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Abstract

Computational decarbonization aims to reduce carbon emissions in
computing and societal systems such as data centers, transportation,
and built environments. This requires accurate, fine-grained carbon
intensity forecasts, yet existing tools have several key limitations:
(i) they require grid-specific electricity mix data, restricting use
where such information is unavailable; (ii) they depend on separate
grid-specific models that make it challenging to provide global cov-
erage; and (iii) they provide forecasts without uncertainty estimates,
limiting reliability for downstream carbon-aware applications.

In this paper, we present CarbonX, an open-source tool that
leverages Time Series Foundation Models (TSFMs) for diverse decar-
bonization tasks. CarbonX utilizes TSFMs to provide strong perfor-
mance in carbon intensity forecasting and imputation across multi-
ple and heterogeneous grids. Using only historical carbon intensity
data and a single general model, our tool achieves a zero-shot fore-
casting Mean Absolute Percentage Error (MAPE) of 15.82% across
214 grids worldwide. Across 13 benchmark grids, CarbonX per-
formance is comparable with the current state-of-the-art, with an
average MAPE of 9.59% and tail forecasting MAPE of 16.54%, while
also providing prediction intervals with 95% coverage. CarbonX
can provide forecasts for up to 21 days with minimal accuracy
degradation. Further, when fully fine-tuned, CarbonX outperforms
the statistical baselines by 1.2—3.9X on the imputation task. Overall,
these results demonstrate that CarbonX can be used easily on any
grid with limited data and still deliver strong performance, making
it a practical tool for global-scale decarbonization.
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1 Introduction

Societal infrastructure, including electricity grids, buildings, trans-
portation, and computing systems, contributes over 80% of global
greenhouse gas (GHG) emissions, underscoring the need for scal-
able decarbonization [39]. To reduce such GHG emissions, a new
field of computational decarbonization is gaining attention in recent
years [18], which aims to reduce both operational and embodied
carbon emissions associated with complex computing and societal
infrastructure systems by leveraging sensing, optimization, and
Artificial Intelligence (AI)-driven control.

A key enabler for computational decarbonization is accurate,
fine-grained estimates and forecasts of the electricity grid’s carbon
intensity, which quantifies the emissions associated with per unit
electricity usage over a period (in gCO,eq/kWh). Carbon inten-
sity depends on several factors such as the electricity (energy) mix,
weather, and demand patterns [25], and therefore, varies signifi-
cantly both spatially and temporally. For example, Figure 1 shows
the carbon intensities in two locations: California exhibits a “duck
curve” with midday solar dips and evening gas spikes, while Ger-
many shows a higher and more volatile pattern driven by fossil fuels
and intermittent wind or solar generation. Systems can take advan-
tage of such variability to reduce their carbon emissions without
compromising performance [1, 18, 29, 37, 41]. For instance, flexible
demands such as electric vehicle charging or large-scale Machine
Learning (ML) model training can be scheduled during low-carbon
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Figure 1: Hourly carbon intensity (gCO,eq/kWh) in the Cali-
fornia and Germany grids over one week.
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periods to reduce the associated emissions. Thus, fine-grained car-
bon intensity estimates and accurate forecasts, when accessible at a
global scale, can help in a significant reduction of carbon emissions
and subsequently advance the decarbonization goals.

Limitations of Prior Work. In recent years, several ML-based
specialized tools have emerged that can provide accurate short-term
grid carbon intensity forecasts [25, 45, 47]. Although these tools
show considerable promise, these tools face three key limitations
when availability at a global scale is considered:

(i) Dependence on data that are not generally available. Existing tools
rely on information about a grid’s source mix to generate accurate
carbon intensity forecasts. While some grid operators [5, 8] and
services [9, 40] have begun releasing historical carbon intensity
data, reporting source mix remains non-mandatory [42] and is thus
unavailable for many grids, limiting the applicability of existing
models. For example, there are entire continents, such as Africa,
where electricity mix data is either not available or only available
at an annual scale [17]; hence, prior tools cannot be used.

(ii) Dependence on grid-specific models. Prior tools rely on grid-
specific models trained separately for each individual grid, and on
some occasions, even individual electricity sources [25]. Although
this design effectively captures grid-specific carbon dynamics, it is
highly challenging to scale globally across grids. For example, at the
transmission system operator level, there are more than 350 grids
worldwide [11]. With each grid having multiple electricity sources,
prior works need to train and maintain thousands of models. At
the distribution level, there are more than 2500 operators alone in
Europe [13], making the per-grid design even more challenging.
(iii) No quantification of forecast uncertainty. Similar to other fore-
casting systems (e.g., weather forecasts), carbon intensity prediction
involves inherent uncertainty. Most prior works generate point fore-
casts without capturing possible variations. Such forecasts can de-
viate significantly from the ground truth, especially over multi-day
horizons [22], reducing the reliability of downstream applications
that perform optimizations by relying on these forecasts.

Our Goal. These gaps motivate the need for a tool that (i) op-
erates without relying on auxiliary information such as energy
mix, (ii) generalizes across global electricity grids using a unified
architecture, (iii) produces uncertainty-aware forecasts suitable for
real-world deployment, and is also easy to use and maintain at a
global scale. In addition, tasks such as carbon intensity imputation
remain underexplored despite their importance for carbon-aware
optimizations. For example, imputation can recover missing data
or enhance temporal resolution in regions with sparse carbon in-
tensity reporting [9], increasing the effectiveness of downstream
carbon-aware applications. Therefore, there is also a need for a tool
that can perform other tasks, such as carbon intensity imputation,
in addition to forecasting.
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Motivation for Using TSFMs. Recent advances in large-scale
ML have introduced Time Series Foundation Models (TSFMs) [2,
6, 16, 24, 36], which demonstrate strong forecasting and imputa-
tion performance across domains such as electricity demand and
weather. These models are pre-trained on massive, heterogeneous
data, enabling general temporal representations that support re-
liable zero- and few-shot forecasting. This capability directly ad-
dresses key limitations of existing tools. TSFMs can operate us-
ing only univariate historical signals, eliminating the need for
electricity-mix data that is unavailable in many regions. Their
strong zero-shot generalization also enables a single unified model
to serve hundreds of grids, avoiding per-grid model development
and maintenance. Furthermore, zero-shot deployment removes the
need for per-grid data collection and retraining, significantly reduc-
ing operational cost at scale. Leveraging TSFMs, therefore, provides
a practical pathway toward scalable, globally deployable, and data-
efficient tools that advance computational decarbonization.

Our Research Contributions. In this paper, we present
CarbonX, a tool built using TSFMs for tasks such as carbon in-
tensity forecasting and imputation. Using only carbon intensity
series and a single general model, CarbonX achieves an average
Mean Absolute Percentage Error (MAPE) of 15.82% across 214 grids
worldwide for the forecasting task. Although CarbonX has slightly
higher forecasting errors than existing specialized tools in some
grids, it delivers similar tail performance (see Section 6.1) using
only historical carbon intensity as input. Further, it offers signif-
icantly more flexibility and versatility (see Table 1), such as one
model for any grid and tasks beyond forecasting. These attributes
make CarbonX more practical than any similar tools existing today.
In summary, this paper makes the following contributions:

(1) Application of TSFMs on Decarbonization Tasks. We present
CarbonX, a tool for global-scale decarbonization. Our work
is the first to look at application of TSFMs on decarboniza-
tion tasks such as carbon intensity forecasting and imputation.
CarbonX has a modular design that leverages the versatility
of TSFMs to provide comparable accuracy with the current
state-of-the-art using only historical carbon intensity data as
input. On the 13 benchmark grids used in prior works, CarbonX
attains 9.59% mean MAPE and 16.54% tail MAPE, compared to
7.75% and 15.61% for the current state-of-the-art.

Open-Source Tool. We release CarbonX as an open-source tool
for researchers and practitioners to facilitate and accelerate
decarbonization research. CarbonX currently supports carbon
intensity forecasting and imputation on a global scale, and the
saved TSFM models, curated datasets, and an API suite is made
available at https://github.com/codecexp/CarbonX.

Global Coverage with Strong Forecasting Accuracy. CarbonX pro-
vides multi-day carbon intensity forecasts across 214 grids glob-
ally. Due to its zero-shot capability, which requires no additional
training, support for any new grids can also be added easily.
Across all 214 grids, the mean and tail MAPEs are 15.82% and
29.61%, respectively, showcasing CarbonX’s strong forecasting
accuracy. CarbonX is the first research work to provide and
evaluate carbon intensity forecasting on a global scale.
Extended Forecasting Horizon. CarbonX can forecast carbon in-
tensity for an extended horizon with minimal performance loss.
Our evaluation across 13 grids shows that CarbonX can forecast
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up to 21 days ahead with only a 5.40% average MAPE degrada-

tion. To our knowledge, it is the first work to support carbon

intensity forecasting beyond a 96-hour horizon.

Uncertainty Quantification. CarbonX provides calibrated Predic-

tion Intervals (PIs) to make the outputs reliable for downstream

tasks. For forecasting, it achieves 95% average coverage with a

54.2% normalized interval width across 13 grids, demonstrating

effective uncertainty quantification.

(6) Imputation Support. CarbonX also supports carbon intensity im-
putation, offering versatility beyond forecasting. Our fully fine-
tuned implementation achieves an average normalized RMSE
of 0.24 across 50 grids even with 75% missing values, outper-
forming the statistical baselines by 1.2—3.9x.

—
&)
=

2 Background
2.1 Electricity Grids and Carbon Intensity

The electricity grid combines generation from renewable and non-
renewable sources. Electricity is transmitted through high-voltage
lines and distributed to end users. Each regional grid is managed by
an operator who balances supply and demand. As demand varies,
operators monitor the grid and weather conditions in real time, and
dispatch generators accordingly to meet current demand.
Carbon Intensity (CI). The average carbon intensity of a
grid (in gCO,eq/kWh) is the generation-weighted average of emis-
sions from each electricity source at a certain time:
X(Ei - CEFy)

YE
where E; is the electricity generated by source i (e.g., coal, solar, gas)
in kWh, and CEF; is its corresponding carbon emission factor (CEF,
in gCO,eq/kWh), a standardized value for each source [7, 33].

Carbon Intensity (CI) = (1)

2.2 Time Series Foundation Models (TSFMs)

TSFMs are large-scale ML models pre-trained on diverse time-series
data [2, 16]. By learning universal temporal representations, it en-
ables zero- or few-shot adaptation across domains. TSFMs have
been applied to multiple domains ranging from electricity load fore-
casting to healthcare [3, 15, 20, 23, 28]. These applications demon-
strate TSFMs’ ability to generalize across domains and encourage
application of new or existing TSFMs on carbon intensity data.

2.2.1 Supported TSFMs. CarbonX currently supports the follow-
ing five TSFMS. These models differ in architecture (e.g., encoder-
decoder) and training strategy (e.g., supervised, self-supervised).
MOMENT [16]: A transformer-based model, pre-trained using a
masked time series. It segments input sequences into fixed-length
patches and encodes them using a modified T5-style [30] trans-
former. A reconstruction head then enables patch-level prediction.
Chronos [2]: A transformer-based forecasting model that repur-
poses language models for time series. It tokenizes time series via
scaling and quantization into a fixed-size vocabulary, enabling train-
ing with off-the-shelf encoder-decoder [30]. It uses cross-entropy
loss to model the categorical distribution of tokenized values.
TimesFM [6]: A decoder-only model that processes time series as
sequences of non-overlapping patches, which are embedded using
residual multilayer perceptron blocks and passed through stacked
transformer layers with causal self-attention.

571

E-Energy °26, June 22-25, 2026, Banff, AB, Canada

Sundial [24]: A Transformer-based model that pre-trains directly
on continuous time series without tokenization, leveraging a flow-
matching TimeFlow loss to predict next-patch distributions, miti-
gate mode collapse, and generate arbitrary-length forecasts.
Time-MoE [36]: A decoder-only Transformer with a sparse
Mixture-of-Experts (MoE) design that activates only a few experts
per step, reducing computation while preserving model capacity.
Similar to others, it supports variable forecasting horizons.

Table 10 in Appendix B lists the TSFM variants currently sup-
ported, and their parameter counts. We select five representa-
tive TSFMs for their architectural diversity, training strategies,
strong cross-domain performance, and open-source availability.
While other TSFMs exist (e.g., TimeGPT [14], LagLlama [31], and
TimeLLM [19]), we exclude them as: (i) LagLlama shows weaker per-
formance relative to the selected models [26]; (ii) TimeLLM follows
an architecture similar to Chronos by adapting language models for
time series; and (iii) TimeGPT is closed-source with limited acces-
sibility. Importantly, CarbonX ’s modular design allows seamless
integration of existing and future TSFMs for decarbonization tasks.

2.2.2 TSFM Fine-Tuning. TSFMs show improved performance
under a few-shot setting, when fine-tuned with data from the same
domain on which they are applied [16]. Fine-tuning strategies can
be categorized as model-oriented or data-oriented.

In model-oriented fine-tuning, either a subset or the entire model
is updated using domain-specific data. Fine-tuning only part of the
model, e.g., the task head layers, is referred to as lightweight fine-
tuning. Updating all model parameters constitutes full fine-tuning.

Data-oriented fine-tuning for grid data falls into two types. In
domain-specific fine-tuning, the model is trained on data from mul-
tiple grids and evaluated on an unseen grid, testing inter-grid gen-
eralization. In grid-specific fine-tuning, the model is fine-tuned and
evaluated on data from the same grid, testing intra-grid accuracy.

3 Related Work

Table 1 summarizes the key differences and advantages of our tool
relative to previous approaches.

(1) Carbon Intensity Forecasting. Short-term carbon intensity
forecasting is well-studied due to its importance for decarboniza-
tion. Traditional forecasting methods, such as EWMA [35] and
ARIMA [4, 21, 34], have been applied in several prior works be-
cause of their simplicity and effectiveness in capturing temporal
patterns. However, such statistical models struggle to handle high
variability and are less effective for multi-day forecasting horizons.
(a) Domain-Specific ML Models. To address the limitations of
traditional statistical methods, ML models have emerged as state-of-
the-art solutions [25, 45, 47]. CarbonCast [25] employs a two-tier
ML architecture for 96-hour carbon intensity forecasting. The first
tier predicts electricity generation for each energy source. The
second tier takes these predictions along with historical carbon
intensity and weather forecasts to estimate 96-hour carbon intensity
forecasts. More recently, EnsembleCI [45] applies ensemble learning
across three base models to produce 96-hour forecasts. Each base
model predicts the carbon intensity of a given grid, and a stacking-
based strategy is used to generate the final forecast. Despite their
effectiveness, these models rely on extensive grid-specific electricity
mix data, frequent retraining, and grid-specific model development
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Energy mix Training data volume Transferrable Prediction Tasks beyond Forecasting

not required & training frequency  across grids intervals forecasting accuracy
EWMA [35] v High X X X Moderate
CarbonCast [25] X High X X X High
CarbonCast w/ PI [22] X High X v X High
EnsembleCI [45] X High X X X High
CarbonX v Low v v v Moderate-High

Table 1: Comparison between CarbonX and existing state-of-the-art models.

S Backend

Task Module
(e.g., Forecasting)
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Data
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Data
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Figure 2: CarbonX end-to-end pipeline. The frontend communi-
cates with the task module and the database during execution.

to maintain accuracy. In contrast, CarbonX requires only historical
carbon intensity and achieves similar accuracy in many grids.

(b) Proprietary Forecasting Services. Electricity Maps [9] and
WattTime [40] offer global carbon intensity forecasts. However,
these forecasts are proprietary, and their models and forecasting
accuracy are not publicly available. In contrast, our tool is fully open-
sourced to support reproducibility for researchers and practitioners.
(c) Forecast Uncertainty. Most prior works provide only point-
value forecasts and do not quantify uncertainty. Recently, Li et
al. [22] have extended CarbonCast [25], where they apply a con-
formal prediction method [43] to generate prediction intervals.
However, underlying limitations remain, such as its reliance on
electricity mix data and the per-grid model. In contrast, CarbonX
requires only historical carbon intensity data to generate intervals.
(2) Carbon Intensity Imputation. Carbon intensity imputa-
tion enables recovery of missing data and generation of higher-
resolution estimates beyond currently available granularity. For
example, hourly carbon intensity data can be imputed to produce
sub-hourly values. Currently, only Electricity Maps performs such
imputation using proprietary statistical and ML techniques [10].
Although statistical methods are widely used for imputation, to the
best of our knowledge, CarbonX is among the first to treat carbon
intensity imputation as a standalone task.

4 CarbonX Design

CarbonX is a generalizable, versatile tool that performs carbon
domain tasks across electricity grids with high accuracy, using
univariate carbon intensity series. It currently supports multi-day
forecasting and imputation, and can be extended to other decar-
bonization tasks, such as anomaly detection, with minimal changes.

4.1 End-to-end Pipeline and Usage

We begin by briefly describing the end-to-end pipeline and illustrat-
ing how to use CarbonX. Figure 2 illustrates the CarbonX pipeline,
including the frontend and backend, where the frontend interacts
with the backend’s task module and database during execution.
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4.1.1 CarbonX Backend. CarbonX backend comprises a data
fetcher module, a task module, and a database to store both fetched
and generated data.
Data Fetcher. This module periodically retrieves carbon intensity
data from various public data sources. Currently, CarbonX fetches
hourly carbon intensity data from Electricity Maps [11] for 214 grids.
We plan to include other sources (e.g., EIA [8], ENTSOE [12]) in the
future. The module currently runs once daily, but the periodicity
can be adjusted as per requirements. Once fetched, the data is
forwarded to the task module as well as updated to the database.
Task Module. The task module receives data from the data fetcher
and performs the desired task. Regardless of the task, it first runs
imputation (using MOMENT) so that any missing data is filled.
Figure 3 illustrates the CarbonX task module for carbon inten-
sity forecasting. The module can use any new or existing TSFM to
forecast §;41.4+p from historical input y;_r+1.;, where L is the in-
put length and H is the forecast horizon. The output is then passed
through a conformal prediction layer, which produces a prediction
interval with coverage guarantees. Once the forecasts and predic-
tion intervals are generated, we update the database. We describe
the task module in more detail in Section 4.2.
Database. The database is currently a list of files containing the
actual carbon intensity data, carbon intensity forecasts, and predic-
tion intervals for all the supported grids. The database is updated
daily after the data fetcher and task modules run.

4.1.2 CarbonX Frontend. The frontend provides a suite of APIs
that users or downstream services can use to easily access any
historical carbon intensity data, as well as forecasts from any
prior or current date for any supported grid. For example, sup-
pose a data center in Texas requires carbon intensity forecasts
for the next day in order to optimally schedule a batch job. Call-
ing get_ci_forecasts(ERCOT, <date>, 24, True) will retrieve
day-ahead carbon intensity forecasts from CarbonX for the Texas
grid (ERCOT) along with prediction intervals.

Additionally, CarbonX users can set any preferred TSFM and the
mode of operation (zero-shot or fine-tuned), query which grids are
supported, and even generate finer resolution carbon intensity data
as per requirements. Table 9 in Appendix A provides a description of
the APIs currently supported by CarbonX, the required parameters,
and the values returned. A detailed documentation can be found in
https://github.com/codecexp/CarbonX.

4.2 CarbonX Task Module

The CarbonX task module takes only a univariate carbon intensity
time series as input and performs forecasting or imputation. The
task module consists of three sub-modules:

(i) The input first passes through a TSFM for carbon intensity
imputation, ensuring missing values are estimated before further
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Task Module
Imputed Forecasts and Pl with
Historical CI Cl Forecasts desired coverage

Yi-L+1:t Yt-L+1:t Yt+1:t+H
Figure 3: CarbonX task module comprises TSFMs followed by

(Zero-shot/ Fine-tuned)
a conformal layer. This figure shows the forecasting task: the
TSFM takes L timesteps of historical carbon intensity and
forecasts the next H timesteps. A conformal layer provides
reliable prediction intervals with the desired coverage.

Historical CI

processing. The TSFM can operate in zero-shot or fine-tuned mode;
currently, CarbonX uses MOMENT for imputation. If the desired
task is imputation, the next sub-module is skipped, and the data is
sent to the conformal layer.

(ii) For forecasting, the data is input to a second TSFM. This
sub-module is model-agnostic and supports any TSFM suited to the
task, enabling evaluation of both new and existing models across
domains. For instance, we plug in five representative TSFMs to
assess their forecasting performance. The TSFMs can operate in
either zero-shot or fine-tuned modes. The output is passed to the
conformal layer.

(iii) The final sub-module is a conformal layer that produces
calibrated prediction intervals with desired coverage, defined as the
fraction of times ground truth values fall within the interval. Tasks
such as multi-day forecasting introduce increasing uncertainty
as the horizon grows. While many TSFMs generate probabilistic
forecasts, such intervals do not guarantee coverage. To address this,
CarbonX applies conformal prediction and generates calibrated
intervals that cover the ground truth 95% of the time.

Our modular design allows seamless integration of different
TSFMs and conformal techniques with minimal changes, improving
reliability for downstream decarbonization applications that require
robust carbon intensity estimates.

Next, we describe the zero-shot and fine-tuned modes of opera-
tion in detail, followed by our uncertainty quantification approach.

4.2.1 Zero-Shot Mode. Applications face three challenges when
estimating or forecasting carbon intensity to assess emissions. First,
many grids provide only historical carbon intensity data. Second,
available data may contain large gaps due to reporting errors or out-
ages. Third, maintaining separate models per grid becomes difficult
as applications scale across regions.

The zero-shot mode addresses these challenges by applying
TSFMs pre-trained on other domains directly to unseen carbon-
related tasks. A single TSFM is deployed across all grids without
fine-tuning. This “plug-and-play” mode is well-suited for short-
term tasks where forecasts are only required for a limited amount
of time, or grids lacking sufficient data for fine-tuning. It is also
practical for large-scale deployments requiring global forecasts —
e.g.,, spatial demand shifting across data centers to reduce emis-
sions. In such settings, zero-shot mode will be beneficial, while
maintaining separate models per grid may be infeasible.

(i) Zero-shot Forecasting. For zero-shot forecasting, CarbonX in-
put consists solely of univariate historical carbon intensity data
from electricity grids. At present, CarbonX does not include any
other information that may be available (e.g., weather forecasts).
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However, covariate support can be added with minimal changes.
As mentioned, we evaluate five TSFMs in this mode (see Table 10).
During zero-shot forecasting, we also vary the input length (e.g.,
24 to 480 hours) and output length (e.g., 1 to 21 days) to study how
historical context and forecasting horizon shape model behavior.
Short inputs may capture recent trends and support short-term
responsiveness, while longer inputs may reveal seasonal patterns
but risk introducing noise. On the other hand, TSFMs may be able to
generalize over a longer time due to their large model size, contrary
to existing domain-specific ML models [25, 45, 47] that typically
support only up to 4-day forecasts due to limited model capacity.
(ii) Zero-shot Imputation. At present, CarbonX uses MOMENT
for imputation, since only MOMENT supports imputation among
the explored TSFMs. The input for the imputation task is a carbon
intensity time series with portions intentionally masked. This setup
mirrors real-world conditions where data gaps arise from reporting
delays or power outages [38]. Similar to forecasting, a single model
is applied uniformly across grids to estimate missing values using
the temporal patterns that the model learnt during pre-training.

4.2.2 Fine-Tuned Mode. Many grids publish long-term historical
carbon intensity data [11]. Since fine-tuning on target-domain data
typically improves TSFM performance [16], CarbonX supports fine-
tuning with historical data to enhance forecast accuracy. This mode
is particularly beneficial for long-term deployments or settings with
a small number of grids, where it can better capture grid-specific
temporal patterns than zero-shot inference. In our experiments,
we fine-tune all TSFMs except Sundial, which currently does not
support fine-tuning [24].

(i) Fine-Tuned Forecasting. We perform two types of fine-tuning
for forecasting. First, we employ a lightweight, grid-specific strategy
to improve the forecasting accuracy. For example, we fine-tune only
the linear forecasting head of MOMENT using carbon intensity
data (y) from a grid while keeping the transformer backbone fixed.
At each timestep ¢, the model looks back at the last L time steps
(y¢—1+1:t), and is trained to forecast the next H steps (§;+1.s+1)- The
model is then evaluated on unseen data from the same grid.

Unlike domain-specific tools such as CarbonCast [25] or En-
sembleClI [45], which train separate models for each grid, we use
a shared pre-trained backbone across all grids and update only a
few model layers. This enables efficient few-shot adaptation and
inter-grid generalization.

Since the above strategy still needs some grid-specific modifica-
tions, we also perform full, domain-specific fine-tuning to build a
scalable, general model, where all model parameters are updated
using combined training data from over 200 grids. This mode falls
between zero-shot and grid-specific fine-tuning, and is designed
to capture diverse carbon intensity patterns without requiring per-
grid customization.

Among TSFMs with fine-tuning capabilities, MOMENT and
TimesFM gain primarily from grid-specific fine-tuning of their fore-
casting heads and are less suitable for this large-scale strategy, while
Chronos and Time-MoE show little benefit (see Section 6.1). Hence,
we focus only on Chronos and Time-MoE for the this strategy.

(ii) Fine-Tuned Imputation. We explore both light-weight and
full, grid-specific fine-tuning strategies for the imputation task. The
objective is to reconstruct missing carbon intensity values, given a
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time series. Formally, let y = {y;.7} denote the complete time series
over T time steps, and m = {my.7} be a binary mask vector, where:

m; = 0 if y; is missing (masked), else 1 (2)

The observed data is denoted by y°" = {y; | m; = 1}, and the
model is trained to impute the missing values §; Vt | m; = 0.

While the light-weight approach emphasizes scalability and gen-
eralization, full fine-tuning provides high reconstruction accuracy
that outperforms the statistical baselines (see Section 7). We note
that full fine-tuning results in a separate model for each grid and
hence may not always be feasible. However, it achieves strong per-
formance using only historical carbon intensity data and few-shot
learning. Hence, we present the results from both strategies to pro-
vide a comprehensive comparison, leaving the desired strategy to
the downstream application.

4.2.3 Uncertainty Quantification. Carbon intensity estimates
and forecasts involve considerable uncertainties due to external fac-
tors such as weather and changing grid conditions. Given a desired
coverage level ¢ € (0, 1), CarbonX’s conformal layer generates pre-
diction intervals that cover the ground truth at least 100 X % of the
time to make the output more robust to uncertainties. For example,
a = 0.95 corresponds to a 95% coverage. While some TSFMs, such
as Chronos or Sundial, can provide prediction intervals, we observe
that naive quantile regression used by these models often fails to
provide the desired coverage when forecasting horizons are long
(see Sec. 6.4). Consequently, we propose a data-driven conformal
prediction method that provides prediction intervals with the de-
sired coverage by looking at the most recent historical residuals.
Our approach to ensure the desired coverage is as follows:

Since CarbonX provides 96-hour forecasts (fj) on a daily basis,
historical residuals for hours 25—96 are available after a delay.
Suppose Hj g6 is the forecasting horizon for a day d. Then, the
most recent historical residuals for Hys, 43 are available from day
d — 1. Similarly, the most recent historical residuals for H73 9
are available from day d — 3. This makes quantifying uncertainty
particularly challenging. To quantify effectively and prevent leakage
of any future data, we break down the 96-hour forecasting horizon
into four forecasting days and compute separate lists of available
historical residuals. The conformal layer then looks back at the
residuals from the previous available N days to calibrate the current
interval. We denote the previous N days as the calibration window,
which is a hyperparameter that can be tuned. In our experiments,
setting N as 75 provides the best results.

We employ a horizon-specific strategy to obtain the prediction
intervals. Specifically, for each hour H of the forecasting window,
we look at the residual distribution for that particular hour in the
calibration window to get the lower (qg = a/2) and upper (qfi =
1 — a/2) quantiles for that hour. Once we obtain the quantiles, we
generate prediction intervals [L, UH] for that hour, where:

LH =yH+qg, Ut =yH+qI:i

Thus, the final prediction interval for the whole horizon becomes
[L, U], where L = § + qj0, U = 0§ + qp;-

Since we employ a rolling calibration window for each evaluated
day, q;, and gqy,; reflect the tail behavior of the most recent residuals
and provide a data-driven estimate of the uncertainty. Calibrating
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with the most recent residuals ensures that the intervals adapt to
local error patterns and achieve the desired coverage on average.

5 Experimental Methodology
5.1 Datasets and Data Sources

Benchmark Grids. We compare CarbonX against the state-of-
the-art on 13 grids spanning the US, Europe, and Australia used in
prior studies [25]. Data come from the CarbonCast repository [25]
and include two years of hourly carbon intensity measurements
from 2020 to 2021. Following prior work, we evaluate forecasting
accuracy on the final six months of 2021 for fair comparison.
Global Carbon Intensity Dataset. Electricity Maps recently re-
leased hourly carbon intensity data for 350 grids worldwide [11].
For global evaluation, we use data from 214 of these grids covering
most major geographical areas, with the number of grids per area
listed in Table 5. Each grid provides four years of hourly data from
2021 to 2024, split into training and testing sets with a 70-30 ratio.
Uncertainty Quantification Dataset. We evaluate uncertainty
quantification on the same 13 benchmark grids using the two-year
datasets from CarbonCast. We provide prediction intervals for the
last 6 months in each dataset.

Imputation Dataset. We use 5 minute carbon intensity data from
Electricity Maps [11] covering 50 grids, 30 in the United States and
20 in Europe. Each dataset spans 2021 to 2024 and is split 70 to 30
for training and testing. To simulate missing data, 12.5% to 75% of
each time series is randomly masked for reconstruction.

5.2 Performance Metrics

Forecasting. We use MAPE to assess forecasting accuracy. Lower
values indicate better performance. In addition to the average MAPE
over the test period, we report the 90th-percentile MAPE to capture
tail forecasting errors of the models.
Uncertainty Quantification. We assess the quality of prediction
intervals using Coverage, Normalized Interval Width (NIW), and
Continuous Ranked Probability Score (CRPS).

Coverage measures the percentage of times the ground truth (y;)
falls within the prediction intervals ([L;, U;]):

100 —
Coverage (%) = T ZI [y: € [Le, U], (3
=1

where I[-] denotes the indicator function.

NIW at each time step is the interval width relative to the ground
truth: NIW; = % Lower NIW indicates a narrower interval.

CRPS at each timestep is a generalization of the Mean Absolute
Error (MAE) for probabilistic forecasting, evaluating the accuracy
of an entire predicted probability distribution against the observed
value. When the forecast distribution is represented by quantile
functions ¢(7) for quantile levels 7 € [0, 1], the CRPS is:

1
cres =2 [ pily - (o) de 0

where p;(u) is the quantile loss function. We computed CRPS on
normalized time series to capture the effects of our approach across
the grids. A lower CRPS indicates better calibration.

Imputation. We use Root Mean Square Error (RMSE) on normal-
ized time series to assess imputation accuracy.
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Baselines ‘ CarbonX Zero-Shot Mode
EWMA [35] ARIMA [34] CC-uni! ECI-uni! CarbonCast [25]>  EnsembleCI [45]% \ MOMENT [16]  Chronos [2] ~ TimesFM [6]  Sundial [24]  Time-MoE [36]
Mean  90th ‘ Mean  90th ‘ Mean 90th | Mean 90th | Mean 90th ‘ Mean 90th ‘ Mean  90th ‘ Mean 90th ‘ Mean 90th ‘ Mean  90th ‘ Mean  90th
CISO 12.93 28.15 | 28.83 56.01 | 12.90 24.08 | 12.43 23.39 | 11.45 22.21 9.17 18.38 23.38 48.49 24.80 50.04 | 24.31 4841 | 10.79 17.25 | 11.84 24.79
PIM 6.18 13.01 | 10.24 17.82 | 537 10.81 4.64 7.08 5.29 8.74 3.41 7.17 6.97 14.73 9.40 17.83 | 9.36 17.80 | 4.68 7.98 4.56 9.86
ERCOT 17.33  37.45 | 29.55 53.21 | 15.37 2898 | 16.04 30.31 | 11.14 21.44 10.61 24.69 17.14 37.15 18.59 33.62 | 18.40 32.69 | 14.64 25.46 | 15.45 35.82
ISO-NE 7.40 1591 | 11.04 20.67 | 7.21 13.72 | 697 1141 6.41 10.96 5.74 12.98 8.35 17.54 1220 22.17 | 12.27 2224 | 6.89 11.52 6.79 14.99
BPAT 10.08  20.90 | 19.33 32.79 | 12.33 22.33 | 22.09 34.57 | 11.22 18.23 10.95 22.42 12.47 25.53 24.17 42.16 | 2432 4230 | 9.92 14.24 | 10.01 20.43
FPL 3.28 7.35 6.66 12.35 3.53 6.63 4.77 7.23 3.15 5.24 2.78 6.02 4.96 9.91 6.93 13.72 6.85 13.64 2.86 531 2.85 6.39
NYISO 8.81 18.08 | 13.83 25.28 9.67 22.27 9.54  28.32 9.09 28.09 8.75 30.85 9.91 21.01 17.45 3501 | 17.64 35.33 8.59 16.19 7.86 15.97
SE 7.43 16.46 | 14.09 2632 | 6.87 1325 | 6.50 10.71 5.78 9.47 5.42 11.63 7.07 15.84 8.83 17.71 8.74 17.69 | 6.22 10.37 6.37 13.62
DE 26.25 57.89 | 4239 95.86 | 21.26 43.02 | 23.27 39.75 | 11.72 20.90 12.09 26.82 27.05 58.59 26.20 41.66 | 25.71 40.67 | 21.06 40.59 | 20.46 43.23
PL 8.43 19.27 | 16.26  33.22 6.81 12.98 6.56 11.94 4.37 7.49 4.23 9.34 8.72 19.65 7.79 14.78 7.62 13.68 6.48 10.91 6.42 13.26
ES 25.95 5246 | 34.69 69.24 | 21.20 40.35 | 19.38 30.32 | 16.65 30.07 16.96 35.39 25.53 53.99 23.75 43.53 | 23.54 4298 | 20.42 3499 | 19.68 39.73
NL 1130 24.74 | 22.43 40.87 | 9.13 16.29 | 9.57 15.71 8.25 13.43 6.96 13.72 10.49 23.42 10.48 18.12 | 10.36 17.92 | 8.69 15.51 8.78 17.69
AUS-QLD  4.04 9.67 | 23.79 46.67 | 3.93 6.09 4.21 5.66 4.46 6.72 3.72 8.99 15.47 33.56 15.76  39.42 | 1546 39.30 | 3.48 4.69 3.56 8.49
Average 1149 2472 | 21.00 40.80 | 10.43 20.06 | 11.23 19.72 | 8.38 15.61 7.75 17.57 13.63 29.18 15.87 29.98 | 15.73 29.59 | 9.59 16.54 9.59 20.25
(1) CC-uni (resp. ECI-uni) have similar model architecture and capacity as CarbonCast (resp. EnsembleCI), but only uses historical data as input.
(2) CarbonCast and EnsembleClI require energy mix information and train grid-specific models to forecast carbon intensity.

Table 2: 4-day MAPE comparison (best results in bold). TSFMs provide competitive performance in some grids. Sundial (with a
30-day lookback) achieves the highest accuracy in the zero-shot mode, having 9.59% mean and 16.54% tail forecasting MAPE,
compared to state-of-the-art mean MAPE of 7.75% (EnsembleCI) and tail MAPE of 15.61% (CarbonCast).

CarbonX Grid-Specific Fine-Tuning
MOMENT [16]  Chronos [2]  TimesFM [6] Time-MoE [36]

Mean 90th ‘ Mean 90th ‘ Mean 90th ‘ Mean 90th
CISO 1227 2507 | 2351 4357 | 1247 2679 | 12.03  25.54
PIM 524  10.84 | 950 17.60 | 521 1146 | 520 1132
ERCOT 16.06  33.66 | 18.90 35.64 | 1559 33.10 | 17.35  37.50
ISO-NE 6.99 1426 | 12,69 2217 | 7.23 1543 | 721  15.02
BPAT 1045  21.68 | 24.85 4191 | 1045 21.67 | 10.05  20.61
FPL 343 7.00 | 7.98 14.23 | 3.03 644 | 330  7.14
NYISO 7.95 1577 | 1650 38.02 | 10.14 2435 | 839  17.24
SE 6.59  14.85 | 1031 1853 | 6.19 14.12 | 7.07 1531
DE 22.07 4145 | 2627 42.64 | 22.21 47.46 | 2348  53.72
PL 6.92 1374 | 835 1573 | 7.01 1521 | 755  17.29
ES 20.85 4212 | 24.99 44.14 | 22.84 46.84 | 2345 4549
NL 938 1816 | 1147 18.63 | 8.96 1959 | 9.88  20.45
AUS-QLD 483  11.82 | 16.80 3861 | 3.69 853 | 372 873
Average  10.23 2080 | 1632 30.11 | 1039 22.38 | 10.66  22.72

Table 3: CarbonX accuracy (MAPE %) after grid-specific fine-
tuning (Sundial is excluded from evaluation).

5.3 Baselines

Forecasting. We compare CarbonX with two state-of-the-art tools:
CarbonCast [25] and EnsembleCI [45]. While EnsembleCI performs
better on average, CarbonCast has better tail accuracy (Table 1). So,
we include both as baselines. Since both use auxiliary inputs, we
also include two univariate variants with similar model architecture
and capacity — CC-uni and ECI-uni — that rely only on historical
carbon intensity for a fair comparison. Finally, we implement two
statistical baselines: EWMA [35] and ARIMA [34].

We could not compare CarbonX with proprietary services such

as Electricity Maps [9] and Watttime [40], as their forecasts are not
publicly available.
Uncertainty Quantification. Li et al. [22] provide prediction in-
tervals for carbon intensity forecasts. Although both our and their
works achieve target coverage, directly comparing NIW is difficult
since the interval width depends on the point forecast accuracy.
Because Li et al. extends CarbonCast — which is more accurate than
CarbonX— its NIW may be narrower. We keep this comparison for
future work. Importantly, CarbonX’s modular design allows inte-
gration of improved interval methods to produce narrower intervals
with the available forecasts.
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CarbonX Domain-Specific Fine-Tuning

Chronos [2] Time-MoE [36]

Mean 90th ‘ Mean 90th
CISO 2239  40.64 | 1241 27.07
PIM 9.04 17.28 4.97 10.87
ERCOT 19.11  38.57 | 16.57 35.66
ISO-NE 11.70  21.45 7.09 15.50
BPAT 24.61 41.67 9.83 20.29
FPL 7.15 13.80 | 3.02 6.66
NYISO 16.20 38.35 | 8.98 18.56
SE 9.24 18.11 6.71 14.78
DE 25.80 40.76 | 23.20 49.65
PL 7.70 15.14 7.25 15.58
ES 24.15 43.84 | 2342 45.80
NL 1041 18.16 9.50 19.79
AUS-QLD 16.23 39.71 3.98 9.30
Average 15.67 29.80 ‘ 10.53 22.27

Table 4: CarbonX accuracy (MAPE %) after domain-specific
fine-tuning (only Chronos and Time-MoE are evaluated).

Imputation. We compare CarbonX’s imputation performance
against three statistical baselines: (1) Naive interpolation, which
fills a missing value using the same hour from the nearest available
day, (2) Linear interpolation, and (3) Cubic spline interpolation.
Linear and cubic spline interpolation are standard statistical base-
lines for time series, while the naive approach reflects a common
operational heuristic.

5.4 Fine-Tuning Strategies

During forecasting, we fine-tune the TSFMs for one epoch for
both grid- and domain-specific strategies. During imputation, we
employ both light-weight and full fine-tuning for five epochs. For
imputation, we only opt for grid-specific fine-tuning.

6 Forecasting Task Evaluation

We evaluate CarbonX across multiple dimensions. First, we com-
pare its accuracy on 13 benchmark grids and show that CarbonX
matches the tail performance of the current state-of-the-art. Next,
we show that its forecasts remain reliable for up to 21 days. We
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then demonstrate that CarbonX can provide accurate forecasts glob-
ally, by evaluating across 214 grids. Finally, we assess uncertainty
quantification, confirming well-calibrated prediction intervals.

6.1 Comparison against Baselines

Tables 2, 3, and 4 present detailed forecasting accuracy of CarbonX
across 13 grids in both zero-shot and fine-tuned modes.

6.1.1 Zero-Shot TSFM Performance. Statistical models achieve
only moderate accuracy. EWMA achieves an average mean MAPE
of 11.49%, outperforming ARIMA (21.00%), and performs well on
stable grids such as FPL, where it records 3.28% mean MAPE but
degrades on volatile grids such as DE (26.25% MAPE). CC-uni (resp.
ECI-uni), the univariate variant of CarbonCast (resp. EnsembleCI),
improves over the moving average baselines, having mean and tail
MAPE of 10.43% and 20.06% (resp. 11.23% and 19.72%) across the 13
grids. Similar to the previous baselines, their accuracy remains high
on stable grids but degrades on volatile ones such as DE and ERCOT.
CarbonCast and EnsembleCI remain the strongest domain-specific
models, leveraging energy mix features and grid-specific architec-
ture and training to achieve mean and 90th-percentile MAPE of
8.38% and 15.61%, and 7.75% and 17.57%, respectively.

Among pre-trained TSFMs, Sundial with a 30-day lookback leads
with an average mean and 90th-percentile MAPE of 9.59% and
16.54%. It performs strongly on stable grids such as PJM and FPL
while maintaining robustness on higher-variance grids such as DE
and ES, where it even outperforms EnsembleCI in tail forecasting
accuracy. While Sundial has higher errors than CarbonCast or
EnsembleCI in some grids, it consistently outperforms both CC-uni
and ECI-uni even without grid-specific training, highlighting the
benefits of TSFMs when auxiliary inputs are unavailable.

Among other TSFMs, Time-MoE achieves similar zero-shot mean
accuracy (9.59%) but slightly higher tail errors (20.25%). MOMENT
follows with 13.63% mean and 29.18% 90th-percentile MAPE, bene-
fiting from strong performance on North American grids but drop-
ping sharply on European ones. Chronos records 15.87% mean and
29.98% 90th-percentile MAPE, and TimesFM records 15.73% mean
and 29.59% 90th-percentile MAPE, reflecting weaker adaptation to
the heterogeneous temporal dynamics of carbon intensity data.

From the results, we have two additional observations. First, even
with univariate inputs, grid-specific models sometimes outperform
TSFMs despite smaller capacity. This is because smaller models
trained specifically with data from a particular grid may adapt
better to that grid and hence have better accuracy in some cases.
Second, newer TSFMs such as Sundial perform better than older
TSFMs such as MOMENT even with fewer parameters. One reason
for this accuracy difference can be that Sundial is trained on much
more data (1T time points) than MOMENT (1.2B time points), and
hence has seen more diverse data patterns. However, understanding
these differences requires further explainability analysis, which we
leave for future work.

We also evaluate other variants of Sundial and Time-MoE to
assess the effects of model size on accuracy. Accuracy increases with
model size for most grids, showing that larger models can typically
capture the patterns better. However, in some grids, smaller models
perform better — especially for Time-MoE. The results are available
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CarbonX CarbonX

(w/ Sundial) | (w/ Time-MoE)
Area ‘ # of grids ‘ Mean  90th ‘ Mean 90th
Africa 28 4.72 7.96 4.76 10.79
Asia 39 3.87 6.91 4.35 9.28
Central America 9 16.78  33.05 | 16.39 39.18
Europe 39 21.44  39.10 22.92 52.33
North America 73 16.10  28.86 | 16.90 35.36
Oceania 11 73.57 153.59 | 82.02 244.53
South America 15 8.64 15.07 | 10.70 25.45
Total/Average | 214 [ 1582 29.61 | 17.01 3337

Table 5: Zero-shot forecasting accuracy (MAPE %) of CarbonX
aggregated over 214 grids worldwide. With Sundial, CarbonX
has an average MAPE of 15.82%.

in Appendix B, Table 12. These results underscore the need for more
in-depth analysis of model size, architecture, and performance.

Summary. CarbonX can deliver competitive accuracy across
diverse grids using just one model, only historical carbon inten-
sity data, and no grid-specific modifications. This highlights the
strength and versatility of CarbonX, making it a strong candidate
for global carbon intensity forecasting. Among the TSFMs, Sundial
achieves the highest accuracy, providing robust tail performance
that outperforms EnsembleCL
6.1.2 Fine-Tuned TSFM performance. To enhance perfor-
mance beyond the zero-shot setting, we evaluate both grid- and
domain-specific fine-tuning of the TSFMs.

Grid-specific Fine-Tuning. Table 3 reports the 4-day MAPE
when each model is trained on the historical carbon intensity of a
single grid and tested only on that grid’s hold-out data. Sundial is
excluded because it currently lacks a fine-tuning interface.

Grid-specific fine-tuning yields clear gains for some models.
MOMENT’s average mean MAPE drops from 13.63% to 10.23%,
and its 90th-percentile error falls from 29.18% to 20.80%. TimesFM
improves in a similar way, with mean MAPE decreasing from 15.73%
to 10.39% and the 90th-percentile from 29.59% to 22.38%.

In contrast, Chronos and Time-MoE show little benefit and even
slight degradation on average. Chronos rises from 15.87% to 16.32%
mean MAPE, while Time-MoE moves from 9.59% to 10.66%.

Domain-Specific Fine-Tuning. In this mode, we train single
instances of Chronos and Time-MoE on the combined training data
from 214 grids and evaluate their accuracy on the 13 benchmark
grids. Table 4 presents the mean and tail MAPE of both models.

Chronos shows marginal improvements on average, with mean
MAPE moving from 15.87% in the zero-shot mode to 15.67%. How-
ever, the tail MAPE shifts from 29.18% to 29.80%. The larger, more
heterogeneous dataset offers small gains on average but introduces
variability that limits gains in the tail. On the other hand, although
Time-MoE’s accuracy improves over its grid-specific version, it still
falls behind its zero-shot accuracy. The mean (resp. tail) MAPE is
10.53% (resp. 22.27%), which is lower than 10.66% (resp. 22.72%)
achieved with grid-specific fine-tuning, but is higher than 9.59%
(resp. 20.25%) achieved in the zero-shot mode.

Interpretation of Fine-Tuning Results. Our experiments
show that fine-tuning improves performance for some TSFMs but
not others, and in a few cases can slightly degrade accuracy (see Ta-
bles 2, 3, and 4). This behavior aligns with architectural and training



CarbonX: An Open-Source Tool for Computational Decarbonization Using Time Series Foundation Models

120
100
80
60

No. of grids

40
20

0

0 10 20 30 40 50 60 70 80 90 100>100
MAPE (%)

Figure 4: MAPE distribution of CarbonX across 214 grids using
Sundial as the TSFM. 166 grids have < 20% MAPE on average.

differences across models, and the limited amount of grid-specific
data available for fine-tuning.

For MOMENT and TimesFM, we fine-tune only the final lin-
ear forecasting head while freezing the pre-trained backbone. This
setup is well-suited for fine-tuning. The backbone captures general
temporal patterns from large-scale pre-training, while the light-
weight head adjusts these representations to the carbon intensity
domain using relatively few parameters. Consequently, even lim-
ited grid-specific data provides a strong learning signal, leading to
consistent accuracy improvements.

In contrast, Chronos and Time-MoE require full fine-tuning in
our current implementation. The amount of grid-specific data —
both for grid- and domain-specific mode — is negligible compared
to the pre-training data, resulting in gradients that are relatively
weak and noisy. Chronos relies on quantized token representations,
where small shifts in token distributions or transformer parame-
ters can introduce noise rather than meaningful adaptation under
limited data. Time-MoE also amplifies this effect due to sparse
mixture-of-experts routing, where minor, unbalanced parameter
updates can disrupt learned expert assignments without sufficient
data to re-stabilize them. Thus, these models often show negligible
improvement or slight performance degradation on some grids.

Overall, these results indicate that our simple fine-tuning strate-
gies are not uniformly effective across TSFMs. Architectures sup-
porting lightweight, head-only adaptation perform better in low-
data regimes typical of individual grids. In contrast, models relying
on complex tokenization or sparse expert routing may require more
advanced strategies, such as adapter layers, partial-layer freezing,
or larger domain-specific datasets. We keep a detailed study of
effective fine-tuning strategies as an important future work.

Summary. Grid-specific fine-tuning enables some TSFMs, such
as MOMENT and TimesFM, to close the accuracy gap with Car-
bonCast and EnsembleCI. Domain-specific fine-tuning provides
marginal improvements over grid-specific fine-tuning for some
TSFMs such as Chronos. However, a more detailed analysis is re-
quired to fully realize the potential of this approach. Interestingly,
zero-shot Sundial still outperforms other fine-tuned TSFMs.

6.2 Worldwide Evaluation

Next, we evaluate CarbonX across 214 grids spanning all continents
except Antarctica, using a generalized zero-shot setting where a sin-
gle model forecasts all grids. Since Sundial and Time-MoE perform
best in zero-shot mode on the 13 benchmark grids, we evaluate the
accuracy by plugging both these TSFMs into our task module.

577

E-Energy °26, June 22-25, 2026, Banff, AB, Canada

D1 D4 Dropy D21 Dropz1
CISO 8.03 10.96 2.93 12.38 4.35
PIM 3.12 4.76 1.64 5.89 2.77
ERCOT 11.63 15.00 3.37 15.84 4.21
ISO-NE 4.91 6.99 2.08 9.90 4.99
BPAT 6.93 9.43 2.50 12.97 6.04
FPL 2.09 2.97 0.88 4.19 2.10
NYISO 5.18 8.96 3.78 15.46 10.28
SE 4.26 6.28 2.02 7.91 3.65
DE 14.83 21.15 6.32 24.79 9.96
PL 4.31 6.58 2.27 7.34 3.03
ES 11.84 21.47 9.63 23.87 12.03
NL 6.06 8.88 2.82 9.98 3.92
AUS-QLD 2.81 3.59 0.78 4.05 1.24
Average 6.62 9.77 3.16 11.89 5.27

Table 6: Extended forecasting accuracy (MAPE) and degrada-
tion (absolute difference in MAPE) compared to D1 forecasts.
Sundial with a 15-day lookback provides the best results.

Table 5 summarizes the number of grids evaluated in each ge-
ographical area and the forecasting accuracy of both models, re-
porting mean and 90th-percentile MAPE. Sundial delivers strong
performance globally, with 15.82% mean MAPE and 29.61% tail
MAPE across 214 grids. Time-MoE follows Sundial performance
closely, with 17.01% mean and 33.37% tail MAPE.

Figure 4 and Table 5 further show the global error distribution
for CarbonX using Sundial as the TSFM. Most grids have a low fore-
casting error, with 166 out of 214 grids having a mean MAPE below
20%. Grids in Asia and Africa — often dominated by fossil fuels and
thus more stable carbon intensity profiles — have highly accurate
forecasts, with an average MAPE of less than 5%. In contrast, grids
in the Americas and Europe, with higher renewable penetration
and greater volatility, show higher errors. Nevertheless, 96-hour
forecasting errors remain below 20% for most grids. The only excep-
tion is Oceania, where CarbonX has a very high forecasting error.
This high error rate is primarily due to three grids in Tasmania and
its neighboring islands, where frequent large swings in renewable
share make the grids highly volatile and, hence, forecasting sig-
nificantly difficult. If these three grids are excluded, the mean and
tail MAPE in Oceania decrease to 20.69% and 36.20%, respectively,
similar to other geographical areas. Consequently, the global mean
and tail MAPE across 211 grids also decrease to 12.99% and 23.40%,
respectively, further underscoring CarbonX’s strength.

We observe similar trends when using Time-MoE as the TSFM.

CarbonX achieves strong global zero-shot forecasting using only
historical carbon intensity data: 77.5% of the 214 grids attain mean
MAPE below 20%. Notably, over 35% of these grids lack electricity-
mix data, making prior works infeasible and CarbonX the only
viable option. Even when such data exists, earlier methods would
require hundreds of grid-specific models, whereas CarbonX delivers
global coverage with one generalized model. This makes CarbonX
both scalable and practical for computational decarbonization.

6.3 Extended Forecasting

TSFMs have shown strong long-horizon forecasting across various
domains. We therefore hypothesize that TSFMs can forecast carbon
intensity accurately for up to several weeks. In contrast, existing
carbon forecasting tools are typically designed and evaluated for
horizons up to 96 hours. Their accuracy beyond this horizon is
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Sundial ‘ CarbonX
MAPE Coverage (%) ‘ Coverage (%) NIW (%) CRPS (norm.)
CISO 10.79 57.6 96.3 68.5 0.28
PIM 4.68 68.6 96.4 29.0 0.27
ERCOT 14.64 59.6 95.0 67.7 0.39
ISO-NE 6.89 62.2 96.9 41.6 0.34
BPAT 9.92 58.8 96.1 53.1 0.31
FPL 2.86 64.3 95.3 21.6 0.23
NYISO 8.59 59.3 96.1 70.1 0.34
SE 6.22 60.7 95.3 36.0 0.36
DE 21.06 62.1 96.7 103.6 0.42
PL 6.48 62.6 96.6 36.9 0.43
ES 20.42 60.3 94.8 96.3 0.43
NL 8.69 63.8 97.3 49.6 0.45
AUS-QLD 3.48 52.2 98.1 30.8 0.13
Average 9.59 60.9 96.2 54.2 0.34

Table 7: Uncertainty quantification: CarbonX provides more
than the desired 95% coverage with moderately wide intervals.

expected to decrease substantially due to their limited model ca-
pacity. Further, these tools rely on auxiliary information such as
weather forecasts, which are only available for up to 16 days in
many regions [27]. This creates a practical bottleneck for existing
tools to provide extended carbon intensity forecasts.

In this section, we assess CarbonX’s extended forecasting ca-
pabilities by evaluating its zero-shot accuracy for up to 3 weeks
(21 days). Since Sundial achieves the highest accuracy while pro-
viding zero-shot 4-day forecasts, we use Sundial as the TSFM for
this experiment. We vary the lookback window from 1 to 30 days
in the past, and extend the forecasting horizon from 1 to 21 days.
While a 30-day lookback achieves the highest accuracy for 4-day
forecasts, a 15-day lookback yields the lowest accuracy degradation
for 21-day forecasts across the grids. We posit that this is because
while shorter lookbacks cannot capture the longer temporal pat-
terns, longer lookbacks may incorporate noise or infrequent events
when forecasting longer horizons. A 15-day lookback achieves
the best balance, capturing the patterns without amplifying noise.
More detailed ablations of lookback length and forecast horizon
are provided in Appendix C, Table 11.

Table 6 summarizes the results across the 13 benchmark grids.
Sundial’s has a high day-ahead accuracy, with an average MAPE
of 6.62%. The error growth over time is modest: the 4-day horizon
averages 9.77% MAPE, only 3.16% points above day-ahead, and
the 21-day horizon averages 11.89%, just 5.27 points higher. This
limited increase underscores CarbonX ’s ability to maintain reliable
performance even for longer forecasts.

The degradation depends on the carbon intensity volatility. Sta-
ble grids (e.g., PJM, FPL) show exceptional accuracy, having less
than 3% degradation and MAPE below 6% even at 21 days. More
volatile grids (e.g., Germany (DE), Spain (ES)) show larger degrada-
tion: DE rising from 14.83% to 24.79% and ES from 11.84% to 23.87%.
Still, the degradation remains manageable over three weeks. No-
tably, most of the degradation occurs in the first four days; then the
degradation rate decreases. For example, in DE, accuracy decreases
from 14.83% on day one to 21.15% by day 4. However, the accuracy
only degrades by 3.64% over the remaining forecasting horizon.

Summary. CarbonX delivers strong zero-shot accuracy with
minimal extended-horizon degradation (5.27% accuracy drop across
21 days). Given an appropriate historical context, CarbonX provides
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Figure 5: CarbonX forecasts and prediction intervals during
a 96-hour forecasting period in the CISO grid. The intervals

provide desired coverage around the ground truth.

reliable forecasts for applications that require horizons well beyond
conventional day-ahead planning.

6.4 Uncertainty Quantification

We now evaluate how CarbonX quantifies forecast uncertainty
using its lightweight conformal layer. Figure 5 shows 96-hour pre-
diction intervals for the California (CISO) grid. The intervals are
constructed from the most recent historical residuals, which en-
sures that the intervals closely follow the ground truth trajectory
and provide the desired coverage (95%). This highlights the robust-
ness of the conformal layer and the reliability CarbonX provides
to downstream optimization tasks.

Table 7 reports the empirical coverage provided by Sundial and
CarbonX across the 13 benchmark grids. Sundial provides an av-
erage coverage of 60.9% (ranging between 52.2% and 68.6%), and
consistently fails to meet the desired 95% coverage. In contrast,
CarbonX attains over 95% coverage both day-wise and across the
full 96-hour horizon when averaged across grids. At an individual
grid level, CarbonX provides an average coverage above 95% in
all grids except Spain (ES), where the coverage falls slightly below
95% due to increased uncertainty in forecasting beyond the 24-hour
horizon (see Appendix D, Table 13).

Table 7 also reports the Normalized Interval Widths (NIWs) and
the Continuous Ranked Probability Scores (CRPSs). NIW varies
from 21.6% in Florida (FPL) to 103.6% in Germany (DE), with an
average of 54.2% across grids, indicating that interval widths are
slightly more than half the magnitude of ground truth values on
average. NIW generally correlates positively with forecast error:
grids with lower point forecast accuracy tend to require wider
intervals. This is expected, as greater uncertainty and hence residual
variance require wider intervals to maintain coverage guarantees.

CRPS varies from 0.13 to 0.45 across grids, with an average of
0.34, indicating that prediction intervals are, on average, 0.34 stan-
dard deviations away from ground truth. Grids with lower forecast
errors typically achieve lower CRPS scores, reflecting narrower
intervals. However, some grids, such as Poland (PL), show higher
CRPS despite low MAPE due to sudden spikes and drops in carbon
intensity, which require wider intervals to maintain target coverage.

Overall, CarbonX produces well-calibrated intervals across most
grids. However, intervals are relatively wide in certain cases (e.g.,
Germany), limiting usability in those grids. Reducing interval width
while preserving coverage would require more advanced confor-
mal methods [43]. Notably, our modular design enables seamless
integration of such advanced techniques with minimal changes,
and we keep that as future work.
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Figure 6: CarbonX provides good estimates of missing data.

Summary. CarbonX’s conformal layer effectively quantifies
forecast uncertainty by producing adaptive, well-calibrated pre-
diction intervals in most grids while providing the desired 95%
coverage. These results enable CarbonX to be a practical tool with
reliable and robust forecasts for downstream applications that re-
quire carbon-aware decision-making under uncertainty.

7 Imputation Task Evaluation

Finally, we evaluate carbon intensity imputation by masking ran-
dom fixed-length patches of the data to simulate scenarios where
some of the data is missing. A masking percentage of 50% means
that we simulate a scenario where half of the data is missing. We
vary this masking percentage from 12.5% to 75% during our experi-
ments, and evaluate for 50 grids (30 in the US and 20 in Europe).

Figure 6 visualizes CarbonX’s imputation performance for the
Texas grid (ERCOT), both in zero-shot and fine-tuned modes. The
blue segments indicate the ground truth, with gaps denoting miss-
ing data. CarbonX estimates follow the ground truth in both modes,
with fine-tuned estimates being more accurate.

Table 8 details the imputation accuracy of CarbonX in different
modes and compares CarbonX against three statistical baselines.
Since we average the RMSE across multiple grids that have different
carbon intensity magnitudes, we first normalize the values for fair
comparison. The naive and cubic spline baselines perform modestly,
with RMSE between 0.83 and 0.94 across the masking percentages.
Zero-shot CarbonX is substantially better, having 0.18 RMSE (resp.
0.52) with 12.5% (resp. 75%) missing data. With lightweight fine-
tuning, the accuracy improves further: RMSE reduces to 0.41 for
75% missing data. Interestingly, we observed that the linear interpo-
lation method often performs better in terms of RMSE. We observed
that while CarbonX may provide better estimates when data is miss-
ing for longer periods, linear interpolation outperforms CarbonX
for shorter gaps or when the missing data has a monotonic trend
(see Appendix E for details). However, the linear method connects
endpoints with straight lines and can miss temporal patterns. Thus,
in pattern-sensitive applications, lightly fine-tuned CarbonX may
be preferable over linear interpolation.

To further improve the accuracy, we also fully fine-tune CarbonX
per grid. This mode outperforms all baselines, achieving an RMSE
of 0.07 (resp. 0.24) with a 12.5% (resp. 75%) masking percentage, a
1.2—3.9x improvement. We note that full fine-tuning yields grid-
specific models, and hence, may be challenging to deploy at scale;
however, we report the values so that users can decide the mode
per their requirements.

Summary. CarbonX provides moderate to high imputation ac-
curacy for missing data. While linear interpolation can provide
better RMSE than lightweight fine-tuning, CarbonX preserves the
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12.5% 25% 37.5% 50% 62.5% 75%

FT (full) 0.07 0.08 0.11 0.14 0.18 0.24
FT (head) 0.19 021 024 028 034 041
VYA 0.18 023 030 036 044 0.52
Naive 083 08 086 089 091 094
Cubic-Spline 086 086 0.86 0.86 0.87 0.87
Linear 0.13 014 015 017 021 0.29

Table 8: Normalized imputation RMSE for different methods
at various masking percentages.

patterns better on average. Fully fine-tuned version achieves the
best results overall, outperforming all baselines by 1.2—3.9x%.

8 Discussions and Future Work

Effectiveness of carbon intensity for grid decarbonization.
Carbon-aware optimizations have leveraged grid carbon intensity
to reduce emissions by shifting computational demand spatially
or temporally [1, 29, 37, 41, 44]. In particular, optimizations that
shift demand temporally often require forecasts beyond 96 hours
(e.g., scheduling cloud data backups) and are sensitive to forecast
accuracy, as mispredicted low-carbon periods can increase emis-
sions [22]. Accordingly, CarbonX is designed to provide accurate,
global, and long-horizon carbon intensity forecasts, along with
prediction intervals that capture uncertainty in point forecasts.
Recent optimizations [32, 46, 48] are also beginning to incorpo-
rate additional signals (e.g., curtailment), alongside carbon intensity.
CarbonX ’s flexible design enables extension to such signals, and
we plan to support forecasting of these signals in the future.
Covariate support. Many grids (e.g., Africa) still do not publish
electricity mix data, limiting the applicability of existing tools.
CarbonX is designed as a general tool that can operate in such en-
vironments. While grid mix may be unavailable, other information,
such as weather forecasts, is more prevalent and can improve fore-
casting accuracy [25, 45]. However, we currently restrict CarbonX
to univariate inputs since the supported TSFMs do not yet handle
covariates. Including covariate support is an important future di-
rection. As TSFMs evolve, we plan to integrate newer TSFMs with
covariate support. Due to its modular architecture, CarbonX can
seamlessly integrate such TSFMs, further improving its accuracy.

9 Conclusion

We present CarbonX, an open-sourced tool that leverages the versa-
tility and strong performance of TSFMs to perform carbon intensity
forecasting and imputation globally. CarbonX achieves strong zero-
shot performance across 214 grids globally using only historical
carbon data, with a mean MAPE of 15.62%. It supports forecasting
up to 21 days, provides well-calibrated prediction intervals with
desired coverage, and performs accurate imputation, making it a
practical and easy-to-use tool for carbon-aware applications. We
release code and datasets to foster future sustainability research.
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Function Parameters Returns Description

get_ci_historical() grid, date Hourly CI Get historical carbon intensity (CI) for the specified grid
and date.

get_ci_forecasts() grid, date, horizon, PI  Hourly CI forecasts ~ Get CI forecasts for the given horizon hours (max 96) on the
specified date. Returns prediction intervals if PI is True.

get_forecast_accuracy() grid, date, horizon MAPE (%) Get CI forecasting accuracy for the given horizon hours
(max 96) on the specified date. Returns error if ground truth
is not available.

get_missing_ci_data() CI series, mask Imputed CI Get imputed CI data from the specified series. A mask value
of 0 indicates missing data.

get_supported_grids() - Grid list List of currently supported grids.

set_model () model_name, mode

Success/ Failure

Specify the TSFM model and mode (ZS, FT).

Table 9: CarbonX API Functions to access worldwide carbon intensity data and forecasts. (ZS: Zero-Shot; FT: Fine-Tuned)

TSFM Variant Parameters
MOMENT [16] Large (AutonLab/MOMENT-1-large) 385M
Chronos [2] Large (amazon/chronos-t5-large) 710M
TimesFM [6] TimesFM-2.0-500M 500M
Sundial [24] thuml/sundial-base-128m 128M
Time-MoE [36] Maple728/TimeMoE-50M 50M

Table 10: Supported TSFMs with variants and parameter sizes.

Finally, users can also use CarbonX to estimate any missing carbon
intensity data, or get data at a finer temporal resolution than the
hourly granularity if required (get_missing_ci_data()).

B Zero-Shot Variant Analysis

Table 10 shows the various TSFMs currently supported by CarbonX,
their variants we used in our evaluation, and their respective pa-
rameter counts. The number of parameters ranges from 50M in
Time-MoE to 710M in Chronos. Since Sundial and Time-MoE have
the highest zero-shot accuracy, we further examine CarbonX zero-
shot performance using alternative Sundial and Time-MoE vari-
ants with different parameter sizes. This analysis highlights how
model scale influences forecasting accuracy. Table 12 reports 4-day
MAPE for the 13 benchmark grids along with overall mean and
90th-percentile results.

Table 2 in the main text evaluates the Sundial-Base-128M and
Time-MoE-50M models. In contrast, Table 12 presents results for
the Sundial-Timer-84M and Time-MoE-200M variants.

For Sundial, the 84M variant records a mean MAPE of 9.97%
and a 90th-percentile of 21.62%. This is slightly higher than the
128M base model in Table 2, showing that additional parameters im-
prove the modeling of fine-grained dynamics. Performance remains
strong on stable grids such as FPL with 3.33% MAPE, but the gap
widens on more variable grids such as ERCOT with 16.19%, where
larger models capture variability more effectively. The Timer con-
figuration, while efficient and competitive, highlights the trade-off
between model size and forecasting accuracy.

For the Time-MoE model, the larger 200M variant achieves a
mean MAPE of 9.54% and a 90th-percentile MAPE of 20.02%, show-
ing slight improvement on average over the smaller 50M version
in Table 2. The additional parameters allow the model to capture

581

more complex temporal patterns in carbon intensity, producing
more accurate zero-shot forecasts in some grids such as California
(CISO) and Washington (BPAT). However, in some other grids, such
as Spain (ES), accuracy decreases slightly, underscoring the need
for more detailed analysis and ablation studies.

Overall, we find that scaling model size enhances zero-shot accu-
racy on average, with gains more pronounced for the Sundial model.
These findings suggest that while larger configurations increase
the model footprint, they can typically reduce forecasting errors.
Thus, practitioners should decide on the right model variant based
on their requirements and resource availability.

C Extended Forecasting Details

Table 11 provides a detailed view of Sundial’s mean MAPE as a func-
tion of both the input (lookback) window and the forecast horizon
across four representative grids: California (CISO), Texas (ERCOT),
Germany (DE), and Sweden (SE).

Longer lookback windows provide better accuracy at shorter
horizons. In every grid, a 30-day input consistently yields the lowest
error for day-ahead (D1) forecasts. For example, CISO records 8.01%
MAPE at D1 with a 30-day history compared with 10.33% when
the input is just the past day. Similar patterns appear in ERCOT at
11.55% versus 13.39%, DE at 14.17% versus 18.00%, and SE at 4.17%
versus 5.03%, showing that long histories capture richer context for
short-term prediction.

As the horizon extends, accuracy decreases regardless of the
lookback window length. Similar to the case of shorter horizons,
longer lookbacks achieve lower errors. However, interestingly, for
most grids, a 15-day lookback window starts achieving better ac-
curacy than a 30-day window from day 7 onwards, as evident in
CISO, DE, and SE. For example, while day four forecasting error in
CISO is 10.96% with a 15-day lookback compared to 10.79% with a
30-day lookback, day 8 errors are the same, and at day 21, a 15-day
lookback has a 12.38% error compared to 12.70% in the other case.
These results confirm that, while additional historical context helps
capture slow seasonal patterns needed for multi-week forecasts,
excessively longer windows may amplify the noise in the data.
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‘ D1 D2 D3 D4 D5 D6 D7 D8 D9 D10 D11 D12 D13 D14 D15 D16 D17 D18 D19 D20 D21
California (CISO) Grid
124 | 10.33 12.03 13.14 14.00 14.60 14.98 1526 1534 1549 1545 1542 1538 1533 1524 1533 1531 1542 1553 15.65 1574 1578
2"24 | 952 11.21 1239 13.30 13.82 14.13 14.33 1444 1446 1451 1437 1431 14.24 14.17 1423 1431 1443 1445 1462 14.68 14.82
4*24 | 898 10.94 12.05 1281 13.19 1340 13.51 1356 13.55 13.40 13.37 13.28 13.16 13.21 1331 13.39 1345 1357 13.67 13.80 13.85
7*24 | 8.78 10.44 1136 11.93 12.28 1234 1252 1258 1245 1238 1237 1238 1242 1242 1252 1261 12.69 1280 1291 13.02 13.00
15*24 | 8.03 949 1037 1096 11.34 1148 11.63 11.82 11.79 11.83 11.87 1193 1198 11.97 12.00 12.01 12.10 12.24 1220 12.29 12.38
30"24 | 8.01 949 10.27 10.79 11.16 11.44 11.62 11.82 11.88 11.95 11.89 12.03 12.06 12.09 1224 12.25 1235 1246 1255 12.58 12.70
Texas (ERCOT) Grid
1724 | 1339 1547 16.62 1749 1820 1879 19.21 1934 1935 19.24 19.13 1914 19.16 19.12 19.17 19.21 19.26 19.25 19.29 19.31 19.39
2*24 | 1355 15.24 16.41 1730 17.94 1844 18.61 1878 18.73 18.63 18.51 1855 1848 1847 1854 1853 1859 18.65 18.70 18.75 18.80
4*24 | 12.75 14.86 16.07 16.79 17.43 17.72 17.81 17.83 17.79 17.71 17.62 17.57 17.61 17.53 17.56 17.62 17.60 17.64 17.67 17.73 17.78
7"24 | 1248 1458 1548 16.17 1633 1671 16.82 16.80 16.79 16.66 1654 16.61 16.61 16.65 16.65 16.70 16.67 16.71 16.79 16.69 16.74
15"24 | 11.63 1349 14.60 15.00 1533 15.68 1575 1574 15.70 1574 15.73 1574 15.77 15.66 15.69 1576 1571 1574 1571 15.81 15.84
3024 | 11.55 13.32 14.23 14.64 15.11 1522 1539 1545 1549 1534 1538 1548 1542 1554 1549 15.57 15.67 15.63 1572 1565 15.70
Germany (DE) Grid
1*24 | 18.00 22.14 24.27 25.89 26.77 27.27 27.14 2734 27.43 2751 27.29 2734 2755 27.84 28.03 28.25 2842 2856 28.61 28.83 28.96
2"24 | 16.79 21.50 23.66 25.10 2572 25.97 2592 26.03 26.13 2598 26.04 26.15 2642 26.64 26.83 2697 27.16 27.23 2741 27.58 27.78
424 | 16.02 20.69 2230 2347 23.78 23.88 24.05 24.02 23.89 2399 24.17 2435 2460 24.88 2508 25.18 2523 2550 25.67 25.80 26.08
7*24 | 15.04 19.13 20.75 2149 22.12 2225 2241 2257 2256 2297 23.12 2340 2360 23.72 2400 24.05 24.17 2450 24.68 24.80 25.02
15"24 | 14.83 18.26 20.43 21.15 21.67 21.94 22.19 2233 2253 2274 23.21 2329 2335 2376 2384 24.06 24.24 2434 2450 24.64 24.79
3024 | 14.17 18.20 20.07 21.06 21.82 21.84 22.24 2247 22.69 22.89 2293 2342 2350 23.83 24.02 24.25 2436 2441 2470 2479 25.07
Sweden (SE) Grid

124 | 5.03 6.30 6.94 7.26 7.55 7.72 7.86 7.97 8.13 8.22 8.29 8.35 8.43 8.49 8.59 8.66 8.76 8.86 8.92 8.99 9.00
2"24 | 489 6.10  6.65 7.01 7.23 7.41 7.53 7.69 7.80  7.85 7.96  8.02 8.11 8.16 824 831 8.45 8.55  8.62 8.65 8.63
4*24 | 4.55 5.70 6.19 6.47 6.66 6.83 7.00 7.16 7.24 7.42 7.50 7.56 7.61 7.72 7.84 7.95 8.06 8.14 8.18 8.22 8.28
724 | 4.41 5.45 6.09 6.31 6.56 6.69 6.81 6.97 7.06 7.23 7.36 7.41 7.46 7.59 7.75 7.83 7.91 7.98 8.00 8.05 8.04
15*24 | 4.26 5.39 5.97 6.28 6.56 6.70 6.89 7.02 7.12 7.22 7.32 7.43 7.52 7.56 7.67 7.74 7.84 7.86 7.91 7.92 7.91
3024 | 4.17 524 585 6.22 6.52 6.74 693 7.05 7.22 7.30 7.36  7.46 7.60 7.65 7.71 7.82  7.88 7.96 7.95 8.03 7.98

Table 11: Mean MAPE of CarbonX (Sundial) for varying input lengths (rows) and prediction horizons (D1 to D21, columns) across

four representative grids.

CarbonX Zero-Shot Mode
Sundial [24] (84M) Time-MoE [36] (200M)

Mean 90th ‘ Mean 90th
CISO 1135 2414 | 1112 23.35
PJM 4.87 10.41 4.69 10.42
ERCOT 1619 3508 | 1553 35.82
ISO-NE 6.96 14.81 6.75 14.24
BPAT 9.88 20.11 9.64 19.75
FPL 3.33 7.72 2.77 6.26
NYISO 9.02 19.55 7.64 15.30
SE 6.29 14.67 6.52 14.17
DE 2071 4799 | 2044 41.23
PL 6.90 14.87 6.32 13.36
ES 2126 4453 | 2013 40.03
NL 9.19 18.72 8.93 17.97
AUS-QLD ~ 3.68 8.44 3.53 8.35
Average  9.97 2162 | 9.54 20.02

Table 12: 4-day zero-shot MAPE for CarbonX using Sundial
and Time-MoE with different variants.

D Uncertainty Quantification Details

Table 13 provides a detailed report of day-wise coverage for predic-
tion intervals available using the vanilla quantile regression method
in Sundial and our conformal approach in CarbonX. Sundial cover-
age across the different forecasting days ranges from 59.0% to 61.8%,
and fails to achieve the desired 95% coverage on any forecasting
day and across the 96-hour forecasting horizon. On the other hand,
our conformal approach in CarbonX provides more than 95% cov-
erage on average both daywise and across the 96-hour forecasting
horizon, showcasing its reliability.
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Figure 7: Comparison of imputation results between CarbonX
and linear interpolation.

E Interpretation of Imputation Results

Figure 7 compares the imputation results between CarbonX and
the linear interpolation baseline. CarbonX uses MOMENT in its
task module, and we fine-tuned the linear head of MOMENT for
this experiment while keeping the transformer backbone frozen.
Each time step on the X-axis represents a 5-minute period. The blue
line represents the actual carbon intensity values, with the solid
parts referring to the values that are available and the dotted parts
referring to the missing (masked) values.

Figure 7 highlights scenarios where CarbonX provides better
estimates than the linear interpolation method, as well as scenarios
where linear interpolation is more effective. We see that when the
missing data has a monotonic trend, or if the period of missing data
is smaller (as evident from time steps 340 to 356), linear interpolation
may estimate the values better than CarbonX, which has some
intrinsic model errors. On the other hand, if data is missing for
larger periods, or when the values follow a more volatile pattern (as
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Sundial ‘ CarbonX
MAPE (%) ‘ Coverage (%) ‘ Coverage (%)
| DI D2 D3 D4 Overall| DI D2 D3 D4 Overall
CISO 10.79 53.7 58.7 59.8 58.0 57.6 95.6 959 96.7 969 96.3
PIM 4.68 66.1 71.0 69.5 67.8 68.6 964 96.1 96.6 964 96.4
ERCOT 14.64 55.7 62.6 599 60.2 59.6 95.6 94.7 95.1 94.6 95.0
ISO-NE 6.89 559 64.2 644 645 62.2 97.6 973 96.5 96.0 96.9
BPAT 9.92 584 59.6 589 58.2 58.8 96.9 959 958 957 96.1
FPL 2.86 64.4 645 648 634 64.3 96.0 953 952 945 95.3
NYISO 8.59 57.6 60.8 59.5 59.6 59.3 97.4 96.7 957 94.7 96.1
SE 6.22 60.4 63.0 60.1 59.3 60.7 96.5 95.6 94.7 943 95.3
DE 21.06 615 61.2 64.1 61.7 62.1 96.7 97.7 97.2 953 96.7
PL 6.48 62.4 613 640 628 62.6 97.5 96.6 96.4 96.0 96.6
ES 20.42 60.8 62.0 587 599 60.3 96.5 943 94.6 93.7 94.8
NL 8.69 64.5 64.1 633 63.2 63.8 974 97.4 973 969 97.3
AUS-QLD 3.48 46.6 51.1 53.8 574 52.2 97.6 97.5 98.8 98.5 98.1
Average 9.59 ‘ 59.0 61.8 61.6 61.2 60.9 ‘ 96.7 96.2 96.2 95.6 96.2

Table 13: Uncertainty quantification: CarbonX provides more than the desired 95% coverage with moderately wide intervals. In
contrast, vanilla quantile regression provided by Sundial fails to reach 95% coverage in any of the grids.

evident from time steps 92 to 276), CarbonX may provide estimates that are closer to the actual value and hence have lower estimation
errors as well as preserve the pattern better.
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