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With the rapid expansion of cloud computing and large-scale artificial intelligence models, building accurate 
and transparent energy-use statistics for data centers has become a critical challenge for global energy systems 
and climate governance. Existing studies report strikingly divergent estimates of global data center electricity 
consumption, ranging from 196 to 1200 TW h in 2020, a more than sixfold difference. Such discrepancies reveal 
profound uncertainties and structural deficiencies in current energy accounting frameworks. Conventional esti-
mation approaches rely heavily on indirect assumptions, proxy indicators, or highly aggregated regional and 
national statistics, obscuring the true electricity demand of data centers. This lack of statistical transparency dis-
torts energy and carbon accounting, weakens power system planning, and constrains the effective integration of 
renewable energy with rapidly growing computing demand. This paper highlights that data centers should be 
treated as a distinct and strategically important end-use energy sector. It emphasizes the need for grid-informed 
energy registration, enhanced artificial intelligence identification techniques to improve the accuracy and ver-
ifiability of energy statistics. Furthermore, the paper emphasizes that policymakers should establish coordi-
nated policy frameworks, enf orce standardized energy reporting, and design appropriate incentive
mechanisms to encourage data centers to participate in demand response programs and electricity markets,
thereby unlocking load flexibility and supporting a secure, low-carbon energy transition.

© 2025 THE AUTHORS. Published by Elsevier LTD on behalf of Chinese Academy of Engineering and 
Higher Education Press Limited Company. Thi s is an open access article under the CC BY-NC-ND license

(http://creativecommons.org/licenses/by-nc-nd/4.0/). 
1. Introductio n

Data centers have emerged as the backbone of the modern digital 
economy, enabling a wide range of services, from cloud computing 
to advanced artificial intelligence (AI) applications. Over the past 
decades, global computing capacity has grown significantly, driving 
a corresponding rise in the energy consumption of data centers. In 
particu lar, the rapid rise of large AI systems has further heightened
these concerns [1]. The computing power required for training and 
running these models contributes substantially to the growing 
energy demands of data centers. According to a recent report, the 
energy demands of large AI systems and data centers could so on
rival the energy consumption of entire nations [2]. 

As data centers expand in both scale and influence, their grow-
ing energy consumption increasingly underscores the need for
accurate energy accounting and resource measurement [3]. Reli-
able data is essential not only for achieving low-carbon and sus-
tainable development but also for optimizing industry planning 
and more effectively aligning renewable energy generation with 
computing demands. Recent findings published in Joule demon-
strate substantial uncertainties in global estimates of data center 
energy consumption. For example, in 2020, estimates ranged from
as low as 196 TW h to as high as 1200 TW h, reflecting a difference
of more than sixfold [4]. These discrepancies present substantial 
obstacles to informed strategic planning as well as the sustainable 
development of data centers and their affiliated digital industries. 
Recent estimates from the European Commission suggest that
European Union (EU) data centers may consume between 98.5
and 160 TW h by 2030, contingent upon modeling assumptions
and definitions [5]. This broad range indicates that regional energy 
forecasts remain highly sensitive to methodological variation.

2. Challenges in estimating data center energy consumption

Accurately estimating the energy consumption of data centers 
remains a significant ongoing challenge for researchers, grid oper-
ators, and policymakers alike. As highlighted by recent studies in
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Science and Joule [1,4], mainstream estimation methods can be 
broadly categorized into two principal paradigms: bottom-up 
approaches, which infer total energy use from infrastructure-
level parameters such as server utilization, rack density, and power
usage effectiveness (PUE) [6]; and top-down approaches, which 
derive aggregate electricity consumption from national statistics,
industry surveys, or utility-report billing data.

2.1. Bottom-up estimation: parameter-ba sed but unreliable

Bottom-up modeling estimates overall energy consumption by 
integrating equipment-level performance metrics with data center 
infrastructure parameters such as rack density, server utilization,
PUE, and the total number of racks [4,6]. Although conceptually 
straightforward, this parameter-based method is characterized by 
extensive uncertainties and limited access to accurate operational
datasets, which collectively undermine its reliability for compre-
hensive system-level energy accounting [7]. 

Fundamental metrics employed in bottom-up estimation vary 
considerably across facilities. Rack density, defined as the ratio of 
occupied cabinets to total designed capacity, fluctuates depending 
on data center scale, client requirements, and reserved capacity for
future expansion. Utilization rates of information technology (IT)
equipment are highly dynamic, ranging from less than 10% to
nearly 100% depending on workload intensity [8]. PUE further 
accentuates this variability, with values spanning approximately 
1.1 in hyperscale facilities with advanced cooling systems to over
2.0 in small or medium-sized centers using room-level air condi-
tioning [9,10]. Such fluctuations render it extremely challenging 
to establish consistent or comparable energy models across sites. 
Beyond these intrinsic variations, resource allocation practices also 
introduce additional uncertainty. Many data centers implement 
resource-sharing and capacity-reservation schemes to accommo-
date diverse client demands and future expansion, resulting in per-
sistent mismatches between available capacity and actual
utilization. The uncertainties associated with parameters within
the bottom-up estimation framework can be amplified across mul-
tiple layers of calculation, significantly undermining the reliability
of final energy consumption estimates.

Some studies have attempted to estimate data center energy 
consumption using server shipment statistics and computing
energy efficiency benchmarks such as SPECpower_ssj2008 [6,11]. 
However, these proxy metrics frequently fail to reflect the inherent 
heterogeneity of real-world operations. Server shipments do not 
accurately represent actual utilization, as many units remain idle, 
underused, or retired, resulting in pronounced deviations between 
theoretical and operational energy use. The SPECpower_ssj2008 
benchmark, established by the Standard Performance Evaluation
Corporation (SPEC), is a widely recognized standardized protocol
for evaluating the performance-per-watt efficiency of computer
servers. It measures the number of Java operations (SSJ_ops) exe-
cuted per watt of power consumed, providing a normalized and
comparable indicator of computing energy efficiency. As illustrated
in Fig. 1, typical Intel and AMD servers have achieved nearly a ten-
fold improvement in SSJ_ops per watt between 2008 and 2024, 
reflecting remarkable hardware progress. Nevertheless, these 
benchmark results are obtained under highly controlled laboratory 
conditions and cannot capture the diversity of real-world work-
loads, heterogeneous hardware configurations, or the coexistence
of outdated equipment. Consequently, depending on such static
metrics as proxies for operational performance introduces system-
atic bias, compromises estimation accuracy, and limits the reliabil-
ity of bottom-up energy estimation, particularly when applied
across heterogeneous facilities.

Finally, bottom-up estimation relies heavily on self-reported or 
internally aggregated enterprise data, which often suffer from
2

limited transparency and consistency. Under cost or increasing 
regulatory pressure, some operators may underreport consump-
tion, resulting in significant discrepancies among studies. Without
independent verification, these datasets are inadequate for robust
energy governance.

In summary, while bottom-up estimation offers intuitive and 
equipment-oriented insights, its reliance on uncertain parameters 
and opaque reporting mechanisms produces fragmented and unre-
liable assessments [1]. These shortcomings underscore the need for 
complementary, system-level monitoring mechanisms that can 
provide objective and standardized energy accounting across
diverse data center types.

2.2. Top-down estimation: macro-level but underdeveloped

Top-down modeling estimates total energy consumption using 
aggregated regional or national data, typically sourced from gov-
ernment statistics, industry reports, or large-scale surveys [4,6]. 
The primary advantage of this approach lies in its reliance on 
directly measured values, such as total electricity metering data 
and recorded network traffic volumes, enabling a more accurate 
system-level assessment of energy use. Compared with bottom-
up approaches, it offers broader coverage and enhanced objectiv-
ity, since it does not depend on self-reported enterprise data. Con-
sequently, it has become the standard methodology for evaluating
sectoral energy demand at regional or national scales.

However, this macro-level approach exhibits two key limita-
tions in estimating data center energy use. First, the underlying 
statistical data is often incomplete. Aggregated electricity records 
cannot precisely distinguish the portion of power consumption 
attributable to data centers in mixed-use or embedded facilities 
where meters are shared with other operations. Second, there is 
a notable absence of standardized registration and classification
frameworks. In official energy statistics, data centers are frequently
categorized under broad information and communication technol-
ogy (ICT) or commercial electricity categories. These limitations
introduce systematic biases and impede the reliable quantification
of data center energy consumption across national or regional
estimates.

To enhance accuracy from the grid perspective, a targeted mon-
itoring strategy is required: AI-based identification can detect 
existing or embedded facilities that remain unregistered, while
registration and reporting protocols should be strengthened for
newly constructed data centers.
3. Governing AI via AI

In existing data centers, a persistent challenge for top-down 
energy accounting is the absence of explicit energy-use labels, par-
ticularly in mixed-use environments such as commercial com-
plexes or campuses. While large-scale facilities typically 
implement advanced submetering and PUE monitoring systems, 
small and medium-sized data centers—particularly those embed-
ded within multi-purpose buildings—frequently lack such infras-
tructure. Consequently, grid operators cannot reliably isolate
their electricity consumption. With the increasing deployment of
smaller edge data centers, driven by lightweight AI workloads such
as DeepSeek, this fragmentation further complicates system-level
energy statistics. In cases where submetering is unavailable,
emerging AI-based approaches (Fig. 2) provide a scalable alterna-
tive by identifying data-center-specific load patterns from aggre-
gated signals.

AI-driven classification models can analyze historical power 
data and facility attributes to infer the presence and intensity of 
data-center operations. Studies have shown that power-based
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Fig. 1. Benchmarking results from SPECpower_ssj2008 for server computing energy efficiency. (a) Evolution of computing energy efficiency for typical servers from 2007
to 2024, and (b) corresponding changes in server power consumption and performance from 2007 to 2024.
classifiers and hybrid deep-learning models can achieve accuracy 
levels exceeding 85%–90% in distinguishing data-center workloads
from other building types [12,13]. As presented in Fig. 2, the blue 
section at the top represents several buildings, each equipped with 
an independent electricity meter; however, the specific functions 
of the buildings remain unidentified. To address this limitation, 
AI-driven classification models analyze aggregated power con-
sumption signals, enabling the extraction of load profiles that cor-
respond specifically to data center operations. These models
leverage the operational characteristics of data centers—continu-
ous 24/7 operation, high load density, and relatively stable time-
series profiles—which contrast sharply with the highly variable,
occupancy-driven patterns of offices, malls, or residential
Fig. 2. Leveraging advanced AI methodologies to identify consumption patterns sp
memory; DNN: deep neural networks; ANN: artificial neural networks; RF: random fore
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complexes. Even in AI-intensive or High-Performance Computing 
(HPC) facilities, where workloads may fluctuate dynamically, the 
overall signal remains structured and predictable, providing a
robust foundation for AI-based inference.

When direct metering is unavailable, these classification princi-
ples can be extended using non-intrusive load monitoring (NILM). 
The green section at the bottom of Fig. 2 presents a scenario in 
which multiple buildings share a single electricity meter, produc-
ing aggregated or mixed power consumption data. In such cases, 
NILM techniques disaggregate device- or facility-level loads from 
aggregated consumption by detecting characteristic load events 
(e.g., server startup, cooling cycles) using time-series models such 
as long short-term memory (LSTM) or Transformer architectures.
ecific to data centers and dissect aggregated load data. LSTM: long short-term
st; SVM: support vector machine. NILM: non-intrusive load monitoring.
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Recent studies have demonstrated high device-level load identifi-
cation accuracy in commercial and industrial contexts [14,15], con-
firming the feasibility of applying these techniques to identify data 
center loads in mixed-use environments. In essence, AI-based 
NILM provides a non-invasive framework to reconstruct fine-
grained energy attribution in situations where physical metering
is impractical.

To improve the robustness of energy estimation in real-world 
deployments, regions with high energy consumption per unit area 
and relatively stable load profiles should be prioritized, as these 
characteristics are indicative of typical data center operations. Fur-
thermore, dynamic validation through small-scale manual labeling 
or audit checks can improve model performance, ensuring AI sys-
tems remain adaptive and accurate even when monitoring data
is low resolution or noisy. This integrated methodology, incorpo-
rating AI with NILM and human-in-the-loop feedback, provides a
practical and scalable framework for implementing energy gover-
nance in existing infrastructures, especially in mixed-use buildings
where direct metering is limited.
4. Reforming data center energy registration

When establishing new data center infrastructure, a critical 
requirement is the formal registration of energy usage with the 
grid. While AI technologies can play a key role in estimating energy 
consumption for existing data centers, enhancing the registration 
process for new data centers remains a fundamental step. First, 
the data collected during registration serves as a critical resource
for optimizing and validating AI models. This information provides
valuable prior knowledge. In comparison to relying solely on AI-
driven identification, detailed registration data, including building
purpose, rack configuration, and energy usage patterns, substan-
tially reduces uncertainty and improves the accuracy of energy
consumption estimations.

Moreover, registration data plays a pivotal role in policy imple-
mentation and industry planning. Clear energy-use labeling 
enhances regulatory transparency, resolves ambiguities between 
data centers and other building types, and mitigates statistical 
blind spots. Analogous to other major terminal energy-
consuming sectors (e.g., steel, cement, glass), the establishment
of a comprehensive registration mechanism will ultimately enable
governments to publicly disclose data center energy consumption
and carbon emissions, thereby strengthening sectoral oversight
and informing strategic planning.

4.1. Centralized vs decentralize d registration

In regions with centralized grid operations, such as China, the 
unified management structure of major operators (e.g., State Grid 
and Southern Grid) provides favorable institutional conditions for 
standardized energy registration and reporting. However, despite 
this advantage, few top-down registration mechanisms have been 
successfully implemented in China. Data center development in 
China is overseen by multiple agencies, including the National 
Development and Reform Commission, the Ministry of Industry 
and Information Technology of the People’s Republic of China, 
and regional Communications Administrations, whereas grid oper-
ators are often excluded from early-stage planning. Consequently,
critical energy-related information is seldom shared with grid
companies in a timely or standardized manner. As project
approvals frequently precede grid infrastructure planning, opera-
tors typically engage only at the load connection stage, depending
on self-declared power demand rather than detailed technical
information such as rack counts or cooling configurations. This
institutional fragmentation constrains the grid’s capacity to
4

anticipate, monitor, and manage the expanding energy footprint 
of data centers from the outset. To address this gap, enhancing data 
disclosure during project registration, including key indicators 
such as building area, rack quantity, and equipment type, could
substantially improve the transparency and accuracy of national
data center statistics.

In regions with decentralized grid operations, such as the Uni-
ted States and Europe, the presence of multiple independent grid 
operators often results in fragmented oversight and inconsistent 
implementation. While large, dedicated data centers are generally 
registered and recognized by utilities, identifying smaller or
embedded facilities—particularly those within mixed-use build-
ings—remains challenging. Regulatory frameworks also vary
widely across member states. For example, the Netherlands
enforces stringent zoning and mandatory requirements for data
centers [16], whereas many other EU countries impose no compa-
rable obligations, resulting in uneven data quality across the 
region. In this context, combining market incentives with technical 
support offers a more pragmatic approach to improved registra-
tion. Financial mechanisms, including green electricity pricing, 
renewable energy prioritization, or certification schemes, can
encourage operators to voluntarily disclose detailed energy infor-
mation. Such incentive-aligned approaches enhance corporate
competitiveness while simultaneously improving data complete-
ness and transparency.

Overall, the organization of grid operations fundamentally 
shapes the design of registration mechanisms. Centralized systems 
benefit from institutional integration and procedural standardiza-
tion, whereas decentralized systems may rely more often on 
incentive-based and interoperable data governance frameworks.
Recognizing these structural differences is essential for developing
scalable and adaptive registration models that align with regional
electricity architectures.

4.2. Integrating reporting frameworks into grid-informed registration

The European experience provides valuable insights for improv-
ing data center energy registration. The European Code of Conduct 
for Energy Efficiency in Data Centers (2008) pioneered the volun-
tary disclosure of key indicators, including total energy consump-
tion, PUE, and rack utilization [17]. Building on this foundation, 
the European Commission introduced a binding sustainability
reporting framework in 2024 [18], requiring large facilities (cur-
rently 500 kW and above [19]) to disclose standardized metrics 
such as total energy consump tion, renewable energy share, and
cooling efficiency [20,21]. These initiatives constitute a notable 
step toward enhanced transparency and comparability across 
operators. However, these frameworks remain largely statistical 
and ex post, reporting aggregated energy data periodically, often 
using coarse categories without consistent identifiers or direct 
linkage to electricity meters. While such designs can reveal sec-
toral trends, they are insufficient for fine-grained, auditable
accounting, particularly for small or embedded data centers shar-
ing infrastructure with other facilities.

To improve statistical accuracy, registration should evolve from 
disclosure to grid-informed registration. Specifically, each facility 
record should include: ① a standard technical descriptor set 
(e.g., rated IT power, cooling type, redundancy, rack count, floor 
area); ② a uniform building/use taxonomy (dedicated vs
embedded/mixed-use); and③ a direct link to the facility’s metered
time series within grid information systems. This design allows
consistent facility-level attribution, transforming static reports
into auditable, high-resolution energy statistics.

The optimization of energy registration can be integrated 
within the existing grid management framework, without impos-
ing substantial additional burdens on operators. By incorporating
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energy classification and registration requirements into the exist-
ing procedures for grid connection and electricity application, data 
centers can be clearly distinguished from conventional buildings at 
the point of connection. When combined with the widespread
deployment of smart meters, this approach facilitates more accu-
rate and consistent data collection.

5. Energy estimation reveals flexibility, flexibility brings
benefits

Integrating top-down energy registration and consumption 
statistics for data centers inevitably imposes additional regulatory 
burdens and costs on grid operators. Nevertheless, this approach 
enables more accurate and verifiable energy statistics. By linking 
standardized registration with metered data directly to the grid, 
operators can identify and account for flexible power resources
associated with data centers. In doing so, the grid not only gains
a clearer understanding of data center energy usage but also
unlocks potential synergies between computing power and elec-
tricity supply [22]. 

From the grid operator’s perspective, data centers resemble tra-
ditional industrial loads, such as steel and cement plants, espe-
cially in terms of high energy consumption. Furthermore, data
centers, particularly those focused on HPC and AI tasks, demon-
strate substantial flexibility temporally and spatially [23,24]. As 
illustrated in Fig. 3, the green and blue task transfer arrows and 
blocks indicate that data center power loads fluctuate in real time 
based on computing tasks. Batch processing operations, such as 
large-scale model pre-training that typically allow delays of sev-
eral hours, provide scheduling flexibility for the grid. Studies sug-
gest that nearly 40% of batch processing tasks can be
dynamically adjusted to reduce operational costs [25,26]. This 
inherent flexibility positions data centers as critical assets for
grid-level energy management, with considerable potential to
Fig. 3. Temporal and spatial flexibilities of computing power loads provide advanta
transfer of tasks between different data centers, while the green arrows represent temp
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integrate with renewable energy infrastructures and support grid 
stability. Additionally, tasks can be transferred between geograph-
ically distributed data centers through fiber-optic networks, allow-
ing instantaneous power transfer across locations and creating
opportunities to align computing workloads with available clean
energy sources.

Therefore, these adaptable resources can also be integrated into 
the monitoring and management framework. Mechanisms such as 
sustainable electricity pricing and demand-response programs can 
incentivize data centers to actively engage in grid load optimization. 
In this manner, the dual approach—tracking energy consumption 
while regulating flexibility—can deliver substantial benefits to the 
electricity network. Quantitative evidence from recent studies 
underscores the economic advantages of leveraging data center flex-
ibility. For example , participation in demand response programs by
data centers has been shown to reduce energy purchase costs by
up to 24.19% [27]. Model-based analyses indicate that a 1% increase 
in temporally and spatially flexible loads from data centers can lower 
costs associated with renewable energy storage, scheduling, and 
optimization by approximately (1.29 ± 0.07) EUR (MW h)−1 [28]. 

Strengthening top-down energy registration is not only crucial 
for establishing accurate energy statistics but also fundamental for 
enabling the scalable detection and management of flexibility 
resources. By providing standardized, system-wide visibility into 
energy use and infrastructure characteristics, such a framework 
can facilitate demand-side flexibility across heterogeneous data cen-
ter environments. In doing so, it establishes the institutional basis for 
data centers to evo lve from passive electricity consumers into proac-
tive contributors to grid stability and renewable energy integration.

6. Conclusions and recommendations

Owing to its growing scale, data center energy consumption 
requires greater scrutiny and should be considered as a distinct
ges for both grids and data centers. The blue bidirectional arrows denote spatial 
oral scheduling or shifting of tasks within a local data center.
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category in energy management. Traditional bottom-up energy 
estimation methods for data centers encounter considerable chal-
lenges, primarily owing to the dynamic variations in rack density, 
utilization rates, and other factors, as well as limited data trans-
parency, resulting in significant uncertainty in energy calculation 
and reporting. From the grid’s perspective, smart meters can 
directly record electricity consumption data from data centers, 
providing a robust foundation for macro-level energy statistics. 
For existing unregistered data centers, it is critical to leverage big 
data analytics to develop intelligent identification algorithms 
based on load curve characteristics. By analyzing sustained high-
load patterns and distinctive variability behaviors typical of data
centers, these algorithms can accurately detect and distinguish
data center energy consumption profiles without requiring direct
metering, thereby allowing intelligent recognition and estimation
of energy use across existing facilities. For newly established data
centers, optimizing the energy registration process is crucial. This
includes refining energy categorization, enhancing registration
transparency, and implementing traceable reporting protocols to
ensure that energy consumption data is clearly recorded and acces-
sible for regulatory oversight and planning purposes.

Although implementing top-down energy estimation methods 
for data centers entails additional investments in infrastructure 
and operational costs, the potential economic advantages and sys-
tem optimization derived from accurate data collection are substan-
tial. By precisely monitoring energy consumption, the grid can 
identify and leverage flexible power resources from data centers, 
such as computing workload redistribution, which align more effec-
tively with the electricity supply. This integration between comput-
ing power and electricity availability enables more efficient energy 
utilization across a broader scale, benefiting both data centers and 
the grid. For example, grid operators can use demand response 
mechanisms to adjust data center energy loads during peak demand 
periods, or increase computing the loads during periods of abundant 
renewable energy, thus optimizing wind and solar power u tilization.
This coordination also unlocks new revenue opportunities for grid
operators—such as peak-shaving services and market transac-
tions—whereas data centers can lower electricity costs through flex-
ible energy management, creating mutual benefits for both sectors.

To achieve these objectives, policymakers should foster inter-
departmental collaboration to establish harmonized energy report-
ing standards and allocate targeted financial support for AI tech-
nologies and grid infrastructure upgrades. Long-term regulatory 
and incentive mechanisms will be essential to encourage data cen-
ters to disclose energy consumption data and actively participate 
in electricity spot markets. For instance, the government can offer
tax incentives or subsidies to support the deployment of advanced
energy monitoring and management technologies in data centers,
while grid companies should strengthen collaboration with opera-
tors to jointly develop and operate flexibility resource manage-
ment platforms, ensuring the effective implementation and
continuous improvement of energy estimation methods.

Despite their considerable energy footprint, data centers deliver far 
more than just computing power. By enabling advanced ICT and AI 
applications, data centers help energy, manufacturing, agriculture, 
and construction adopt more sustainable, low-carbon operations 
through optimized resource use and improved productivity. Recogniz-
ing the dual role of data centers in both energy consumption and
broader sustainability efforts, it is essential to reassess their broader
potential as catalysts for environmental and economic benefits.
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