCFM. Note that the existing TSFMs are not
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Figure 3: The energy structure (installed capacity per produc-
tion type) in different countries.

trained on carbon intensity data, which can lead to suboptimum
performance in carbon intensity forecasting. Therefore, we adapt
the TSFM to carbon intensity forecasting by fine-tuning it on the
carbon intensity dataset. The adaptation is not easy since carbon
intensity’s inherent measurement limitations (e.g., reliance on indi-
rect estimation rather than direct sensor metering) and dependence
on upstream entities like grid operators for data disclosure, which
leads to most regions having limited carbon data. Moreover, the
differences in the energy structure of each region lead to different
temporal patterns in each region.

We propose a metadata-assisted carbon hypergraph to help the
fine-tuning process by a two-phased clustering. The function of this
carbon hypergraph is to select appropriate carbon data in relevant
regions and avoid negative transfer in the fine-tuning process for
the target regions, especially the regions with insufficient data.

4.2.1 Metadata analysis. To effectively adapt the Time Series Foun-
dation Model (TSFM) to data-scarce regions, it is crucial to identify
regions that share similar carbon intensity characteristics. We posit
that the energy structure (i.e., the installed capacity of different gen-
eration sources) serves as the fundamental determinant of carbon
intensity (CI) temporal patterns.

As illustrated in Figure 3, the composition of energy sources
varies significantly across different geographical regions. For exam-
ple, Norway relies almost exclusively on Hydro, France is dominated
by Nuclear, while other nations possess diverse mixes of fossil fuels
and renewables. This heterogeneity in energy structure directly
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Figure 4: The hourly carbon intensity trace, with lower values
during day when solar production is high in Italy and higher
values during day in Ireland where there is no solar power.

dictates the electricity generation mix, which in turn drives the
temporal fluctuations of carbon intensity.

We show this correlation by analyzing the hourly CI traces of
regions with distinct energy structures, as shown in Figure 4. As
observed in Figure 3, Italy possesses a non-negligible proportion of
solar power capacity. Consequently, its carbon intensity curve in
Figure 4 exhibits a distinct "valley" or lower values during daylight
hours (roughly 09:00 to 17:00). This occurs because high solar irra-
diance during the day generates zero-carbon electricity, displacing
the need for carbon-intensive fossil fuel generation despite high
daytime electricity demand. Conversely, Ireland’s energy structure
in Figure 3 is characterized by a high share of wind power but
negligible solar capacity. As a result, its CI trace in Figure 4 shows
higher values during the day. Without significant solar generation
to offset the high daytime electricity demand, the grid must rely
more heavily on dispatchable fossil fuel sources (e.g., gas and coal)
to maintain stability, leading to a peak in carbon intensity during
business hours.

These observations demonstrate that different energy structures
lead to distinct CI temporal patterns. Therefore, the energy struc-
ture acts as a reliable metadata for the carbon dataset. By utilizing
energy structure as metadata, we can quantify the similarity be-
tween regions and construct a carbon hypergraph that enables
effective knowledge transfer from data-rich to data-scarce regions
with similar energy compositions.

4.2.2 Metadata-assisted carbon hypergraph generation. Here, the
energy structure (e.g., solar, wind, coal, etc.) can be considered as
a type of metadata for the carbon dataset of each region. These
data are all available in the regions without carbon intensity data.
We generate the carbon hypergraph assisted by the metadata, as
Figure 2 shows. The metadata is utilized to infer the edges in the
hypergraph, where an edge between a group of source regions and
a target region represents a feasible transfer case, and its weight
indicates the predicted performance of that transfer.

We use these edges to estimate the globally optimal transfer
policy in TSFM fine-tuning. To get the weight of edges, i.e. the
correlation of different regions, our idea is to leverage the num-
ber of common neighbors in the carbon hypergraph for distance
measurement. The hypothesis is that the carbon data of a region
should be more similar to another region, if it has higher numbers of
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shared metadata. We employ the Jaccard Distance[10] to compare
the number of shared neighbors between nodes i and j as follows,

djq(i, j) =1—|N; N N;|/|N; U Nj| (7)

where N;, N; represent metadata and neighbors of node i, j. For
all possible region pair nodes (i, j), the output is named prior dis-
tance matrix as Figure 2 shows, which is computed using metadata,
ie, dmeta = [djd(i> N1

The final step involves inferring correlation mapping of different
regions based on an affinity matrix derived from weighted metadata
and training samples as follows,

d = wodmera + Wldsamp (8)

where dsump denotes the distance matrix computed with samples
using cosine similarity. The weights wy and w; are hyperparameters
that balance the influence of static metadata and dynamic sample
similarity.

We use a two-phased clustering, i.e., prior clustering with meta-
data and posterior clustering with samples. The prior clustering
phase establishes clusters based on metadata, which is particularly
useful for regions with insufficient carbon data. Subsequently, the
posterior clustering phase performs further clustering using histor-
ical training samples, building upon the prior clusters, i.e

¥ =cy(s, dsamp|ca(dmeta))§ 9

where ¥ represents the allocation of sample index for n. clusters,
which is defined as the matrix C¥ = {c|c € cluster k for region j},
k € [0,nc],j € [1,]]; ca(-) and cp(-) denote the function of prior
and posterior clustering, respectively. Since page limitations, we
concentrate on discussing the clustering with metadata and omit
the traditional clustering with samples. For the prior clustering,
we propose to employ Normalized Minimum Cut [27] for cluster-
ing based on the distance matrix, which can naturally adopt the
scenarios when the graph is unconnected.

When we get ¥, we can fine-tune the TSFM for the target re-
gion using the data in the corresponding cluster. We follow the
common fine-tuning method, i.e., freeze the TFSM encoder and
fine-tune other layers using cross entropy loss. In the inference
phase, the TSFM (TSFM(-)) takes the historical carbon intensity
ci; as input and outputs the temporal embedding representation
f

ci; . Mathematically, we have

ci! = TSFM(ciy) (10)

4.3 Fusion Block

Fusion block next fuses spatial representation and temporal repre-
sentation into context hidden-states, which is formalized as:

Y= Fusion(gif, cilf|®fuse) (11)

The Fusion(-) function is trainable with parameters © ;5. MLPs

are utilized as the fusion structure in this work. The process involves
f

concatenating cif and ci;

into MLPs.

, and then feeding the resulting vector
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5 Evaluation

5.1 Experimental Setup

5.1.1 Dateset. We evaluate the performance of DGCFM on real-
world datasets from 2021 to 2023 containing hourly carbon intensity
in 102 regions and hourly electricity transmission data. They are
public and collected from the European Network of Transmission
System Operators for Electricity’s (ENTSOE) transparency plat-
form [6] and ElectricityMaps [19]. The carbon intensity record is
formatted as (timestamp, zones, carbon intensity), and each elec-
tricity transmission record is formatted as (timestamp, sources,
destination, electricity). We randomly use the data in 81 regions to
fine-tune the TSFM backbone in DGCFM and the data in 21 regions
to construct a carbon network to evaluate the models.

5.1.2  Training and Testing. To evaluate the model performance
in the scenario where there is no carbon data in the target region
(zero-data setting), we train the model on the dataset except the
target region to ensure that the model has never seen any data
from the target dataset. To evaluate the model performance in the
scenario where there is limited carbon data in the target region
(low-data setting), we train the model on a small portion (20%) of
the target dataset to train the models and test on the remaining
(80%) target dataset in the temporal dimension. To evaluate the
accuracy of forecasting carbon intensity, we utilize three common
metrics: Mean absolute error (MAE), Mean Absolute Percentage
Error (MAPE), and Root Mean Squared Error (RMSE). Our evalu-
ation is conducted on a consumer-grade desktop equipped with
an NVIDIA GeForce RTX 4080 GPU. DGCFM infers in around 4s,
comparable to other TSFMs. This makes it highly accessible and
deployable in real-world scenarios without the need for expensive
data center infrastructure.

5.1.3  Baselines. We compare our DGCFM model with state-of-the-
art baselines in specialized carbon emission forecasting methods:
CFCG [32], CarbonCast [16], DACF [17], SFCI [12], TSGP [24];
and state-of-the-art general time forecasting models: TimeXer [30],
MOMENT [9], PatchTST [23].

5.2 Performance Results

Table 2 shows the model performances on 21 real-world testing
datasets in the scenario with insufficient data under each setting,
where the best-performing model is highlighted in bold font. Note
that we do not present the result of CFCG in the zero-data setting
as it does not support the settings.

The performance under the zero-data setting represents the fore-
casting capability of models in regions with no carbon data, which
is common in most regions in the world. Overall, DGCFM outper-
forms existing models by at least 15.23%. More specifically, DGCFM
achieves an average improvement of 15.23% compared to PatchTST
(from 15.50% to 13.14%), TimeXer 16.15% (from 15.67% to 13.14%),
MOMENT 14.79%(from 15.42% to 13.14%), CarbonCast 15.98% (from
15.64% to 13.14%), DACF 25.21% (from 17.57% to 13.14%), TSCP
40.16% (from 21.96% to 13.14%), and SFCI 45.68% (from 24.19% to
13.14%) in MAPE. On average, our DGCFM not only outperforms
previous models, but we also observe that DGCFM steadily outper-
forms other baselines in all datasets, which presents that DGCFM
has a powerful generalization capability. The evaluation presents
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Table 2: Performance comparison of all models in the scenario with insufficient data in terms of MAE, RMSE, and MAPE (%).

Setti Methods | Metri | Datasets
ettings ethods Ui "RT BE__BG __CH _CZ B W TR __GR _HR_HU T __IT _NL NOo PL _PT__RO RS SISk AVE
MAE |12.58 549 2241 732 37.24 1244 9.06 197 39.07 966 1574 3931 5883 521 179 68.17 1940 18.16 1642 12.16 29.94 21.07
DGCFM | RMSE | 16.62 6.35 26.33 9.22 4554 17.39 10.34 209 4554 1248 1862 4325 6178 631 208 80.69 27.58 20.96 2110 1515 3530 24.99
MAPE | 11.99 1295 6.95 32.66 8.88 14.97 1441 16.07 1154 5.71 9.11 14.53 21.01 15.69 7.69 10.11  27.22 645 3.97 8.62 1539 13.14
MAE 14.16 6.25 26.38 8.70 44.23 15.45 10.28 2.28 4720 1106 1895 44.96 66.20 6.32 2.19 74.58 2175 21.03 1874 1448 36.85 24.38
PatchTST | RMSE | 19.06 751 3260 1054 5159 2006 1211 260 5538 1359 2090 50.83 7588 741 239 10320 3213 2574 2451 1622 4209 29.82
MAPE | 1445 1613 807 3751 1049 1734 1673 2006 1363 655 988 1582 2507 1801 899 1264 3323 757 494 922 1915 1550
MAE | 1418 626 2644 872 4432 1549 1030 228 4731 1108 1899 4504 6630 634 220 7467 2178 2107 1878 1452 3695 2443
TimeXer | RMSE | 1900 7.49 3246 1051 5146 2001 1207 259 5516 1356 2085 50.66 7557 7.38 238 10270 3203 2563 2444 1619 4194 29.72
MAPE | 1462 1636 814 37.85 1060 1751 1690 2034 1378 661 994 1591 2536 1817 909 1282 3366 765 501 927 1942 1567
MAE | 1444 638 2710 895 4549 1599 1050 234 4866 1132 1053 4598 6753 652 226 7574 2217 2155 1916 1490 3810 2498
MOMENT | RMSE | 1886 742 3210 1044 5111 1985 1197 256 5459 1350 2072 50.22 7476 732 236 10141 3177 2536 2424 1613 4155 2044
Z data MAPE | 1437 16.03 8.03 3735 1043 17.26 16.66 19.93 13.56 6.52 9.86 15.77 24.94 17.93 8.95 12.56 33.03 7.54 4.91 9.20 19.03 15.42
ero-data MAE 14.31 6.32 26.77 8.84 44.91 15.74 10.4 231 47.99 11.2 19.26 4551 66.92 6.43 223 75.21 2198 21.31 18.97 1471 3753 2471
CarbonCast | RMSE | 19.00 753 3268 1056 5167 201 1213 261 5551 136 2093 5093 7607 742 239 1035 3219 258 2456 1623 4218 29.89
MAPE | 1459 1632 813 3779 1058 1748 1687 2029 1375 66 993 1589 2531 1814 907 1279 3358 764 5 926 1937 1564
MAE | 1668 645 3086 076 4885 1623 1184 244 5254 1399 2033 495 7507 677 234 8967 2656 231 2096 1546 37.63 2748
DACF | RMSE | 2275 7.92 3343 1215 5736 2308 1419 269 5978 1602 2638 6074 7747 833 267 10455 3471 2677 2577 2028 4614 3253
MAPE | 1517 17.08 1005 4635 1133 1854 1917 2094 1484 727 1241 1839 3093 2069 10.34 1432 3467 872 535 1117 2116 1757
MAE | 2065 828 3505 1243 6606 2167 1634 326 6769 1765 2726 7105 9768 927 28 11739 3323 3213 2813 2249 5235 3633
TSGP | RMSE | 2858 1017 4512 1574 8715 3079 1634 378 7418 20 3139 764 10408 1099 34 13580 4526 3587 3562 2903 5662 42.69
MAPE | 21.77 19.07 1111 56.03 1497 2532 2451 27.42 19.47 9.53 15.29 2497 36.12 25.4 11.96 18.69 43.35 10.51 6.99 13.36 2542  21.96
MAE 2436 10.11 45.82 13.96 67 2243 17.16 3.93 77.79 18 30.22 7322 109.67 9.61 3.41 12132 3599 33.83 3123 2336 58 39.54
SFCI RMSE | 3096 1152 4697 1668 8976 3341 1968 393 8673 2398 346 8l62 11282 116 358 15266 4826 4117 3975 2094 6608 46.94
MAPE | 2292 2396 1361 5823 17.15 27.23 2553 2836 2001 1045 1612 2993 3791 3132 1382 1942 4899 1181 726 1619 27.87 2419
MAE | 1049 457 1867 6.0 31.03 1037 7.55 164 3256 805 13.11 3276 49.02 434 150 5681 1617 1514 1368 10.13 2495 1718
DGCFM | RMSE | 13.85 529 2194 7.68 37.95 1449 862 174 37.95 1040 1552 36.04 5148 526 174 67.24 2299 1747 17.58 1262 29.41 20.39
MAPE | 9.99 1079 579 27.22 740 1248 1201 1339 9.62 476 759 1211 17.50 13.08 641 843 2268 538 331 719 1283 10.86
MAE | 1237 566 2234 738 3721 1236 909 196 3957 977 1553 3887 5820 530 182 6671 1878 1860 1598 1224 3039 20.96
PatchTST | RMSE | 1647 638 2662 928 47.08 1729 1006 209 4469 1229 1861 4498 6246 625 213 7964 2826 2109 2077 1503 3594 2511
MAPE | 1297 13.42 7.24 33.93 9.57 15.98 15.34 16.97 1231 6.05 9.31 15.68 22.17 16.71 8.17 10.51 28.19 6.95 4.23 9.22 16.23 13.86
MAE 12.62 5.80 22.84 7.56 38.06 12.63 9.30 2.01 40.53 10.00 15.86  39.70 59.46 5.43 1.87 68.06 19.14  19.08 1630 1253 31.13 21.42
TimeXer RMSE | 16.40 6.35 26.49 9.24 46.83 17.21 10.02 2.08 44.51 1224 1852 4473 62.16 6.22 212 79.29 28.11 2099  20.68 1496 3575 25.00
MAPE | 1303 1348 727 3407 962 1605 1541 1705 1236 607 935 1576 2227 1678 820 1055 2830 698 425 926 1630 1393
MAE | 1259 579 2279 754 3797 1260 928 200 4043 998 1583 3962 5033 541 186 6792 1910 1903 1626 1250 31.06 2138
MOMENT | RMSE | 1632 632 2635 919 4655 1713 997 207 4430 1218 1843 4446 6182 619 210 7892 27.95 20.88 20.58 1489 3556 2486
MAPE | 1290 1337 721 3378 953 1590 1527 1690 1225 602 928 1561 2207 1663 813 1046 2807 691 421 917 1615 1380
MAE | 1251 574 2262 748 3769 1251 921 199 4011 99 1572 3934 5891 537 185 6747 1898 1887 1616 124 3081 2074
Low-data | CFCG | RMSE | 165 639 2667 93 4717 1732 1007 209 4476 1231 1864 4507 6257 626 213 7976 2831 2113 208 1505 36  24.62
MAPE | 12.84 1331 7.18 33.64 9.48 15.83 15.2 16.82 12.19 5.99 9.24 15.53 21.97 16.55 8.09 10.42 27.95 6.88 4.19 9.13 16.08 13.74
MAE 12.56 5.46 23.46 8.43 37.54 13.25 9.98 2.03 42.19 9.7 1595  39.92 57.4 5.52 1.86 72.23 20.06 19.04 17.46 1449 3128 2143
CarbonCast | RMSE | 1731 64 2863 981 4899 1793 1074 222 4655 135 2045 4471 6169 663 222 8079 278 222 2104 1537 3318 2525
MAPE | 1344 1297 734 3624 912 1525 1628 1666 1197 624 962 1584 2364 1801 838 1061 2971 69 393 887 1566 1405
MAE | 1415 643 2646 864 4527 1458 1074 238 4538 1117 1763 4325 6593 569 227 7784 2323 2065 2025 1456 3615 23.83
DACF | RMSE | 2066 7.79 2992 1087 5454 1918 1155 238 5449 1453 2254 5184 7191 7.07 235 9146 3223 267 2516 182 4206 28.77
MAPE | 1485 1466 7.7 4343 1031 1664 1705 2075 1298 656 1077 1819 2468 191 909 1156 3331 785 428 1062 1808 1572
MAE | 2012 821 3345 1094 5505 1796 1372 29 6176 1461 2179 5883 9477 783 255 11113 3033 2678 2469 1686 4624 3171
TSGP | RMSE | 2644 982 3845 1426 7078 27.88 1545 307 7022 1761 2969 67.8 9908 937 308 12406 429 3321 2945 257 5116 37.92
MAPE | 17.51 18.16 10.75 51.66 13.33 22.75 22.13 26 17.2 8.42 13.84 2229 33.97 2185 1147 15.1 42.08 9.6 5.82 129 23.42 19.84
MAE 21.21 9.5 37.49 11.75  66.53 19.78 14.28 299 63.64 1532 28.2 62.41 97.82 8.37 3.28 111.39 32.2 30.92 2581 20.53 5221 3417
SFCI RMSE | 2691 991 4591 1557 742 2944 1803 349 7382 2109 3381 7078 10756 1073 348 12972 4686 348 37.25 2822 5945 41.08
MAPE | 2095 228 1127 5424 1442 2402 243 2655 1872 954 1548 2403 3519 2536 1184 1676 4395 1095 64 1456 2743 2157

the effectiveness of DGCFM for carbon intensity forecasting in
regions with insufficient carbon data.

In operational deployments, if limited carbon data is available in
the target region, users can typically leverage it to adapt the model
in the target region and enhance the model performance. The low-
data setting in Table 2 shows the performances of each model in
the regions with limited carbon data. Overall, DGCFM outperforms
all existing models by at least 20.04%. More specifically, DGCFM
achieves an average improvement of 22.04% compared to PatchTST
(from 13.93% to 10.86%), TimeXer 21.30% (from 13.80% to 10.86%),
MOMENT 20.96% compared to CFCG (from 13.74% to 10.86%), CFCG
21.65% (from 13.86% to 10.86%), CarbonCast 22.70% (from 14.05%
to 10.86%), DACF 30.92% (from 15.72% to 10.86%), TSGP 45.26%
(from 19.84% to 10.86%), and SFCI 49.65% (from 21.57% to 10.86%)
in MAPE. We also observe that DGCFM steadily outperforms other
baselines in all datasets. The result demonstrates the effectiveness
of DGCFM in the regions with limited carbon data.

To comprehensively evaluate the performance, we also conduct
the experiment under a full-shot setting, i.e., 70% data in the target
dataset is used to train the models, and 30% data is used for the
test. Table 3 shows the performances under the full-shot setting.
Overall, DGCFM outperforms existing models by at least 9.77%.
More specifically, CFCG achieves an average improvement of 11.16%

compared to PatchTST (from 9.77% to 8.68%), TimeXer 11.43% (from
9.80% to 8.68%), MOMENT 9.77% (from 9.62% to 8.68%), CFCG 9.78%
(from 9.62% to 8.68%), CarbonCast 21.02% (from 10.99% to 8.68%),
DACEF 28.21% (from 12.09% to 8.68%), TSGP 44.75% (from 15.71% to
8.68%), and SFCI 50.14% (from 17.41% to 8.68%) in MAPE. We also
observe that DGCFM can steadily outperform other baselines in all
datasets under the full-shot setting.

Table 3: The overall full-shot performance.

Models | DGCFM ~ PatchTST ~TimeXer MOMENT CFCG CarbonCast DACF TSGP SFCI
MAE 13.75 15.31 1533 15.35 15.13 16.89 19.24  24.63  26.87
RMSE 16.31 18.39 18.45 18.24 17.95 20.29 2328 28.82 31.84
MAPE 8.68 9.77 9.80 9.62 9.62 10.99 12.09 1571 17.41

5.3 Explainable Capabilities Learned

The superior performance of DGCFM stems from its dual capacity to
capture both spatial and temporal dependencies in carbon data. We
demonstrate these learned capabilities through systematic analysis:

Temporal Dependency Analysis. Figure 5 illustrates the re-
lationship between forecasting accuracy (MAPE) and renewable
energy penetration rates across different regions. Each data point
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Figure 5: The scatter plot of model performance as a function
of the ratio of renewable sources.
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Figure 6: The scatter plot of model performance as a function
of the ratio of electricity exchange.

represents a geographical area with distinct renewable source com-
positions (e.g., solar, wind, hydro) in their energy mix. Higher re-
newable ratios induce greater temporal volatility in carbon inten-
sity due to the intermittent nature of renewable generation. Our
analysis reveals a positive correlation between renewable penetra-
tion and forecasting error, highlighting the inherent challenges in
forecasting carbon patterns with increasing temporal dynamics. No-
tably, while all models exhibit performance degradation, DGCFM
demonstrates (1) absolute superiority over baseline methods and
(2)superior resistance to error escalation (slower error growth with
renewable ratios increasing). This resilience confirms DGCFM’s
enhanced temporal modeling capabilities through its TSFM blocks.

Spatial Dependency Analysis. Figure 6 examines forecasting
performance against electricity exchange ratios, where higher val-
ues indicate stronger grid interdependencies between regions. We
observe an increase in forecasting errors with rising exchange ra-
tios, reflecting the compounded complexity of spatial interactions
in interconnected power systems. We can also observe that our
DGCFM model has a slower error increase. This demonstrates the
capability of DGCFM to uncover the complex spatial dependency.

5.4 Model Ablation Study

To systematically evaluate the contribution of core components in
DGCFM, we conduct ablation studies as Table 4 shows. We compare
the performance of degraded variants against the complete model
through three key modifications:

(1) Architecture Simplification: Removing the Physical Node-
aware Graph Neural Network (PNGNN) component and replacing
it with a generic GNN degrades MAPE by 7.18% (from 10.86% to

Xiaoyang Zhang, Taiqi Zhou, Fang He, Yang Deng, & Dan Wang

11.64%), indicating PNGNN’s critical role in encoding spatial de-
pendencies through physical constraints.

(2) Temporal Modeling Ablation: Substituting the TSFM back-
bone with conventional LSTM results in the most significant perfor-
mance drop (11.70% MAE increase and 19.89% MAPE), confirming
the superiority of our TSFM block for capturing complex temporal
patterns.

(3) Fine-tuning Strategy Removal: We disable the carbon
hypergraph-enhanced fine-tuning mechanism. This variant is equiv-
alent to using all available regions’ CI data to fine-tune the TSFM
backbone for any target region’s CI forecasting. This change leads
to an 11.42% MAPE degradation (from 10.86% to 12.10%), demon-
strating the importance of our domain-specific adaptation strategy
for handling data scarcity in carbon intensity forecasting.

The progressive performance deterioration across all metrics
(MAE: 17.18 to 20.19, RMSE: 20.39 to 23.44, MAPE: 10.86% to 13.02%)
reveals the complementary nature of spatial-temporal modeling and
domain adaptation in our framework. Particularly, the TSFM back-
bone contributes the largest performance gain (19.89% MAPE im-
provement over the LSTM baseline), showing that effective tempo-
ral dependency modeling forms the foundation for accurate carbon
forecasting. The synergistic combination of physical constraints
and hypergraph-based fine-tuning further enhances model robust-
ness in data-constrained scenarios.

Table 4: Results of ablation study under the few-shot setting

Models | MAE RMSE MAPE
DGCFM 17.18  20.39 10.86

w/o PNGNN 18.11  21.45 11.64
w/o TSFM Backbone 20.19 2344 13.02

w/o Carbon Hypergraph Fine-tuning | 19.07 22.81  12.10

6 Social Impact

Carbon intensity forecasting is already being used in the decar-
bonization of society, e.g., ElectricityMaps [19] already provide
carbon forecasts to major tech firms (e.g., Google) for workload
scheduling. By addressing the key challenge of generalizing fore-
casts to data-scarce regions, DGCFM counterbalances the "data
divide" that favors wealthy nations and unlocks equitable access to
carbon intelligence.

7 Conclusion

We present DGCFM, a dual-graph enhanced carbon-domain foun-
dation model that systematically addresses the critical challenge of
general carbon intensity forecasting across data-scarce regions. Ex-
tensive evaluations across different regions demonstrate 20.04% ac-
curacy improvement over SOTA in low-data scenarios, representing
the practical viability for supporting worldwide decarbonization.
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