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The growing volume of data stored in cloud storage is a contributor to oper-
ational emissions. Reducing emissions from cloud usage is constrained by a
limited set of factors. Among them, cloud providers recommend choosing
regions with lower carbon intensity (CI) or higher carbon-free energy (CFE)
percentages as the primary means of reducing emissions. In this paper, we ex-
amine whether following this guidance reliably reduces reported emissions
for object storage. We store data for six months across four regions of two
major cloud object storage providers (namely, Amazon S3 and Google Cloud
Storage), and analyze the scope 2 location-based emissions reported in each
provider’s carbon-reporting tool. We find that within a single provider, lower
CI (or higher CFE) regions do not consistently yield lower reported emis-
sions; in some cases, they result in more emissions than higher-CI regions.
This points to an implicit assumption behind the prevailing guidance that
electricity consumption is invariant between regions. In practice, regional
differences in IT equipment and data center power usage effectiveness can
produce electricity variations that offset CI differences. We discuss the im-
plications of this finding and outline future research directions in choosing
carbon-efficient regions.

CCS Concepts: » Information systems — Cloud based storage; - Social
and professional topics — Sustainability.
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1 Introduction

The scale and pace at which digital data is being generated by smart
sensors to humans via our daily interaction with cloud services has
reached an unprecedented level, with profound implications on the
sustainability of digital infrastructures. The data must be moved,
stored, computed, communicated, and secured [41]; each step of
this data life-cycle results in an environmental cost, e.g., typically
represented as carbon-equivalent emissions. While sustainability
concerns of the cloud have been in the spotlight recently, they mostly
focus on computing workloads in the context of artificial intelligence
applications and large language models in particular [13, 30, 39].
However, the environmental cost of retaining data in cloud storage
infrastructure remains under-examined [28, 32, 40]. As data vol-
umes continue to grow [29, 44], storage is becoming an increasingly
important target for energy and emissions reduction [28, 32, 45, 49].

Object storage services such as Amazon S3 [5], Azure Blob Stor-
age [34], and Google Cloud Storage [23] allow software develop-
ers and enterprise customers (henceforth, users) to store unstruc-
tured data at scale. Such services underpin a broad range of ap-
plications, from backups and media delivery to machine learning
pipelines [11, 29]. The emissions associated with these services have
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Fig. 1. Factors affecting operational emissions from object storage, sepa-
rated into cloud provider-controlled (top) and those that users can influence
(bottom). This paper focuses on storage region selection, highlighted in red.

two components: embodied emissions from manufacturing the un-
derlying storage, networking, and compute devices, and operational
emissions from running them. Although embodied emissions from
storage have recently received attention [32, 45], operational emis-
sions are also substantial: storage infrastructure accounts for 33%
of operational emissions in Azure’s cloud [32]. More importantly,
operational emissions are the component that users can most di-
rectly influence, and are therefore the focus of this article. Users
have growing reasons to track and reduce these emissions. Beyond
voluntary sustainability commitments, regulatory frameworks such
as the GHG Protocol and the Corporate Sustainability Reporting
Directive increasingly require organizations to report scope 3 emis-
sions from purchased services, including cloud usage [37, 48]. To
address these reporting and tracking requirements, cloud providers
offer per-service carbon-reporting tools to their customers [2, 19],
reflecting real demand for emissions visibility.

Recent work [32, 40] attributes operational emissions from cloud
storage primarily to storage media (hard disk drives and solid state
drives), replication strategies, and background management tasks,
with read/write activity itself contributing minimally (§ 2). As de-
picted in Figure 1, these dominant drivers represent hardware and
system design choices outside of users’ control. Among the factors
that users can control, region selection emerges as one of the few
levers available to reduce emissions. In fact, cloud providers explic-
itly recommend selecting regions powered by carbon-free energy
as a primary means of reducing emissions [20, 38].

To examine how region choice affects storage emissions in prac-
tice (§ 3), we stored data for six months in four regions of two major
cloud providers, namely Amazon Web Services (AWS) and Google
Cloud Platform (GCP), and obtained the scope 2 location-based emis-
sions from each provider’s carbon-reporting tool. Location-based
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emissions are calculated from the carbon intensity (CI) of the local
electricity grid where a service operates, independent of any renew-
able energy purchased by the provider. We observe that within each
provider?, regions with lower CI (or a higher percentage of carbon-
free energy) did not reliably yield lower reported emissions. For
example, AWS reported that emissions for data stored in Virginia
were roughly 56% lower than for the same data volume in Singa-
pore, even though the CI of the two regions was similar during our
experiments. A complementary pattern appears within GCP, where
regions with markedly different CI nonetheless reported similar
emissions — implying that the lower-CI region consumed propor-
tionally more electricity. Together, these observations point to an
implicit assumption in the prevailing guidance that storage electric-
ity consumption is invariant across regions. In practice, regional
differences in hardware and facility characteristics such as power
usage effectiveness can cause electricity variation large enough
to dominate CI differences. We provide some directions for future
work (§ 4) on using alternate metrics for reliably reducing emis-
sions through region selection, and outline some limitations of our
study (§ 5).

2 Background

This section provides a brief overview on object storage, carbon-
reporting tools, and carbon emissions from storage services.

2.1 Object storage

All major cloud providers—Amazon Web Services, Google Cloud
and Microsoft Azure—provide object storage services, namely S3 [5],
Cloud Storage [23] and Azure Blob Storage [34]. Modern applica-
tions rely on object storage for several data management needs,
including data backups, application storage, Al data storage, and
content delivery [5, 22, 34]. Object storage services store data as
unstructured objects in the provider’s data centers, where each ob-
ject is assigned a unique identifier and made accessible through a
network API [10, 22]. Each object is also accompanied by metadata
that describes properties of the object including its storage class. In
Amazon S3 and Google Cloud Storage, the storage class determines,
among other properties, performance (i.e., data access latency and
throughput), durability (i.e., the probability that data remains intact
and uncorrupted over time), availability (i.e., the probability that
data is accessible upon request), and replication level used to meet
durability and availability guarantees [4, 25]. In contrast, Azure Blob
Storage decouples these properties: users select a storage tier [35]
and a redundancy level separately, where the redundancy level con-
trols how data is replicated across zones or regions [33]. In all three
providers, users can either explicitly select the storage class or rely
on provider tools to manage them automatically.

2.2 Carbon reporting from cloud providers

AWS, Google Cloud, and Microsoft Azure each provide dedicated
tools for customers to estimate the emissions associated with their
cloud usage; the tools are Customer Carbon Footprint Tool [9], Car-
bon Footprint [21], and Carbon Optimization [36], respectively. All

!Differences in carbon reporting methodologies between GCP and AWS prevent a
cross-provider comparison.
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three tools cover object storage services, enabling estimation of emis-
sions from data stored in such services. The tools report emissions
according to the Greenhouse Gas Protocol’s carbon reporting and ac-
counting standard [48]. As defined in the protocol, scope 1 emissions
cover direct on-site emissions from sources such as fuel combustion
in backup generators and refrigerant leakage from cooling systems
at data centers; scope 2 emissions cover indirect emissions from
purchased electricity used to operate data centers; and scope 3 emis-
sions include other indirect emissions such as embodied carbon
of data center equipment and buildings, upstream fuel extraction,
employee commuting, and business travel [2, 19]. The emissions
reports are generated every month and provide a breakdown of emis-
sions per cloud service and per region of a customer’s use. The AWS
and Google Cloud reporting tools include both location-based and
market-based emissions, whereas Azure reports only market-based
emissions. Location-based emissions comprise emissions associated
with electricity used at specific locations where the cloud service
operates, independent of any renewable energy procurement by the
provider [3, 19, 31]. Market-based emissions account for contractual
renewable energy instruments acquired by the provider (such as Re-
newable Energy Certificates and Power Purchase Agreements), and
can therefore be lower than location-based emissions even when
the underlying infrastructure is not directly supplied by low-carbon
energy sources [31].

Our analysis focuses primarily on scope 2 location-based emis-
sions that correspond to the electricity used to provide the cloud
service. Such emissions are defined as the product of electricity
consumed in a region and the carbon intensity (CI) of the local
electricity grid. The CI expresses the amount of GHG emissions
produced per unit of electricity consumed (gCO2eq/kWh). AWS and
GCP reporting tools differ in three key aspects of CI data used to
calculate emissions: the source of such data, its temporal granularity,
and its life-cycle boundary [2, 19]. GCP sources hourly grid CI from
Electricity Maps [16], falling back to annual country-level averages
from the IEA where Electricity Maps data is unavailable [19]. AWS
derives its grid CI data from region-, state-, or country-level average
grid mix data, sourced from the IEA, the EPA’s eGRID database,
or similar government agencies; the temporal granularity of these
factors is not disclosed [2, 3]. Finally, AWS accounts for direct power
plant emissions, upstream emissions, and transmission and distri-
bution losses [3], whereas GCP’s Electricity Maps CI values (called
direct emission factors) cover only electricity generation emissions,
excluding other life-cycle stages [19].

2.3 Carbon emissions from storage services

The factors contributing to operational emissions from cloud storage
have recently drawn attention [32, 40]. A primary source of these
emissions is the energy consumed by storage media. Different stor-
age media can be used for both data and metadata — hard disk drives
(HDDs), solid state drives (SSDs) and specialized archival media such
as tape, glass or DNA-based storage [32]. To ensure data durabil-
ity and availability, cloud systems typically store data redundantly,
either by replicating it across multiple devices or by using erasure
coding, which allows data to be reconstructed if a limited number
of servers fail. Both approaches introduce storage overhead beyond
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what the raw data alone would require. In addition to the storage
media, storage servers contain hardware components such as CPUs,
RAM, fans, and network interface cards; these components draw
power for background tasks and data management operations. Such
operations include data scrubbing, metadata management, catalog
summarization, deduplication and storage space reclamation [40].
Finally, the data centers housing the storage servers have a power
usage effectiveness (PUE) rating, which captures the additional en-
ergy overhead for lighting, cooling, and other facility operations. A
higher PUE directly increases total electricity consumption and, by
extension, overall operational emissions.

An analysis of emissions from Azure’s infrastructure for cloud
storage [32] found that storage media account for the largest share of
operational emissions within storage server racks: SSDs contribute
roughly 39% of emissions in SSD-dominant racks, while HDDs con-
tribute approximately 48% in HDD-dominant racks. CPUs are the
next largest contributor, responsible for 26-32% of emissions. No-
tably, the emissions impact of actual data read/write operations is
minimal. Since the dominant drivers of operational emissions are
tied to hardware and system design choices (namely, storage media
type, redundancy schemes and operational management tools used)
rather than to workload activity, one remaining lever to reduce
emissions is the choice of region where data is stored.

3 Measurement and Analysis

Methodology. We experiment with object storage services of
AWS and GCP?, namely Amazon S3 [5] and Google Cloud Stor-
age [23], and use the following storage classes for each provider:
Amazon S3 Standard [4] and standard storage for Google Cloud [25].
Both storage classes are designed for low-latency access and general-
purpose storage for cloud applications and websites. Additionally,
they provide similar SLOs for availability (99.99% and 99.9% for AWS
and GCP respectively) and durability (11 nines for both). Amazon
S3 standard storage class stores data in at least three availability
zones in the respective region. For Google Cloud standard storage,
data is stored in at least two availability zones in the region. Thus
in both cases, data remains within the chosen region.

The four chosen regions are Singapore (Asia), Virginia (East USA),
Frankfurt (Europe) and Sdo Paulo (South America) as these loca-
tions are common between both cloud providers, and represent
different geographic continents (Table 1). The carbon intensity (CI)
of the electricity grid in these locations exhibit different charac-
teristics. Figure 2 shows the CI obtained from Electricity Maps
in 2025%: Singapore has the highest average CI (364 gCO2eq), fol-
lowed by Virginia (340 gCO2eq), Frankfurt (274 gCO2eq) and Sao
Paulo (70 gCO2eq). Furthermore, Singapore demonstrates a low vari-
ation in CI over the months, whereas there are more fluctuations in
CI values over the year for Virginia and Frankfurt. The coefficient
of variation in the monthly CI are low for Singapore (0.33%) and

2We exclude Azure Blob Storage from our experiments, as Azure’s Carbon Optimization
tool reports only market-based emissions [36] preventing a meaningful analysis of
emissions associated with storing data in different regions.

3We retrieve the direct emission factors from Electricity Maps that account for the
emissions associated with operating the power plant(s) and not those associated with
the life-cycle of the power plant(s) (e.g., building the plant, extracting fuel, etc.)
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Table 1. Storage locations, their corresponding cloud region identifiers, and
the Electricity Maps (EM) zones from which carbon intensity data is sourced.

l Location [ AWS region [8] [ GCP region [24] [ EM zone [15] ‘

Singapore | ap-southeast-1 | asia-southeastl | SG

Virginia | us-east-1 us-east4 US-MIDA-
PJM

Frankfurt | eu-central-1 europe-west3 DE

Sao sa-east-1 southamerica- BR-CS

Paulo eastl

Virginia (8.39%), whereas Frankfurt and Sao Paulo exhibit a higher
variation with 22.35% and 42.77% respectively.

We store 1 TB of randomly-generated data (comprising 500 GB
of binary and 500 GB image data) in the chosen locations between
June 2025 to November 2025 for each cloud provider. Throughout
the experiment period, the data is retained in storage and remains
untouched, i.e., no reads or retrievals are performed. Any storage
class optimizations, e.g., automatic storage class transitions trig-
gered by data access patterns, were explicitly disabled to ensure
storage conditions remained consistent throughout.

We retrieve scope 2 location-based method (LBM) emissions data
from each cloud provider at gram-level precision using their re-
spective data export tools. The emissions data reported by AWS
uses carbon footprint tool version 3.0.1 [7], and GCP uses carbon
model version 15 [18] for all months except June 2025 (version
13)*. A direct comparison of GCP and AWS emissions is not made,
as each platform follows a distinct carbon reporting methodology
(Section 2.2). The goal is to understand how the choice of storage
locations affects carbon emissions reported by AWS and GCP over
the experimental period. To better understand this impact, we first
approximate the scope-2 LBM emissions attributed to cloud storage
at a particular location as follows:

cstorage,loc = Estorage,loc X PUEIOC X CIloc; (l)

where Egiorage loc is electricity consumption attributed to storage at
the particular location, PUE is the power usage effectiveness of the
data center(s) in the region, and Clj,. is the average CI of the grid.

Each location stores the same volume of data and under similar
conditions (no access of data and with the same storage class) allow-
ing a fair comparison of scope 2 LBM emissions between different
locations for a single cloud provider. We aim to understand the
impact of the choice of locations on reported emissions, by first
focusing on the carbon intensity (RQ1), followed by an analysis of
electricity consumption attributed to storage (RQ2), as discussed
next. Note that we use the terms region and location interchangeably
throughout this paper.

(RQ1) Do locations with lower CI result in lower carbon emis-
sions reported for data stored in those regions? Cloud providers
recommend choosing regions with a low CI of electricity (AWS [38])
or regions with high CFE percentages (Google [20]) to lower scope 2
emissions. Given the average CI for the chosen locations in 2025 (Fig-
ure 2a) and the CFE percentages reported by Google [20]—S&o Paulo:

4The reported data for June 2025 was not updated version 15 despite running a backfill.
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88%, Frankfurt: 68%, Virginia: 62% and Singapore: 4%—we expect
lowest scope 2 LBM carbon emissions in Sdo Paulo, followed by
Frankfurt, Virginia and Singapore. Note that Google Cloud sources
grid-level CI data directly from Electricity Maps to generate its
carbon emissions reports and thus we expect this ranking to hold.
On the other hand, AWS does not disclose the source of CI data
in its official carbon footprint methodology (§ 2.2); however, AWS
recommends using publicly available data for CI when choosing
regions in a carbon-aware manner [6, 38]. We revisit the sensitivity
of our findings to this CI source in § 5.

Figure 3 shows the total scope 2 LBM emissions reported in each
location for AWS and GCP. For AWS (Figure 3a), Singapore reports
the highest carbon emissions and Sdo Paulo lowest. The annual
average carbon intensity is ~80% lower in Sdo Paulo than in Singa-
pore, and the reported scope 2 emissions are similarly ~78% lower.
However, interestingly, the scope 2 emissions in Virginia (5.3 kg) are
much lower than expected, 56% lower than reported in Singapore,
despite the fact that the average CI of the electricity supply in both
locations is quite high and similar in magnitude: 365 gCO2eq/kWh
in Singapore and 340 gCO2eq/kWh in Virginia. Since we do not have
the CI values used by AWS in generating their reports, we cannot
explain whether electricity distribution losses or other factors affect
this discrepancy (see Section 5 for a sensitivity analysis). In contrast,
for GCP (Figure 3b), Virginia and Singapore report the highest emis-
sions with 2.64 kgCO2eq and 2.52 kgCO2eq respectively. The scope
2 emissions in Frankfurt are lowest at 1.65 kgCO2eq followed closely
by Séo Paulo at 1.73 kgCO2eq. The emissions reported in Sdo Paulo

ACM SIGENERGY Energy Informatics Review

are higher than expected, considering the low annual average CI of
its electricity supply. The emissions reported are also surprisingly
similar in Frankfurt despite the electricity grid in Sao Paulo (CI: 95 g,
CFE: 88%) being more carbon-free than Frankfurt (CI: 247 g, CFE:
68%). Finally, although the CFE of Virginia and Frankfurt are similar
(62% and 68% respectively), the scope 2 emissions in Frankfurt are
~38% lower than in Virginia.

Next, we examine whether the reported scope 2 LBM emissions
vary over each month of the experiment period. For AWS, it is un-
clear whether reported emissions are calculated using monthly or
annual CI values [3], whereas for GCP, hourly CI values are used
to calculate location-based emissions [19]. Thus, we expect the re-
ported scope 2 emissions for GCP to follow the monthly CI values
obtained from Electricity Maps, whereas for AWS, we expect mini-
mal variation between the months assuming that electricity used
remains constant between regions and months. For AWS (Figure 4b),
the emissions reported in Sdo Paulo (456 g in June to 416 g in No-
vember) and Virginia (895 g to 816 g) show little variation. There
are fluctuations in the emissions reported in Frankfurt (a 27% drop
from June to July 2025, followed by an increase again in August
2025). The LBM emissions in Singapore show a declining trend from
2.179kg in June to 1.876 kg in November, representing a drop of
about 14%. For GCP (Figure 4c), the reported emissions follow a
trend similar to CI obtained from Electricity Maps between June to
October 2025 (Figure 4a). Although the trends are similar, the mag-
nitude of emissions differ from the monthly CI values. Specifically,
different from the CI values, emissions reported in Sdo Paulo are
higher than in Frankfurt, and emissions reported in Virginia are
higher than in Singapore. All regions report a significant increase
in scope 2 emissions in November 2025: between 74 to 78% in Sin-
gapore, Virginia and Sdo Paulo, and ~120% in Frankfurt compared
to October. We cannot explain this increase as the carbon model
used by GCP remained the same (version 15) since August 2025, and
no issues are reported for storage emissions in the tool’s release
notes [18].

Takeaway 1. Choosing a region purely based on lower CI or
higher CFE (in the case of Google) does not necessarily result
in lower reported scope 2 location-based emissions. Moreover,
the reported LBM emissions do not always follow the monthly
trends observed in the CI values of the respective region, in-
dicating that the electricity used varies between the months
and also differs between regions for the same amount of data
stored.

(RQ2) How does the electricity used in each location vary?
Both AWS and GCP do not directly report per-customer energy
consumption in their carbon footprint tools; however, it can be es-
timated indirectly as follows: Estorageloc = Creported,loc/ CL. For AWS,
energy consumption can be derived by dividing the scope 2 location-
based emissions by the corresponding location’s annual CI as rec-
ommended by their documentation [6]. For GCP, it can similarly be
estimated by dividing the reported monthly location-based emis-
sions by the effective CI value for that period. Although GCP uses
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hourly CI values from Electricity Maps [19], hourly carbon emis-
sions reports from Google are not available; thus, we rely on the
highest available temporal resolution of monthly data.

We observe that the electricity used is highest in Sdo Paulo for
both AWS (Figure 5a) and GCP (Figure 5b). This provides a partial
explanation for the high scope 2 LBM emissions reported in this
location for both AWS and GCP despite the low CI of the electricity
grid. For GCP, the electricity used in the remaining locations is
similar in magnitude. For AWS, Virginia uses the lowest amount of
electricity in all months, possibly indicating more energy-efficient
hardware in use in this location.

As noted in Eq. (1), the PUE also impacts the electricity consumed
and thus reported carbon emissions. GCP explicitly states that its
scope 2 boundary includes ancillary data center electricity uses
such as cooling and lighting [19], whereas AWS does not disclose
whether such overhead is included in its scope 2 customer alloca-
tion [2]. For AWS, the PUE values® are Singapore: 1.32, Virginia: 1.15,
Frankfurt: 1.32, and for GCP, Singapore: 1.13, Virginia: 1.09. The
relative order of the electricity used reported in Figure 5a does not
change after dividing by the PUE values, so we do not report these
results. However, the PUE values do indicate that the AWS data
center facilities in Virginia are more energy-efficient, which could

>Most recent data available at the time of writing: 2024 for AWS [1], 2025 for GCP [26].
AWS’s PUE was stable over 2022-2024, so 2024 values are used. GCP values are averaged
across facilities per location where applicable.
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contribute to the lower reported emissions in this location (if they
are indeed included in the emissions reported by AWS). For GCP,
there is no public information about PUE values in Frankfurt or Séo
Paulo, so we cannot draw further conclusions about the overhead
of the facility itself.

Takeaway 2. Electricity consumption is highest in the region
with the lowest CI, indicating that its IT equipment and/or facil-
ities are less energy-efficient than those in other regions. This
suggests that additional metrics capturing electricity consump-
tion are needed to meaningfully choose regions that reduce
carbon emissions.

4 Discussion

Our empirical analysis shows that lower carbon intensity (CI) or
higher carbon-free energy (CFE) percentages alone are insufficient
signals to choose regions that minimize storage emissions; addi-
tional metrics that capture electricity consumption are needed. As
a first step toward closing this gap, we propose a carbon-aware
score (Sioc) that combines CI with publicly available data: CFE and
PUE. The score is defined as:

CFEjoc%

Sloc = |1
loc ( 100

) X Cljpe X PUE|q. )
In Eq. (2), we include CFE as it complements CI by capturing the
carbon-free composition of the grid, which CI alone does not in-
dicate. Although the two terms are correlated, they together help
to identify regions where the grid is cleaner and has a larger share
of carbon-free energy. Additionally, PUE is added as a multiplier
to incorporate the power usage overhead (e.g., cooling) in the par-
ticular location. Validating this score and its impact on reported
emissions requires further empirical study, which we leave to fu-
ture work. Cloud providers may eventually disclose per-region and
user-specific electricity use; private previews of electricity use are
available on GCP [19]. However, a proxy-based approach remains
useful when disclosure is delayed and future disclosures can serve
as ground truth for estimates such as ours.

Sioc could underpin an optimization-based method [11, 50] to
select carbon-efficient regions. We aim to devise an optimization
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framework to choose regions that reduce emissions while also con-
sidering storage pricing. Storage pricing includes actual storage
costs, data retrieval and network costs [11, 14]. The inclusion of
pricing supports a cost-emissions tradeoff analysis for applications
with different SLOs and access patterns. Beyond region selection,
other levers in Figure 1 such as storage class can further affect emis-
sions by reducing storage overhead or determining which media are
used. Open questions include how frequently data placement plans
can be re-evaluated in practice, and whether meaningful carbon
savings remain achievable when location choices are constrained
by regulatory or compliance policies.

Finally, although we have focused on storage emissions, our find-
ings and proposed proxy-based approach are not storage-specific.
The optimization framework can be applied to region selection
for compute workloads (e.g., where VMs or compute functions are
deployed). However, unlike storage, compute introduces utiliza-
tion variations that affect electricity use; separate experiments are
needed to validate such effects.

5 Limitations

Sensitivity to carbon intensity data. We rely on Electricity Maps [16]
for carbon intensity (CI) data for each chosen region, as it provides
a consistent methodology and granularity of data for comparison
between regions in different countries. However, AWS’s cloud car-
bon footprint tool draws on sources such as the IEA, EPA’s eGRID
database and other national data providers [2], which may yield
different CI values than estimated by Electricity Maps.

In particular, in the US, there are two main ways in which the
methodology used by Electricity Maps [17] differs from that of
eGRID [46]. First, Electricity Maps uses a flow-tracing algorithm to
trace electricity flows between interconnected grids and estimate a
consumption-based CI in each zone. This accurately represents the
mix of electricity available to consumers on the grid. In contrast,
eGRID tracks emissions for power plants at the point of generation,
without accounting for power purchases, imports, or exports of elec-
tricity. Second, the geographic granularity of reported emissions are
different: per zone (which maps to a balancing authority) in Electric-
ity Maps, and per balancing authority, subregion or North American
Electricity Reliability Corporation (NERC) region in eGRID. Accord-
ing to eGRID documentation [46], the subregions are eGRID-specific
and developed as a compromise between large NERC regions and
small balancing authority-based regions.

To assess the robustness of our findings, we additionally compute
the estimated electricity consumption for data stored on AWS in Vir-
ginia (us-east-1) using the emission factor for the SRVC subregion
from the eGRID 2023 database [47], assuming the data centers are lo-
cated in Loudoun County, Virginia. SRVC represents a smaller area
(CI: 270 gCO2eq/kWh in 2023°) than the US-MIDA-PJM zone (or
balancing authority) used by Electricity Maps (CI: 332 gCO2eq/kWh
in 2023); this represents an approximate 20% reduction in the CI
for Virginia. Among the other three regions, Frankfurt (Germany)
and Singapore use country-wide CI (no geographic granularity con-
sideration applies), and thus, Electricity Maps already provides the
appropriate value. For Brazil, however, sub-regional CI values are

®The latest public dataset available at the time of writing.
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not available from official data sources’, so the sensitivity check
is not extended beyond Virginia. With Virginia’s CI adjusted to
270 gCO2eq/kWh (the SRVC value), it remains the region with the
lowest estimated electricity consumption in all six months. The gap
relative to Frankfurt (the second-lowest region for AWS in terms
of estimated electricity consumption) narrows on average by 33%
from an average of 2.01 kWh (EM) to 1.35 kWh (eGRID SRVC). The
narrowing is non-uniform across months (similar to Figure 5a), with
the largest gap in June 2025 (4.06 kWh with EM vs 3.39 kWh with
eGRID), and a tie in values in October 2025 (gap of 0.65 kWh with
EM vs 0.01 kWh with eGRID). The ordering of regions holds under
both CI sources, supporting our key takeaway that understanding re-
gional electricity consumption is necessary to meaningfully choose
regions that reduce emissions.

The choice of which geographic granularity and CI data source
to use for US regions in our carbon scoring framework remains an
open question. An open-source tool for estimating emissions from
cloud use, Cloud Carbon Footprint, uses NERC-region granularity
for US data centers rather than the smaller eGRID subregion [12].
On the other hand, zone-based CI data from Electricity Maps has
been widely used in workload-shifting frameworks in cloud com-
puting [27, 42, 43]. We plan to further investigate and quantify the
differences between sources of CI data.

Carbon reporting methodology. The carbon reporting methodolo-
gies of cloud providers are continuously updated and refined [7, 18].
For instance, AWS has released four major methodology versions
since 2022 (v1.0, v2.0, v3.0.0, v3.0.1), most recently moving from
estimated to invoiced utility data for scope 2 emissions [7]. Google
Cloud issues semi-annual updates to its carbon model, for example,
revising scope 1-3 emission inputs and allocation factors [18]. This
implies that the reported emissions may be revised later when a
new carbon model is introduced. Our key takeaways were found
to hold with different carbon emissions models (v3.0.0 to v3.0.1 for
AWS [7] and models 13 to 158 for GCP [18]), but future methodology
changes to the carbon model may affect reported values in ways
our current analysis cannot anticipate. A complementary limitation
is that current reporting tools include only emissions and not the
underlying electricity consumption. Disclosing regional electricity
consumption alongside emissions reports would allow users to dis-
tinguish the effect of grid CI from that of IT equipment and facility
efficiency, which is necessary for meaningful region selection.
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release notes [18] at the time of writing.
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