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Abstract

Due to its rising carbon footprint, new paradigms for carbon-efficient computing are
needed. For distributed computing systems, one option is to shift computing loads in space
or time to take advantage of low-carbon electricity, a paradigm known as carbon-aware
computing. We present a literature review of carbon-aware scheduling techniques, which
shows that most of the literature carried out either spatial or temporal shifting but not both.
Of the 28 analyzed studies, 11 considered both spatial and temporal shifting, and only
2 developed a combined optimization algorithm. Additionally, existing approaches typi-
cally focus on operational electricity alone. With the growing decarbonization of electricity,
however, device production (which involves various industrial processes and cannot be
easily decarbonized) is bound to become more relevant and needs to be considered. We thus
suggest a novel spatio-temporal scheduling algorithm for cloud and edge computing. Our
algorithm performs simultaneous spatio-temporal shifting while taking into consideration
both device production and operation. As temporal shifting requires forecasts of future
workloads, we also put forward a workload predictor. Although not fully implemented
yet, we bring various theoretical arguments in support of our proposed algorithm.

Keywords: sustainable computing; workload scheduling; carbon footprint; life cycle
assessment (LCA); edge–cloud continuum; artificial intelligence (AI)

1. Introduction
Driven by trends such as AI, IoT, streaming, and the move towards cloud and edge

computing, computing has a rising energy demand [1,2]. This brings a dilemma: on
one side, given the environmental and societal benefits that computing induces, the field is
bound (and arguably even required) to grow. On the other side, however, as this growth
can most likely no longer be outweighed by hardware efficiency gains, new paradigms
and strategies for an energy- and carbon-efficient computing need to be devised. Strategies
are manifold and take different approaches, such as deploying energy-efficient computing
to decrease the overall energy requirements [3–5] or the use of low-carbon electricity to
decrease the carbon footprint of computation. This latter strategy is often achieved from
a market-based perspective [6] by either generating on-site renewable energy, via power-
purchasing agreements (PPAs), or through guarantees of origin (GOs). This approach,
while in principle meaningful, has also been criticized for enabling the double-counting of
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green electricity, which makes the overall carbon emissions from electricity appear smaller
than they actually are [7].

Green Cloud Computing (GCC) suggests a set of approaches to mitigate the envi-
ronmental impact of cloud computing [8]. One of those decreases the carbon footprint
according to what is called the “location-based approach” (i.e., it accounts for the av-
erage carbon intensity of the grid mix at the location and time of usage). Also called
“carbon-aware computing” [9], its principle is to shift workloads in space and/or time to
take advantage of lower-carbon electricity, whenever and wherever it is available. The
corresponding, “carbon-aware workload scheduling” can be described as an intelligent
arrangement and execution of computational tasks such that the carbon footprint asso-
ciated with their operation is minimized. While traditional scheduling methods focus
on performance metrics like speed and computational efficiency, carbon-aware schedul-
ing incorporates environmental considerations, where tasks are prioritized based on the
availability of renewable energy sources indicated by the varying carbon intensity (CI)
of electricity.

In the landscape of distributed systems, Kubernetes [10] emerges as a pivotal tool
in enabling carbon-aware computing, particularly suited for orchestrating containerized
applications across distributed cloud and edge environments. It automates the deployment,
scaling, and management of applications, aligning well with the need for dynamic resource
allocation based on environmental impact. Kubernetes can further be extended to support
advanced scheduling algorithms that integrate carbon intensity data.

In this context, the contributions of this paper are fourfold: (i) It provides a litera-
ture review of existing carbon-aware scheduling techniques (in either time or location).
(ii) Building on the insights from this review, it suggests a novel spatio-temporal scheduling
algorithm for cloud and edge computing. Unlike our proposal, most of the literature carries
out either spatial or temporal shifting but not both. Additionally, the focus typically lies on
the operational electricity alone. Device production, however, involves various industrial
processes and cannot be easily decarbonized, and for smaller devices, it is already the main
source of environmental impact [11]. With the growing decarbonization of operational
electricity, device production is bound to become more relevant for larger devices as well.
Our third contribution is thus to (iii) introduce principles to account for the carbon em-
bodied during production and to reflect it in the algorithm. Finally, as will be argued later
in the paper, a prerequisite for temporal shifting are forecasts of both carbon intensity of
electricity and of workloads. Carbon intensity predictions inform whether shifting into
the future is meaningful; load predictions inform whether it is possible (i.e., whether there
will likely be free capacity). While for the former we consult external sources, contribution
(iv) is a workload predictor. Overall, and although parts of the algorithm implementation
are still ongoing (the workload predictor being already available on GitHub [12]), we bring
various theoretical arguments in support of our proposal.

The remainder of the paper is organized as follows (see Figure 1). A literature review
is carried out with a focus on the most relevant aspects such as shifting strategies, em-
bodied emissions, workload forecasting, grid emission factors, etc. New concepts have
been developed based on the findings from the literature review. Finally, a prototype of
a workload predictor has been created, which is a part of the final result of the paper—
a carbon-aware spatio-temporal shifting algorithm. This work is currently being validated
within the context of a research project “FLUIDOS” [13] under the EU’s funding program
“Horizon 2020”.
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Figure 1. Overview of paper scope (with respective sections encircled).

2. Background
After a short explanation as to why carbon-efficient computing is required, we con-

tinue this section with a general discussion on the carbon emissions of computing loads,
which depend on both operational and production carbon emissions. The former (i.e.,
operational) carbon depends on the electricity consumption (Section 2.2.1) and the carbon
intensity of electricity (Section 2.2.2). To optimize these carbon emissions, one can obvi-
ously optimize energy consumption (i.e., more efficient computing). Once this potential for
energy optimization (not within the scope of our paper) is exhausted, the remaining energy
consumption can be optimized for carbon. An increasingly deployed paradigm is that of
“carbon-aware computing”, i.e., shifting computing loads in space and/or time to take
advantage of low-carbon electricity. While load shifting has been performed in computer
science for various other reasons (Section 2.3.1—Traditional Methods), it can also be carried
out for carbon optimization (Section 2.3.2). A prerequisite for shifting, however, is the
“shiftability” of loads (Section 2.3.3). Embodied emissions have rarely been addressed,
but this can be achieved via carbon footprinting (Section 2.4.1). Finally, a prerequisite for
temporal shifting are load predictions, which reveal the availability of usable computing
resources in future (Section 2.5).

2.1. The Growing Energy and Carbon Footprint of Computing

The rapid advancement of digital technologies has led to an exponential increase in
the dependency on IT infrastructure, including data centers (DCs), networks, and end-user
devices, significantly contributing to the overall energy consumption. The IEA estimated,
for example, that the global electricity demand for DCs grew from around 300 TWh in
2019 to about 460 TWh in 2022 and that, driven mainly by AI, it will continue growing to
620–1050 TWh by 2026 [14].

Through the broad integration of multimodal large language models (LLMs) [15–17]
into search engines, the compute cost of search will increase 5-fold [18]. Additionally,
inference energy costs will scale with millions of users and are already 25 times higher than
training costs for a popular LLM [19]. Projections estimate that by 2035, its inference work-
load might increase 55-fold. This would outweigh the 10-fold efficiency increase expected
due to Moore’s Law [20] by a factor of 5.5. Considering also grid decarbonization efforts
(e.g., 2-fold reduction in average carbon intensity of the grid), the LLM inference carbon
emissions might increase by a factor of 2.8 by 2035, a substantial additional environmental
burden despite efficiency and decarbonization efforts.



Sustainability 2025, 17, 6433 4 of 27

This growing energy consumption of information and communication services poses
a significant challenge for the sustainable development of the sector. Cloud computing
in particular is a major driver for this trend [21,22]. By aligning workload schedules with
periods or places of low-carbon electricity supply—such as times when renewable energy
availability is at its peak—carbon-aware scheduling can markedly decrease the carbon
footprint of these data-intensive operations.

2.2. Operational Carbon of Computing Loads

As will be argued later, the state of the art mainly considers the operational carbon
of computing. It can be derived by multiplying the electricity consumption of computing
loads (Section 2.2.1) by the carbon intensity of the consumed electricity (Section 2.2.2).

2.2.1. Electricity Consumption of Computing Loads

The electricity consumption of a computing load is typically measured in kilowatt-
hours (kWh) and depends on various factors, including the computational complexity of
the task, the efficiency of the hardware executing the task, and the duration it runs for. Ad-
dressing the growing energy demand of IT infrastructure requires a multifaceted approach,
leveraging both technological innovations and strategic management practices. There
are various methods to optimize DC energy efficiency per task, such as adopting flexible
service level agreements and integrating demand–response mechanisms [3], thermal-aware
workload consolidation that optimizes both IT equipment power consumption and cooling
system power [4], as well as power-optimizing compiler technology, including energy-
aware compiler optimization and software power optimization [5]. For a computing
continuum [23], leveraging computing resources on underutilized edge devices enables
a reduction in power consumption despite the additional requirements of the orchestra-
tion components. However, these topics are not within the scope of our paper, since our
goal is to optimize the carbon footprint for the remaining energy demand after energy
optimizations have been already performed.

2.2.2. Carbon Intensity of Electricity

Another important factor that determines the operational carbon is the quality of
operational electricity, i.e., its carbon intensity (CI), which is measured in grams of carbon
dioxide equivalent (CO2eq) released to produce a kilowatt hour (kWh) of electricity [24].
Both average and marginal grid CIs can be used in a model [25]. Marginal CI data, which
quantifies the emissions attributable to the subsequent unit of electricity generation, can
appear as an optimal metric for guiding energy-related decision-making aimed at carbon
footprint reduction. Nevertheless, the utility of this approach is constrained by its inherent
variability. Fluctuations in energy demand, the intermittent availability of renewable
resources, and shifts in the electricity generation mix can all precipitate substantial short-
term variations in marginal CI data. Such variability complicates the deployment of
marginal CI for steering consumer behavior or policy formulation towards more sustainable
practices [26]. Moreover, an exclusive focus on marginal CI might neglect the broader
systemic impacts and the aggregate benefits derived from reducing average CI across the
power grid.

There are multiple sources for gathering CI data, both open-source and commercial.
Prominent examples for the latter are WattTime [27] and ElectricityMaps [28], both of
which provide not only the current estimation but also a day-ahead forecast of grid CIs for
various locations across the globe. Several grid operators [29–31] have open-sourced their
data; however, using these data in one load-shifting model across several regions proves
challenging due to the heterogeneity and partial unavailability of data sources.
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A recent addition to the carbon intensity tracking solution is the Kubernetes Carbon
Intensity Exporter by Microsoft [32]. An advantage of this solution is its integration with the
carbon-aware SDK [33], as it runs in the same pod and allows the exporter to integrate any
carbon intensity data source available in its arsenal. Working together with Azure, the SDK
maps the region that it is running to a geolocation to pass it to the WattTime API. The next
step for the exporter is to fetch the carbon intensity forecast for the next 24 h every 12 h and
save the data to a configmap on the cluster to be later passed to the KEDA operator [34].

2.3. Workload Scheduling: Traditional Methods vs. Carbon Footprint Optimization

By scheduling tasks during times when or in locations where the electricity grid
is supplied by lower-carbon sources (such as renewables), workloads can significantly
reduce their carbon footprint. This approach requires scheduling algorithms capable of
predicting the availability of low-carbon electricity and dynamically adjusting workloads
to synchronize with these periods (and considering the “shiftability” of workloads, which
we discuss below).

Workload scheduling itself is a decade-old concept known in distributed systems. This
section thus starts with a brief overview of traditional workload scheduling methods (for
reasons other than carbon optimization) in Section 2.3.1 and then introduces carbon-aware
methods in Section 2.3.2. Finally, as not all loads can be shifted (or equally well shifted),
Section 2.3.3 addresses their “shiftability”.

2.3.1. Traditional Methods

In cloud environments, traditional schedulers prioritize goals like maximizing resource
utilization to reduce idle capacities, thereby enhancing efficiency and cost-effectiveness,
as demonstrated, e.g., by [35] through a hierarchical multi-agent optimization algorithm
or the application of swarm intelligence algorithms in [36]. Reducing task execution time,
or “makespan”, is vital for time-sensitive applications, with strategies ranging from meta-
heuristic algorithms [37], ant colony optimization [38], and wind-driven optimization [39]
to hybrid particle swarm optimization and simulated annealing [40]. Load balancing,
essential for system stability, is addressed through multi-objective optimization, e.g., [41,42].
Cost minimization efforts focus on reducing both direct and indirect expenses, with [43]
and [44] exploring meta-heuristics and an ant colony optimizer, respectively, as well as a
study specializing on economic costs in scientific workflows by [45] and on user satisfaction
by [46]. Lastly, energy efficiency, critical for sustainability, is targeted in cloud environments
through algorithms like the fuzzy-based pathfinder optimization by [47], while edge–cloud
environments specifically have been addressed in [48].

2.3.2. Emergence of Carbon-Aware Methods

As shown in the previous subsection, the focus of workload scheduling traditionally
lay elsewhere, and energy and environmental factors were largely ignored in traditional
scheduling strategies, as argued in [49]. As environmental concerns gained prominence,
there was a shift towards incorporating environmental objectives, particularly carbon foot-
print reduction, into scheduling models. This transition is illustrated in [49] by flexible job
shop scheduling, which aimed to minimize carbon emissions alongside traditional objec-
tives. The integration of renewable energy sources in DCs further advanced this evolution;
ref. [50] proposed algorithms to minimize brown (i.e., non-renewable) energy consumption
in DCs, considering the fluctuating nature of green energy supply. This approach was
further refined through strategies like temporal workload shifting, as explored by [51],
who examined the potential of shifting computational workloads to times with a lower CI
of energy supply. A related stream of research optimizes the placement of entire virtual
machines for energy and carbon minimization [52,53].
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The concept of spatio-temporal task migration was introduced by [54], aligning work-
load execution with real-time renewable energy availability to mitigate carbon emissions in
geographically distributed data centers. A holistic approach emerged, combining various
strategies like capacity sizing, energy storage, and carbon-aware scheduling for renew-
able energy operation in data centers, as discussed by [55]. Section 3 reviews current
carbon-aware scheduling techniques in detail.

2.3.3. Workload Classification Regarding Their Shiftability

Understanding workload shiftability is key for spatio-temporal shifting, enabling
the identification of tasks that can be moved across locations or rescheduled for optimal
resource use. This knowledge allows for the reallocation of workloads to locations or to
times with lower costs or greener energy, improving both cost-efficiency and environmental
impact. It ensures, at the same time, that critical applications remain unaffected while
optimizing less-sensitive tasks.

In Table 1, we provide an overview of workload classification based on [51]. Work-
loads shiftable by duration can be further broken down into short-running (majority of jobs
executed in DCs, e.g., FaaS or CI/CD), long-running (e.g., ML training, scientific simula-
tions, or big data analysis), and continuously running workloads (e.g., continuous services
such as user-facing API or computationally intensive workloads such as blockchain mining,
protein folding, etc.). Among these three types, long-running, non-time critical workloads
have the highest potential for carbon savings because of their high energy-intensity and
termination point in the observable future.

Table 1. Workload classification regarding their shiftability and their respective carbon-saving
potential. Examples are given in parentheses.

Duration
Scheduled Ad-Hoc

Interruptible Non-Interruptible Interruptible Non-Interruptible

Short-running Moderate (small
batch jobs) Low (nightly CI/CD) Moderate (FaaS

tasks) Low (CI/CD jobs)

Long-running High (ML
training, simulations) Moderate (backups) High (ML training) Moderate

(data analysis)

Continuously
running

Moderate
(report generation) Low (user APIs) Moderate

(blockchain tasks)
Low

(blockchain mining)

Deferability of workloads has proven to be the cornerstone for understanding the
purpose of using demand forecasting for job scheduling, since scheduled workloads (e.g.,
batch jobs such as nightly tests/builds, periodic backups, etc.) can be shifted in both
directions in time. This contrasts with ad hoc workloads (e.g., FaaS, CI/CD, ML training),
which—as their existence is not a priori known—can only be shifted into the future.

Lastly, interruptible workloads (e.g., one big ML training or multiple small tasks
such as the generation of monthly reports) are naturally preferred over non-interruptible
workloads (e.g., CI/CD jobs, database migration, and backups), since the former can be
broken down in a way that maximizes carbon savings.

2.4. Accounting for Embodied Emissions

Two relatively independent traditions have developed for the environmental assess-
ment of information and communication technologies (ICT). Assessments published in
the computing or electrical engineering literature typically focus on the operational elec-
tricity of the ICT equipment. Meanwhile, the well-established life cycle assessment (LCA)
methodology has been deployed within environmental sciences to study the environmental
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impact of ICT more comprehensively. While the former studies often had access to better
primary data and could take advantage of the domain knowledge of the authors, LCA
covers the full impact and, thus, is a semantically more accurate modelling method.

This section provides the background for integrating carbon footprinting into dis-
tributed computing to assess the environmental impact of hardware infrastructure beyond
operational energy use. Beginning with an overview of carbon footprinting basics in
Section 2.4.1, the section advances with defining a functional unit in Section 2.4.2, which
is crucial for ICT’s dynamic nature. It finally addresses the challenges of allocating the
hardware production emissions in Section 2.4.3, a particularly challenging task for hetero-
geneous edge–cloud environments.

2.4.1. Overview of LCA Basics with Focus on Carbon Footprinting

Life cycle assessment (LCA) is the internationally accepted and standardized approach
to determine the environmental impact of products and organizations. The LCA method
deals with both the emissions and resources along all five life stages of a product: raw
material extraction, raw material manufacturing, product manufacturing, use stage, and
end of life [56].

In the context of distributed computing, LCA complements the focus on the energy
consumption during operation by an inclusion of the environmental burden of the provision
of hardware devices. Avoiding device production through a better utilization of available
devices is a promising optimization mechanism that contributes to the full picture of the
environmental footprint per unit of computation in carbon-aware computing systems. It is,
however, less explored in comparison to the carbon intensity of operational electricity.

As a first step to augmenting the environmental metrics for scheduling purposes,
we will focus on carbon footprinting. Carbon footprinting is a more specific measure
within the broader LCA framework, focusing solely on quantifying greenhouse gas (GHG)
emissions associated with a product, service, or organization, expressed as CO2 equivalents.
It primarily addresses the global warming potential impact category, tracking emissions
of CO2 and other GHGs (such as methane, nitrous oxide, etc.) throughout the life cycle
of a product or a service. Carbon footprinting can be seen as a subset of LCA, where
the emphasis is on understanding and reducing climate change impacts [57]. Due to data
availability and for simplicity, we focus on the carbon footprint rather than a comprehensive
set of environmental impacts. Our analysis includes the production and the use phase,
omitting transportation and end-of-life analysis due to their comparatively negligible
carbon footprint [58]. Given the heterogeneity of edge devices, an aggregation strategy
for a predefined amount of hardware categories needs to be developed (e.g., to aggregate
those requiring external cooling in data centers). This is because the emissions from their
production vary strongly depending on the given device and its production facility [59].

2.4.2. Definition of a Functional Unit

As defined in [60], the functional unit (FU) is the quantified utility of a product system
for use as a comparison unit. In our context, it should be used as a reference for computation
tasks. The FU must relate to the function a product fulfills rather than the physical product
itself. This means, for example, “seating support for one person working at a computer for
one year” rather than “one computer workstation chair” [61]. As initially noted in [62], this
applies even more for the dynamic field of ICT, in which the same functionality (such as
text-editing features) is delivered by ever-evolving “typical products” of their time (such as
the latest generation of Intel processors). In the context of our work, the FU will relate to an
amount of computation needed, irrespective of the underlying hardware delivering it.
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2.4.3. Allocating Hardware Production

Challenges arise when accounting for the production phase of devices. The production
phase should be divided by a device’s expected computational tasks, requiring estimates of
expected computation cycles per device and lifespans, which typically have both higher
uncertainties and variability than in other domains. Devices like smartphones and tablets
have shorter lifespans (2–5 years) compared to servers, which last up to a decade [63,64]
but might be replaced much sooner. Lifespans can also vary between brands, especially in
consumer electronics [65]. This requires custom resource and emission allocation per device.

The distribution of GHGs across life phases further varies among categories of devices.
For instance, tablets and laptops have a major GHG share in the production phase [11]. In
contrast, for servers and data storage units, the operation emits the most GHGs [66,67],
unless covered by renewables.

A possible approach to tackle the hardware production allocation challenge in het-
erogeneous environments is a practical, data-driven one. We propose using Boavizta’s
comprehensive dataset of over 1200 hardware items from major manufacturers [68] to
extract embodied carbon emissions and lifetime data across four key device categories: IoT
devices, smartphones, laptops, and servers. This methodology addresses the uncertainty
in device lifespans and GHG distribution by providing averaged values with sufficient
granularity to distinguish between device categories while maintaining computational
tractability for real-time scheduling decisions.

2.5. Workload Prediction

Workload prediction is an essential element of carbon-aware scheduling, as it allows
the scheduler to forecast future demand and optimize task execution accordingly. For
temporal workload shifting, the scheduler must anticipate future load patterns and align
them with periods of low carbon intensity. Accurately forecasting future demand is
inherently complex, as it requires a vast amount of data that is not always predictive.
Certain clusters may exhibit consistent work patterns, such as web servers and batch
processing, while others may demonstrate more sporadic and unpredictable behavior, such
as scientific simulations and machine learning tasks.

The literature on workload prediction is extensive and varied [69–72], encompassing a
broad array of techniques and methodologies. The methodologies can be categorized into
two primary groups: workload-based prediction and power-based prediction. Workload-
based approaches aim to forecast future resource demand by analyzing historical workload
patterns, whereas power-based methods attempt to estimate immediate power demand
by analyzing power consumption patterns and system performance metrics. Each strat-
egy possesses its own strengths and weaknesses and caters to different use cases and
scheduler implementations.

Power-based prediction techniques are well-suited for forecasting immediate and
potentially future power demands, particularly in data center environments where power
usage is of utmost importance and the supply must be consistently anticipated and opti-
mized. Works such as [41,73–75], attempt to estimate the power requirements of virtual
machines in data centers by applying statistical and machine learning techniques to per-
formance counters for forecasting future power demand. Nevertheless, these techniques
often rely on the utilization of physical power meters to obtain an accurate baseline for
the predictions, which may not always be an acceptable option. While earlier work used
techniques such as regression analysis [76,77], exhaustive research [78–80], and Gaussian
Mixture Models [81], the trend in the recent literature has shifted towards the use of ma-
chine learning techniques, such as Support Vector Machines [82], and the application of
such techniques to other settings, such as GPU power prediction [83] and electrical load
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prediction [84,85]. Still, all these techniques rely on readily available system performance
counters and some sort of historical power consumption data to train the models, both of
which may not always be available in practice.

On the other hand, workload prediction adopts a different approach, focusing on
the forecasting of future resource demand by analyzing historical workload patterns. By
employing deep learning techniques such as Recurrent Neural Network (RNN) and Long
Short-Term Memory (LSTM), whose ability to capture temporal dependencies and long-
term memory make them well-suited for time series forecasting, researchers have been
able to achieve promising results in the prediction of future resource demand. Works
such as [86,87] first demonstrated their potential in the context of web server workload
prediction, while [88,89] demonstrated excellent results in the context of cloud resource
demand prediction.

As discussed in Section 4.3 below, here, we deploy both prediction techniques.

3. Literature Review on Carbon-Aware Scheduling Techniques
Before introducing our algorithm in Section 4, the current section presents a detailed

literature review of 28 studies in carbon-aware computing paradigms (see Table 2), empha-
sizing workload-shifting strategies, carbon intensity metrics, network energy requirements,
forecasting applications, power mapping, embodied emissions, and the availability of
open-source code.

Table 2. Overview of 28 studies (first column) broken down according to 9 criteria, with ‘X’ indicating
that the criterion applies to the respective study. Along with whether the study was exploring
temporal or spatial shifting, we investigated the usage of CI data (average and marginal), estimation
of networking energy for load shifting, incorporation of forecasting techniques, power mapping of
the workload profile, whether the studies have explored embodied emissions of the hardware, as
well as the availability of open-source code. Design decisions taken later in this study are listed in the
last row for comparison purposes.

Paper
Shifting Strategy Emission Factors Network

Energy Forecast
Power

Mapping
Embodied
Emissions

Code
AvailableTemporal Spatial Average Marginal

Acun et al., 2023 [55] X X X X

Ahvar et al., 2021 [90] X X X X

Bahreini et al., 2023 [91] X X X

Bahreini et al., 2024 [92] X X X X X

Beena et al., 2025 [93] X X X X X

Bostandoost et al., 2024 [94] X X X

Chen et al., 2012 [50] X X X

Guo & Porter, 2023 [95] X X X

Hanafy et al., 2025 [96] X X X X X X X

James & Schien, 2019 [97] X

Kim et al., 2023 [98] X X X X X

Köhler et al., 2025 [99] X X X

Lin & Chien, 2023 [19] X X

Lin et al., 2023 [100] X X X

Lindberg et al., 2022 [101] X X X

Ma et al., 2023 [102] X X X

Perin et al., 2023 [103] X X

Piontek et al., 2023 [104] X X X X

Radovanovic et al., 2021 [9] X X X X
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Table 2. Cont.

Paper
Shifting Strategy Emission Factors Network

Energy Forecast
Power

Mapping
Embodied
Emissions

Code
AvailableTemporal Spatial Average Marginal

Schmidt et al., 2025 [105] X X

Subramanian, 2023 [106] X X X

Sukprasert et al., 2023 [107] X X X X

Sukprasert et al., 2024 [108] X X X X

Wang et al., 2015 [109] X

Wang et al., 2022 [110] X X X

Wiesner et al., 2021 [51] X X X

Xing et al., 2023 [111] X X X X

Zhang et al., 2015 [112] X

This study X X X X X X X

3.1. Quantitative Analysis

This analysis aims to synthesize the current research trends, methodologies, challenges,
and gaps in carbon-aware computing, offering insights into future research directions and
reproducibility concerns.

• Temporal Workload Shifting: Analyzed in 18 studies (see also Figure 2), this strategy
involves scheduling tasks to times of lower carbon intensity, often coinciding with
renewable energy availability.

• Spatial Workload Shifting: Investigated coincidentally also in 18 studies, it focuses
on redistributing tasks across geographically diverse data centers, guided by their
varying carbon intensities.

• Combined Approaches: A total of 11 of the above studies examined both strategies,
suggesting a trend towards integrated approaches for more effective carbon footprint
reduction. While in earlier years (i.e., pre-2023), most studies considered either tem-
poral or spatial shifting (13/20 studies, 65%), from the recent literature (i.e., 2024 and
2025), the majority tend to consider both methods (4/5 studies, 80%).

• Beyond Workload Shifting: Five studies proposed different methods for carbon foot-
print optimization, challenging the sole reliance on workload shifting and indicating a
need for diversified strategies.

• Emission Factors: A total of 5 studies used average emission factors, 10 used marginal
emission factors, and 10 did not specify their use, highlighting methodological diver-
sity and potential gaps in CI calculation.

• Networking Overhead: Only two studies evaluated the energy requirement due to net-
working overhead from workload migration, which is generally considered negligible.

• Forecasting: Eight studies employed forecasting techniques, primarily for predicting
day-ahead demand or energy prices. However, only two studies detailed their forecasting
methods, which raises concerns about methodological transparency and reproducibility.

• Power Mapping: Six studies integrated a mapping of computations to the required
power, either by estimation or—for two of them—directly measured, indicating grow-
ing interest in accurate energy consumption assessment.

• Embodied emissions: Five studies mentioned embodied emissions but only one de-
tailed its methodology, underscoring the gap of transparent LCA of ICT hardware.

• Optimization Objectives: Of the 28 studies, 10 prioritized minimizing the carbon foot-
print, with 5 optimizing for an additional objective and 4 considering three objectives
simultaneously. Only one study focused exclusively on carbon, highlighting the trend
for multi-objective optimization in carbon-aware computing.
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• Platform Utilization: Three studies mentioned Kubernetes, one study discussed run-
ning their scheduler as a daemon on Linux distributions, while others did not specify
a use case.

• Open-Source Availability: Only eight studies have open-sourced their code, raising
questions about study reproducibility and comparability within the field.

 

Figure 2. Overview of the workload-shifting approaches studied in the literature from Table 2. Among
the 28 reviewed studies, 3 discuss the domain but do not propose concrete shifting algorithms, and
7 each consider either spatial or temporal shifting. A further 11 discuss both spatial and temporal;
usually, however, not jointly, but in disjunct algorithms, while 2 articles present a spatio-temporal
algorithm performing joint optimization.

3.2. Qualitative Analysis

Here, we present two selected topics, which have proven particularly important in the
design of our solution presented in Section 4 below.

3.2.1. Embodied Emissions in the Context of Scheduling

Kim et al. [98] utilize performance and energy measurements across diverse appli-
cation workloads, hourly energy generation data from US power grids, and embodied
carbon footprint (CF) modeling tools to quantify the carbon emissions of infrastructure
components. Along with being one of the most recent ones in this literature review, it is
the most elaborate on topics related to embodied carbon emissions of the infrastructure,
mentioning that inclusion of such emission in a holistic optimization framework is still
in a “nascent stage”. The authors used both generic LCA methodologies as well as a
custom developed Architectural Carbon Tool (ACT) framework [113]. ACT differs from
traditional LCA approaches by providing an architecture-specific model for quantifying
and optimizing the carbon footprint of computer systems. The advantage of ACT is its
specificity, as it focuses on the embodied carbon emissions of hardware manufacturing,
considering specific factors like workload characteristics, hardware specifications, and
the environmental impacts of semiconductor fabrication processes. To address the lack of
data on embodied emissions of hardware, ACT extensively uses data from environmental
reports of manufacturers, along with some heuristics over the chip area, indicating a viable
option for carbon footprinting in the absence of specialized LCA databases.

3.2.2. Spatio-Temporal Shifting

Most of the studies presented in Table 2 consider either temporal (seven) or spa-
tial (seven) shifting alone. From those that do consider both (nine), the vast majority
(seven) only address them separately and not in conjunction. A study that considered both
spatial and temporal workload shifting at the same time is that by Bahreini et al. [91]. The
authors considered both job-level and load-level optimization and used load forecasts to
design a time-slotted system, where for each slot, the information on queued jobs (a tuple
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of required resources, run time, and deadline) is available. This points out the importance
of forecasting to optimally distribute the loads in time. Simultaneously, describing each job
with a tuple including required resources seems to be a recurring topic in such studies; how-
ever, the inclusion of run time points to the fact that the authors used familiar workloads,
which might not be the case in most production environments. The optimization goal of
the randomized rounding approximation algorithm is the ratio between CPU utilization
and carbon intensity, named “green resource utilization”. Additionally, the authors used
a sampling technique to tackle overallocation caused by their algorithm, trading off the
schedulability of some pods. Tests showed that the developed algorithm is faster than a
traditional high-performance solver for linear programming by several orders of magni-
tude. The resulting average execution time of the optimization below one second enables
online scheduling in cloud environments. The tradeoff of this solution with respect to the
traditional solver is the proportion of jobs finishing on time, which is lower by about 10%.
Finally, the authors highlighted that after about two thirds of the cluster capacity is reached,
using load prediction becomes crucial for adequate job completion times.

3.2.3. Algorithm Development Stages

In Table 3, we present a deeper dive into the review of development stages of the most
prominent algorithms, highlighting their respective strengths and weaknesses.

Table 3. Overview of reviewed algorithm development stages, highlighting their strengths and weaknesses.

Maturity Tier Representative Systems Salient Strengths Typical Weaknesses and Open Issues

Industrial
deployment/production-

grade

CICS [9];
CarbonFlex [96]

• Proven fleet-wide or at-scale
carbon cuts (≈20–60%) while
meeting SLOs

• Scheduler-agnostic or
interoperable designs that fit
existing cloud toolchains

• Continuous learning from
historical traces to improve
over time

• Gains shrink when forecast error
rises or deadlines are tight

• Still depend on accurate job-length
prediction and can trigger demand
bursts if cluster-wide constraints
are mis-tuned

Prototype systems (real
clouds/Kubernetes/edge

testbeds)

Caspian [92];
Low-Carbon Scheduler [97];

GreenCourier [106];
carbon-aware K8s extender [104];

PlanShare [19]

• Work on unmodified public
clouds or K8s, easing adoption

• Exploit geo-diversity,
marginal-carbon signals, or
locational–marginal–price data

• Provide empirical evidence of
15–55% CO2 savings with minor
QoS impact

• Mostly evaluated on hours–weeks
traces or small clusters; scalability
to cloud-scale remains to be shown

• Some increase response time or
miss deadlines when
“sustainability weight” is high

• Do not yet address
embodied-carbon or cross-provider
confidentiality hurdles

Advanced research
(simulator or trace-driven

studies)

FTL meta-algorithm [94];
MinBrown [75];

TTOA/R3DRA [102];
λCO2-shift [101];
GreenScale [98];

EASE [103];
LC-FJSP/CEA-FJSP [110,112]

• Show that adaptive algorithm
selection, bilevel optimisation, or
DRL can add 10–30% extra carbon
savings over fixed policies

• Tackle multi-objective settings
(carbon + cost + makespan) and
extend to manufacturing and
vehicular edge

• Provide theoretical guarantees or
approximation bounds

• Results stem from simulation;
real-world overheads (migration,
forecasting, pricing) not
fully captured

• Carbon benefit fades with high
switching cost or short jobs

• DRL variants struggle with sparse
rewards and require large
training sets

Conceptual frameworks
and holistic analyses

Carbon Explorer [55]; carbond
daemon [105]; Sukprasert et al.
[107,108]; Let’sWaitAwhile [51];

Carbon Responder [111]

• Broaden the problem space:
sub-process carbon metering,
embodied emissions,
demand–response, upper-bound
analyses

• Identify when simple heuristics
suffice and where sophisticated
methods offer diminishing returns

• Often omit algorithmic details or
stop at theoretical potential

• Highlight structural limits: perfect
foresight is unrealistic; embodied
CO2 can dominate but is rarely
acted on
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4. Carbon-Aware Spatio-Temporal Workload Shifting:
A Novel Algorithm

Allocation problems in computer science are often NP-hard, i.e., no polynomial algo-
rithm can guarantee an optimal solution for all possible instances. These problems, such
as bin packing, vehicle routing, and job scheduling, are commonly modeled as Integer
Linear Programming (ILP) problems and solved using ILP solvers like CPLEX [114] or
through custom heuristic methods when exact solutions are computationally infeasible for
large instances. Kubernetes’ scheduling prioritizes flexibility, extensibility, and real-time
performance over finding the mathematically optimal solution to the allocation problem,
i.e., a solution that is “good enough”. Therefore, in this study, even though we focus
on a similar problem setting as [91], we develop straightforward scoring functions that
are analogous to the scoring logic in vanilla Kubernetes with additional criteria such as
operational and embodied emissions.

In the following subsections, we introduce our approach to allocating carbon foot-
print (Section 4.1), spatial scoring (Section 4.2), temporal scoring (Section 4.3), and the
therefore required load predictions (Section 4.4). Finally, combining the two into spatio-
temporal shifting, we provide a heuristic for solving the total carbon minimization problem
in Section 4.5.

4.1. Computing a Workload’s Carbon Footprint

As argued earlier, the carbon footprint consists of embodied and operational carbon,
which we will discuss now sequentially.

4.1.1. Allocating Embodied Carbon

The embodied carbon of the given node needs to be allocated to each pod that it will be
running. LCA standards, such as ISO 14044 [56], propose several options for allocation. The
best option is to avoid the allocation altogether, for which two methods exist: (i) dividing the
unit process into two or more sub-processes (subdivision), and (ii) expanding the product
system to include the additional functions related to the co-products (system expansion).
Unfortunately, neither of these methods is suitable to allocating embodied carbon to single
tasks in a lifetime of a computational node. Most workloads (including Kubernetes pods,
on which focus is placed in this study) are highly integrated, in which the node’s CPU,
memory, network, and storage resources are requested and shared dynamically. Such a
level of dynamic resource sharing allocation makes it challenging to subdivide the node’s
embodied carbon footprint accurately among individual pods. System expansion requires
finding or creating equivalent systems that can perform the functions of the co-products (in
this case, the services provided by the pods). Given the diverse and specialized functions
that pods can perform, from hosting microservices to running batch jobs, identifying or
constructing equivalent systems outside of the distributed computing environment is
complex and often not feasible.

Since an allocation is not avoidable, we apply the next best option, which is allocation
based on the underlying physical relationship between some input of the system (such
as energy) and its outputs (such as computation), assuming that the energy consumption
is proportional to the consumption of computing resources (such as CPU or RAM). Thus,
reserved computing resources that consume electric energy and produce computational
output can serve as such physical relationship. In the case of allocating embodied emissions,
the input to the system is hardware with associated embodied emissions, and the output
stays computation, like in the previous example.

At this stage, an FU (see Section 2.4.2) needs to be defined. Given that Kubernetes pods
come with reservation requests for random access memory (RAM) and central processing
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unit (CPU) cores (one CPU core is equivalent to a vCPU core for cloud providers and a
hyperthread on bare-metal Intel processors), we can define an FU as the respective amount
of reserved resources for a unit time. Any node can run multiple pods at the same time.
We therefore need to allocate the emissions not simply over the pod’s execution time but
also over the proportion of the resources reserved for that period, using a product of
resources and time. Assuming the time scale in hours and RAM resources measured in GiB
(1 GiB = 230 bytes), this yields an FU for carbon-aware Kubernetes (CAK) defined as:

FUCAK = 1 CPU core× 1 GiB RAM× 1 hour (1)

The reservation period of resources is not provided in the specifications of the pod
and therefore needs to be estimated based on heuristics. Table 4 categorizes the variables
necessary for the allocation procedure into knowns and unknowns. The lifetime of node
hardware can be taken from the expected lifetime of the respective hardware datasheet, as
no better alternative is available. Pod power consumption can be estimated as a function
of the utilization rate of the resources with hardware-specific parameters. Finally, pod
runtime can be estimated based on historical data related to its time components such as
function runtime, data transfer time, and cold start time, as described by [115]. Our current
solution, however, will focus on predetermined runtimes for ease of prototyping.

Table 4. Allocation variables categorized by knowns (left column) and unknows (right column).

Given To Be Estimated

Pod CPU reservation (CPUi) Node HW lifetime (Lj)
Pod RAM reservation (RAMi)
Pod runtime (Uij)

Pod power consumption (Pij)

Node power supply ACI (ACI jk)
Total embodied emissions of node (Cemb

j )
Power curve of node

Having defined the FU, we calculate the expected total resources used over the lifetime
of a node j (RU j). This involves multiplying the number of CPU cores (CPU) and GiB of
RAM (RAM) installed on the node with its total expected operation time (L) to get the
total available resources of the node.

RU j = CPU j × RAMj × Lj (2)

Then, we calculate the expected resource usage by the given pod i
(

RUij
)

as:

RUij = CPUij × RAMij ×Uij (3)

Now, we can define the proportion of the total resources of the node that was used for
executing the given pod as αij:

αij =
RUij

RU j
(4)

Finally, to get the embodied emissions allocated per pod (Cemb
ij ) we multiply the total

embodied emissions of the node (Cemb
j ) by this proportion:

Cemb
ij = Cemb

j × αij (5)
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4.1.2. Computing Operational Carbon

Expected operational emissions for the given pod are obtained by multiplying the
ACI of the electric power used by the node to execute the pod at the given time slot k with
the pod’s expected resource reservation time and its power consumption (Pi). As with its
execution time, we do not have precise data on the pod’s power consumption, but it is
conceptually possible to estimate it based on the utilization rate of the node’s hardware
by the given pod and the pre-calculated performance curves of the node’s hardware, such
as in [116].

Cop
ijk = ACI jk × Pij ×Uij (6)

4.2. Spatial Scoring

Spatial scoring is the easiest method of load shifting, since live data on carbon intensity
typically suffices for the scheduler to take definitive action. However, unlike temporal
scoring (discussed in Section 4.3 below and which takes place within the same node),
spatial scoring requires an analysis of embodied emissions for a full picture of the carbon
footprint of pod execution. We discussed the procedure of allocating embodied emissions
in Section 4.1.1.

To enable the comparison between the nodes, we derive a metric that combines both
embodied and operational emissions of a pod on the given node in the form of the “Total
Carbo Footprint” or Ctot (see Figure 3).

 

Figure 3. Calculation of the Total Carbon Footprint (Ctot).

For each node, Ctot,ijk comprises an embodied and an operational part according to
Equation (7), which combines the results of Equations (5) and (6):

Ctot = Cemb
ij + Cop

ijk (7)

4.3. Temporal Scoring

The scoring procedure for temporal workload shifting requires a more sophisticated
approach. Both workload and carbon intensity forecasts now play a crucial role. Since the
workload stays on the given node under all circumstances, embodied emissions are no
longer relevant as they remain constant.

An important task which has been encapsulated in its own function is the calculation
of the so-called “optimal sliding window” (see Figure 4).
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Figure 4. Calculation of the optimal sliding window.

We use a sliding window instead of disjunct windows to break down the larger
windows in case the workload is executed significantly earlier than the duration of the
window expires and thus avoid underutilization during too long a window. Considering
the example in Figure 4, we have selected a window length of 2 h for the horizon of
24 h (9 h are shown for legibility). Therefore, if the “now” timestamp corresponds to,
e.g., 9 a.m., then the windows available for dispatched workloads are 9 a.m.–11 a.m.,
10 a.m.–12 p.m., etc. The resulting hourly resolution is due to the constraint of the hourly
CI forecast availability.

4.4. Workload Prediction Model

The workload prediction model is a crucial component of the carbon-aware sched-
uler since it allows the scheduler to forecast future demand and optimize task execution
accordingly. Temporal shifting is meaningless without such prediction.

As outlined in Section 2.5, the literature on workload prediction is broad and diverse
but can be categorized into two main groups: workload-based prediction and power-based
prediction. The strength of the former rests in its capacity to predict future resource needs
through the analysis of historical workload patterns, whereas the latter concentrates on
forecasting immediate power demand by studying power consumption patterns and system
performance metrics. Our proposed method integrates both approaches to capitalize on
the respective advantages of each.

The model is implemented as a deep learning model, specifically an LSTM network,
which is well-suited for time series forecasting. It can capture temporal dependencies and is
relatively lightweight to train and deploy. Figure 5 shows the architecture of the model.

Figure 5. Architecture of the workload prediction model.
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Initially, the input data is obtained from a data pipeline that gathers historical workload
patterns (1), which include measurements of CPU use and memory consumption. In the
current iteration, we employed the Google Cluster Data [117], a dataset of cluster workload
traces. In the future, we plan to expand this number of features to disk and network
I/O and to automatize the collection of such metrics.

Together with the workload data, a machine-specific power curve (2) is required to
explicitly convert the workload figures into realistic power estimates. We employed the
SPEC2008 benchmark data [116] in the current iteration. This data is then bundled together,
subjected to preprocessing and batching and is finally input into the LSTM network. This
initial training data comprises three consecutive weeks of workload data collected at
15 min intervals.

The network is then separately trained (3) on each node to effectively capture the
distinct workload patterns that are characteristic to each, yielding (4) a machine-specific
model. Once the model is ready, it is capable of reading past workload traces one week at a
time (5) and forecasting workload patterns over the upcoming 24 h (6).

The model’s accuracy greatly varies on the data it is trained on, and thus, on the
workload patterns of the node it is deployed on. From the Google Cluster Data, we selected
two machines that exhibit distinct workload patterns. The first machine is characterized by
very cyclic workload patterns, where night hours are almost idle and day hours exhibit
a very high and varying CPU and memory usage. The second machine, on the other
hand, has a more stable workload pattern, with a lower CPU and memory usage that does
not vary much over time. We repeated the experiment several times, each time selecting
21 consecutive days of data for training and 21 additional consecutive and unseen days
for testing (strictly separated and picked from a later period). The model then attempts to
predict the workload for the next hour (both CPU and memory as intervals between 0 and 1)
with an MSE that is, on average, between 0.01 (for the second machine) and 0.05 (for the
first machine); however, we observed some corner-case outliers with an MSE of up to 3.5,
which was likely due to the variability in the workload patterns.

This architecture is deployed as a service on every node, where it consistently receives
real-time workload data and refreshes its predictions. In its current iteration, the figures the
model produces are converted to a power score using the machine-specific power curve.
This score is then used as an input for the temporal scoring method.

4.5. Spatio-Temporal Shifting Algorithm

The algorithm for carbon-aware spatio-temporal shifting of Kubernetes pods devel-
oped in the scope of this study (see Algorithm 1) is based on concepts introduced in
Sections 4.2 and 4.3. It aims to minimize carbon emissions by efficiently scheduling pods
across geographically distributed nodes and time slots.

To make the proposed algorithm work effectively, several key assumptions need
to be made. These assumptions provide the foundation for the algorithm’s logic and
operational parameters:

1. Access to CI data (good data available and deployed).
2. Pod resource requirements specific to the node (the trickiest assumption; heuristics

need to be developed).
3. Data on expected lifetimes of hardware (existing but scattered).
4. Availability of power curves (good data for DC servers, incipient for edge devices).
5. Availability of embodied emissions data (existing, but typically only for categories of

devices, not individual products).

The algorithm begins with an initialization phase where key structures are set up. An
empty schedule S is initialized, and resource availability matrices Rjk for all nodes j and
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time slots k are established. The embodied emissions rate Cemb
j for each node j is calculated

once, as it does not change over time.
The main loop of the algorithm checks for new pod arrivals and updates the carbon

intensity and utilization data for the next 24 h every hour based on new forecasts. This
ensures that scheduling decisions are always based on the latest available data. When
new pods arrive, they are added to the priority queue Q based on their deadlines. This
prioritization ensures that more urgent pods are considered first, improving the likelihood
that critical deadlines are met.

At each hourly update or when new pods arrive, the algorithm re-evaluates the
scheduling of pods. For each pod i in the priority queue Q, the algorithm initializes the
minimum emissions C∗ to infinity and sets the value for the optimal node j∗ and optimal
time slot k∗ to −1, indicating that no optimal slot has been found yet. The algorithm then
iterates over each possible time slot k and each node j to find the best scheduling option.
First, it checks if the end of the time slot Endk is within the pod’s deadline Deadlinei. This
ensures that the pod will complete its execution before its specified deadline.

Next, the algorithm verifies that node j has sufficient CPU and RAM to accommodate
pod i. This is essential to ensure that the node can handle the resource requirements of the
pod without causing performance issues or failures. The check involves comparing the
pod’s requirements to the node’s available resources.

The algorithm then examines the utilization of the node. It identifies the set Sjk of
pods already scheduled on node j at time slot k and checks whether the total duration of
these pods, plus the duration of the current pod i, does not exceed the available capacity of
the node. This check ensures that the node is not overloaded and that all scheduled pods
can be executed within the time slot.

For each potential scheduling option, the algorithm computes the operational emis-
sions for scheduling pod i on node j at time slot k. The operational emissions Cop

ijk are
calculated based on the average carbon intensity, the duration of the pod, and its power
consumption (from the proportion of the resources utilized by the pod to total utilization).
Additionally, the total power consumption on node j after adding pod i is computed. This
allows the algorithm to determine the proportion of operational missions attributable to
the pod, which is essential for accurately calculating the total emissions.

The total emissions Ctot are then computed by adding the operational emissions to
the proportion of the embodied emissions based on the pod’s power consumption relative
to the node’s total power consumption. This proportional allocation ensures that the
embodied emissions are fairly distributed among all pods running on the node at the
same time.

If the calculated total emissions Ctot are less than the current minimum emissions C∗,
the algorithm updates C∗, j∗, and k∗. This step ensures that the algorithm always seeks to
minimize emissions.

After evaluating all time slots and nodes for the current pod i, the algorithm decides
whether to schedule the pod. If a feasible node and time slot are found, the pod is scheduled
on j∗ at k∗. The schedule S is updated accordingly, and the pod is removed from the priority
queue Q. If no feasible option is found, the pod is reinserted into the priority queue with
updated priority, ensuring that it will be reconsidered in future iterations.

The algorithm then waits for the next hourly update or the arrival of new pods before
re-evaluating the scheduling. This continuous loop ensures that the scheduling decisions
are dynamically adjusted based on the latest data and conditions.
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Algorithm 1. Spatio-temporal shifting (ijk represent pod, node, and time slot, respectively,
overline denotes pod-related resources, and hat is used to signify predicted variables).
Input: Priority queue Q of pods; set of nodes N; set of time slots T; resource
requirements and deadlines of pods; predicted average carbon intensities (ACI) and
utilization of nodes.
Result: Feasible schedule S of pods on nodes and time slots that minimizes total
carbon emissions.
Initialize empty schedule S
Initialize resource availability Rjk for all nodes j ∈ N and time slots k ∈ T

Calculate embodied emissions rate cemb
j for each node j as cemb

j =
cemb

j
Lj

If new pods arrived then
Add new pods to the priority queue Q based on their deadlines

End If
If hourly update or new pods arrive then

For each pod i ∈ Q do
Set C*← ∞; j*←−1; k*←−1
For each time slot k ∈ T do

If Endk ≤ Deadlinei then
For each node j ∈ N do

If CPU and RAM constraints are satisfied then
If utilization constraint is satisfied then

Cop
ijk =

ˆACI jk ×Ui × Pi

Ptot = ∑m∈Sjk
Pm + Pi

Ctot = Cop
ijk +

(
cemb

j ×Ui × Pi
Ptot

)
If Ctot < C* then

C*← Ctot; j*← j; k*← k
End If

End If
End If

End For
End If

End For
If j* ̸= −1 and k* ̸= −1 then

Schedule pod i on node j* at time slot k*
Update schedule S
Remove pod i from Q

End If
End For

End If

5. Discussion and Limitations
As stated from the outset, the main aims of this paper were to review existing

carbon-aware scheduling techniques and, building on the insights from this review, to
suggest a novel, integrated spatio-temporal shifting algorithm, which takes into account
not only operational emissions but also the carbon embodied during device production
and deploys a workload forecast paradigm. These numerous conceptual contributions
notwithstanding, the main limitation of our solution at this stage is the not yet fully
developed implementation.
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As presented in Section 4.4, the workload predictor has already been implemented and
is publicly available. The rest of the algorithm is under development and will be presented
in a subsequent publication. We have a clear roadmap for implementation and testing, as
presented in Section 6 below.

5.1. Algorithm

Understanding the implications of the proposed carbon-aware scheduling algorithm is
crucial for assessing its feasibility and effectiveness in real-world scenarios. This subsection
discusses the computational overhead, complexity, Quality of Service (QoS) effects, and the
carbon footprint of the algorithm to provide a comprehensive evaluation.

Overhead. The algorithm induces computing overhead as it iterates over each pod in
the priority queue, evaluating all possible time slots for each participating node. Memory
overhead stems from storing the priority queue and tracking resource availability for all
nodes and time slots, in addition to maintaining intermediate results like the set of already
scheduled pods on each node and time slot. Rather negligible I/O overhead results from
retrieving periodic updates for carbon intensity and utilization forecasts.

Complexity. Finding the globally optimal carbon-aware spatio-temporal schedule has
been shown to belong to the class of bin-packing problems and is thus NP-hard [52,91]. By
contrast, and to avoid NP-hardness, our algorithm does not aim to find the perfect schedule
for all pods but just for that at the front of the queue. The gain is a polynomial algorithm,
and the price is a globally non-optimal solution (but still one that optimizes carbon). Its
complexity, while polynomial, is nevertheless considerable, being directly proportional
to P× T × N ×M, where P is the number of pods, T is the number of time slots, N is the
number of nodes, and M is the maximum number of pods that can be scheduled on a node
in a time slot.

Quality of Service. The algorithm has a twofold impact on the Quality of Service. On
the positive side, it enhances resource utilization by ensuring that nodes are not overbur-
dened, thus maintaining optimal performance and reducing resource contention. The
priority queue management allows urgent pods to be scheduled first, improving response
times for high-priority tasks. Moreover, by considering carbon intensity in scheduling deci-
sions, it contributes to a greener infrastructure. However, the complexity of the scheduling
process and frequent re-evaluation can introduce delays in pod execution, especially under
heavy workloads. Additionally, the increased CPU usage and longer scheduling times due
to the algorithm’s complexity might negatively impact overall system performance.

Carbon Footprint. The carbon footprint of the algorithm includes both direct and
indirect effects. Directly, the algorithm’s execution consumes computational resources
such as CPU and memory, contributing to the operational carbon footprint. The need for
periodic updates and data processing also adds to the carbon footprint through associated
I/O and computation. Indirectly, due to its main aim, the algorithm helps reduce the overall
carbon footprint by optimizing pod placement to minimize carbon emissions. Efficiently
distributed workloads across nodes can lead to better utilization of energy-efficient nodes
and selecting time slots with lower carbon intensity. This balance between the algorithm’s
direct resource consumption and its contribution to overall carbon efficiency is a key
consideration in evaluating its environmental impact.

Implementation. The implementation of the aforementioned algorithm is bound to
the development of a computing continuum architecture to which our research con-
tributes [118], and therefore, parts of its implementation are still pending. This work
is currently being validated within the context of the research project “FLUIDOS” [13]
under the EU’s funding program “Horizon 2020”.
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5.2. Environmental Evaluation

To achieve a more holistic understanding of the environmental footprint of compu-
tation, it is essential to consider indicators beyond just energy consumption and carbon
emissions. The following paragraphs explore additional environmental impacts and the
limitations of life cycle assessment (LCA) in this context.

Environmental Impact Beyond Energy and Carbon. An expansion of environmental
scope to include indicators other than global warming potential would be required for a
more comprehensive picture of the environmental footprint of computation. Given that
ICT hardware relies on various abiotic resources, including rare earth elements and metals,
whose extraction and processing can lead to significant environmental degradation, the
“Abiotic Resource Depletion” indicator is among the first candidates to be considered in
scheduling of computational tasks. As this impact occurs overwhelmingly during produc-
tion, accounting for the embodied resource use would here be mandatory; this is another
argument for the validity of our production-including approach. The water consumption
of data centers is a growing concern, in particular related to AI training and inference.
Training one large language model is directly responsible for hundreds of thousands [119]
to millions [120] of liters of freshwater. Given the expected AI growth, accounting for the
indirect water usage during electricity production and including inference as well might
lead to an AI-generated water withdrawal several orders of magnitude higher over the
next years [119]. “Water Footprint” is thus arguably the most important candidate for
future scrutiny.

LCA Limitations. While our carbon-aware scheduling algorithm is designed to opti-
mize resource allocation and minimize carbon emissions, it has several weaknesses when
relying on LCA data for embodied emissions. One significant limitation is the complexity
and time required to conduct a comprehensive LCA, which involves gathering extensive
data across the entire lifecycle of computing hardware—from raw material extraction
to disposal. This process can be resource-intensive and may not always provide timely
insights for fast-paced technological environments. Additionally, the accuracy of LCA
results can be compromised by the quality and availability of data, leading to potential
gaps and uncertainties in the assessment. For our algorithm, this means that inaccura-
cies or inconsistencies in the embodied emissions data can bias scheduling decisions,
potentially undermining the goal of minimizing total carbon emissions. Another chal-
lenge is the difficulty in standardizing LCA methodologies, as different studies may
use varied assumptions and system boundaries, making comparisons and integrations
across datasets problematic.

6. Conclusions and Further Work
This paper contributes to the field of carbon-aware computing in two ways: It pro-

vides a comprehensive literature review and introduces a novel spatio-temporal shifting
algorithm that addresses gaps identified in the existing literature.

In our literature review, we revealed that two main methods are deployed: temporal
workload shifting involves scheduling tasks during times of lower carbon intensity, often
coinciding with renewable energy availability, while spatial workload shifting redistributes
tasks across geographically diverse data centers based on carbon intensities. An emerging
trend is the integration of both temporal and spatial strategies for more effective carbon
footprint reduction; however, the two are usually considered alternatively and not jointly.

While most previous studies predominantly focus on either spatial or temporal shift-
ing, our work integrates both. The main idea of our algorithm is simple but effective. To
predict the availability of computation resources necessary for shifts into the future, we
presented an ML-based algorithm combining workload-based prediction and power-based
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prediction. By incorporating device production emissions into our model, we address an
often-overlooked aspect of carbon footprinting, thereby offering a more comprehensive
understanding of environmental impacts. Given the continuing decarbonization of opera-
tional electricity driven by various IT companies, the relative importance of the embodied
impact is bound to grow.

Future research should focus on refining our algorithm’s forecasting capabilities to
enhance its predictive accuracy and efficiency. Investigating the scalability of the algorithm
across diverse computing environments and its applicability to edge computing scenarios
will also be crucial. We aim to develop more sophisticated models for accounting for the
embodied emissions of computing hardware, further improving the environmental sus-
tainability of computing operations. Here, a dynamic categorization strategy for hardware
may yield additional benefits if proven feasible in the experimental phase. A better method
needs to be devised, in particular for the prediction of a pod’s runtime. The overhead of
the algorithm requires a more thorough investigation; next to the complexity it inherently
brings, there might be thresholds below which this overhead might not be energetically
justified. Finally, the developed framework will be tested on real infrastructure consisting
of multiple geographically distributed nodes, providing a reference for transferability of
the analytic results. To achieve this, an emulation environment is planned to be developed,
first based on KWOK [121]. It will be used to explore the relevant testing scenarios. The
fully developed algorithm framework will then be deployed on real infrastructure nodes to
quantify carbon savings and latency penalty tradeoffs.
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