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IntroducƟon 
GreenCode is an innovaƟon project focused on AI/ML-driven opƟmisaƟon of soŌware. Its aim is to 
reduce the cost and climate impact of soŌware systems (soŌware and the infrastructure it runs upon), 
and by implicaƟon the carbon impact of the IT sector at scale, impacƟng everything from edge devices 
to datacentres.  

Green and sustainable soŌware is a large and growing subject area with various actors also now taking 
steps to improve elements of soŌware sustainability and the efficiency of the soŌware development 
lifecycle (SDLC) through educaƟon and AI intervenƟons, some notable names being: the Green 
SoŌware FoundaƟon, GSF, that focusses on internaƟonal standards, best pracƟce policy and 
community building; academic organisaƟons such as the SoŌware Sustainability InsƟtute, SSI, at The 
University of Edinburgh and the Digital Sustainability Centre at Vrije University, Amsterdam who focus 
on educaƟon and outreach; numerous startups and other RD&I iniƟaƟves like the GENIUS project 
focussing on AI tools for the SDLC. 

Rather than duplicaƟng the effort already expended by such organisaƟons, we look to extend their 
work alongside our own through a detailed understanding of energy use, wastage and its relaƟon to 
soŌware quality, sustainability and performance enhancement. Through this we look to provide a 
demonstrable, measured route to the reducƟon of energy waste and inefficiency in soŌware systems 
and to consider how this might be cerƟfied against new and recently published internaƟonal standards 
such as that for SoŌware Carbon Intensity (SCI). Specifically, we are creaƟng an agenƟc AI applicaƟon 
pipeline and associated tooling to automate the opƟmisaƟon of soŌware systems for quality and 
energy efficiency, that can readily track with and be conƟnually upgraded vs. emergent state-of-the-
art technologies. 

As important as the tooling itself is, where we apply it is also key. Research esƟmates that 60-80% of 
all soŌware is regarded as legacy soŌware and that many market players are focussed on the 
generaƟon of new soŌware applicaƟons from scratch through AI, we first intend to address the low-
hanging fruit of legacy system maintenance, raƟonalisaƟon, opƟmisaƟon and upgrade/porƟng. While 
observing the quality of AI generated code in a similar manner and considering how the tooling may 
serve to improve this also. 

Through a variety of routes our work will provide value to the owners of exisƟng systems through 
measurable reducƟons in TCO and technical debt, while also providing verified green credenƟals for 
their systems and numerous other benefits that improve market compeƟƟveness. From a climate point 
of view soŌware opƟmisaƟon as an intervenƟon in the climate crisis enables a fast, step-change 
reducƟon in emissions/energy consumpƟon when implemented within applicaƟons already deployed 
at scale. 

In this document we discuss the state-of-the-art in the key themaƟc areas the GreenCode project and 
its partners look to address, based on a combinaƟon of academic and commercial research across 
scienƟfic literature and, given the pace of advancement outside of academia, various grey literature 
sources also. Furthermore, given the partners diverse sectorial experience we defer to their experƟse 
when discussing the SotA of their specific area of applicaƟon of this work. 
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Document Structure 
This document consists of both an academic leaning themaƟc review of the state-of-the-art as 
applies to GreenCode and a similar industry-leaning sectorial review. In both cases we describe the 
background to a parƟcular sub-topic, the current state-of-the-art, idenƟfied limitaƟons and gaps, 
areas that have been considered but are not immediate prioriƟes within the project, and the 
opportuniƟes for the project’s applicaƟon to that area going forward. We close with a summary 
conclusion and consolidated summary of gaps, opportuniƟes, high level requirements and new 
business models that may emerge as a result of the work. 

Terminology 
Throughout this report, “sustainability” primarily refers to energy and carbon impacts; “measurement 
boundary” denotes the scope of included components and allocaƟon rules; and “closed-loop 
opƟmisaƟon” denotes iteraƟve measure–change–re-measure cycles with regression validaƟon. We 
also use the following abbreviaƟons and definiƟons regularly: 

 

Term DefiniƟon 
SotA State of the Art 
SoŌware System A soŌware applicaƟon and the infrastructure required to run it 
GenAI GeneraƟve AI 
Hotspot An area of interest in a soŌware system. Typically, a relaƟvely high energy 

consuming piece of code or infrastructure; a potenƟal cause of energy waste;
or a soŌware or hardware performance or throughput pinch-point. 

Sustainability Unless otherwise clear from the text sustainability in this document means 
environmental sustainability. Typically, with respect to operaƟonal energy use. 

CO2e CO2 equivalent: The equivalent emissions of CO2 
GHG Greenhouse Gas 
LLM Large Language Model (7B parameters or bigger) 
SLM Small Language Model (under 7B parameters) 
xB parameters x (where x is a number) Billion of parameters that exist within a language model
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ExecuƟve Summary 
GreenCode focuses on AI/ML-driven soŌware opƟmisaƟon to reduce the cost and climate impact of 
soŌware (and the infrastructure it runs upon). Our aim is to translate the rapidly expanding body of 
sustainable soŌware research and tooling into a demonstrable, measured pathway for reducing 
operaƟonal energy use and enabling standards-aligned cerƟficaƟon, while avoiding duplicaƟon of 
efforts led by other organisaƟons.  

A core pracƟcal premise underpins GreenCode: most emissions and costs are locked into exisƟng 
systems, and a large proporƟon of soŌware estates are “legacy”. Although current market aƩenƟon 
is strongly drawn to AI-generated “new build” applicaƟons, substanƟal near-term impact is oŌen 
achievable through legacy maintenance, raƟonalisaƟon, opƟmisaƟon, and modernisaƟon. 
Embedding measurement and opƟmisaƟon into rouƟne engineering workflows enables rapid, 
evidence-based improvement, with step-change reducƟons realised when updated soŌware is 
deployed at scale. The same principles may later be extended to AI-generated code as pracƟces and 
evidence mature, and this is being explored in parallel. 

This review finds that soŌware sustainability has moved from a niche concern to an emerging 
mainstream requirement. However, the landscape remains fragmented: measurement tools, 
reporƟng methods, and opƟmisaƟon techniques exist, but are inconsistently integrated and unevenly 
operaƟonalised across different soŌware types (cloud, embedded, mainframe, media/gaming, etc.). 
A consistent cross-domain theme is the gap between “knowing” and “doing”: organisaƟons may 
measure or esƟmate energy/carbon footprints, but oŌen lack repeatable, producƟon-ready routes to 
reduce them without trading off performance, reliability, or delivery speed. 

Key findings across the themaƟc areas 

 Energy measurement, metrics, and aƩribuƟon are improving, but results are oŌen hard to 
compare due to inconsistent boundaries, access constraints (especially in managed/cloud 
environments), and weak aƩribuƟon from system-level energy signals to acƟonable soŌware 
artefacts. 

 AI tooling for soŌware engineering is advancing rapidly (generaƟon, translaƟon, tesƟng, 
refactoring), but current tools are typically opƟmised for correctness and producƟvity, not 
for energy/performance efficiency, and rarely close the loop from runƟme evidence back into 
code change recommendaƟons. 

 Green AI methods and tools are growing, yet comparability and industrial validaƟon remain 
weak; sustainability tooling oŌen operates in silos and is under-integrated into CI/CD and 
decision workflows. A standout opportunity is a closed-loop approach: measure > opƟmise > 
validate > regress-test, enabling “green regression” detecƟon as a normal engineering 
capability. 

 Developer pracƟces and organisaƟonal adopƟon are limiƟng factors: even where tacƟcs 
exist, uptake is constrained by perceived trade-offs, cost, and lack of workflow-integrated 
tools; educaƟon and voluntary guidance alone cannot scale to the size of the industry. 
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 Standards and cerƟficaƟon (SCI and related schemes) provide an increasingly important 
foundaƟon for reporƟng, system-specific iteraƟon and procurement incenƟves, but they 
currently emphasise calculaƟon and disclosure more than automated, evidence-backed 
opƟmisaƟon, leaving a gap between compliance and real impact. 
 

Consolidated gaps in the State-of-the-Art and research needs 
A credible sustainability opƟmisaƟon workflow forms a closed loop: (1) system and workload 
characterisaƟon, (2) measurement and instrumentaƟon with explicit boundaries, (3) hotspot 
aƩribuƟon across code and infrastructure layers, (4) opƟmisaƟon/refactoring with guardrails for 
correctness, performance, and security, and (5) regression validaƟon with reporƟng suitable for 
governance and audit. The major SotA gap is that most current approaches cover only fragments of 
this loop and do not reliably connect runƟme evidence to repeatable opƟmisaƟon decisions. 

The gaps therefore cluster into three themes. First, evidence quality: measurements are oŌen non-
repeatable, boundaries and allocaƟon rules vary across shared infrastructure, and traceability is 
insufficient for governance and audit. Second, technical linkage: aƩribuƟon to code/architecture is 
limited and closed-loop opƟmisaƟon is weakly integrated into rouƟne engineering workflows, with 
lifecycle and regression handling underdeveloped. Third, pracƟcal adopƟon: methods frequently fail 
to generalise across domains and real deployment constraints, and organisaƟonal barriers (tool 
fricƟon, skills, incenƟves) prevent sustained use; addiƟonally, GenAI-enabled development 
commonly lacks energy-aware defaults and clear evidence of net benefit. 

This review surveys the evidence behind these gaps, compares exisƟng approaches, and highlights 
where current tooling and pracƟce fall short of end-to-end, repeatable improvement. 

 

Why GreenCode’s contribuƟon is valuable 
GreenCode is posiƟoned to unify these developments into a modular plaƞorm and evidence pipeline 
that links: (i) soŌware quality/performance engineering, (ii) measurement and aƩribuƟon, (iii) AI-
assisted opƟmisaƟon, and (iv) standards-aligned reporƟng and assurance, delivering conƟnuous 
improvement rather than one-off reporƟng. The project’s high-level requirements emphasise 
evidence-first automaƟon, mulƟ-source measurement adapters, traceability to artefacts, closed-loop 
opƟmisaƟon, standards-aligned export, confidence grading for shared infrastructure, and lifecycle-
aware regression detecƟon, implemented with a modular architecture that supports sector-specific 
adapters (e.g., domain-specific adapters across legacy, cloud, embedded, and high-performance 
contexts) while maintaining a common evidence model. 
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ThemaƟc Review 
The themaƟc secƟon of our review reflects the state of the art of GreenCode’s technical themes and 
concerns. This is a wide and rapidly evolving area with hundreds of references reviewed across the 
contribuƟng partners. For this reason, relevant references have been surfaced as a priority with 
many opportuniƟes idenƟfied to refer to extended source material for detail and connecƟons to 
extended research.  

It has been our intenƟon to describe the most recent research and to develop GreenCode relevant 
views from that, while not repeaƟng the source material in detail. In this sense the document 
extends beyond a literature review alone and into richer valuable commentary on the SotA in each 
case, providing a specific understanding of opportuniƟes for GreenCode to fill gaps.      

Topics within this document are also finely divided (there are many discrete sub secƟons) so that it 
may also act as a centralised quick-reference for all partners seeking SotA informaƟon on a specific 
topic.  
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Energy Measurement, Metrics, and AƩribuƟon Techniques 
ContribuƟng Partner(s): TWT, Digital TacƟcs, Aalborg University, University of Augsburg, Trier 
University of Applied Sciences 

Background 
In recent years the world has seen rising global aƩenƟon on the energy and environmental (water, 
materials, carbon) impact of digital technologies. Policy frameworks are increasing the pressure on 
organizaƟons to quanƟfy and reduce the environmental footprint of IT. Many enterprises are also 
embedding sustainability targets within their ESG reporƟng frameworks, with soŌware efficiency 
emerging as a measurable lever for reducing Scope 2 emissions as well as reducing operaƟonal costs 
especially in soŌware only businesses (SaaS providers, TV and video games, digital media agencies, 
etc.). 

OpƟmizing soŌware for energy efficiency requires balancing mulƟple, and someƟmes conflicƟng, 
objecƟves such as performance, energy and accuracy. In AI/ML systems for example, higher accuracy 
oŌen requires larger models and longer training runs which increase energy use1. Similarly, 
Ɵme/latency-sensiƟve workloads may consume disproporƟonate amounts of energy to ensure real-
Ɵme deadlines are met.  

Many compuƟng plaƞorms exhibit substanƟal idle power draw (oŌen reported as a significant 
fracƟon of peak power, depending on hardware generaƟon, power management features, and 
configuraƟon), making consolidaƟon and right-sizing important levers alongside code-level 
efficiency2.  

To meet these requirements and others we need well defined methods for measuring or closely 
esƟmaƟng energy consumpƟon and standardised metrics that enable comparison, however 
determining these in detail on a micro-level is inherently challenging because modern compuƟng 
systems are highly complex and non-determinisƟc.  

Power consumpƟon is influenced not only by the instrucƟons executed, but also by 
microarchitectural behaviour (e.g., cache hits, branch predicƟon, memory stalls), concurrent 
background processes, and dynamic hardware features such as frequency scaling, turbo boost, and 
power-saving states. Even when idenƟcal code is executed repeatedly, variaƟons in workload 
scheduling, thermal condiƟons, and system interrupts can lead to measurable differences in energy 
use.  

Furthermore, isolaƟng the energy aƩributable to a single piece of soŌware is difficult in mulƟ-tenant 
environments such as cloud plaƞorms, where resource sharing obscures per-applicaƟon 
measurement.  

These issues mean that energy profiling less straighƞorward than tradiƟonal performance 
benchmarking, and studies oŌen require controlled condiƟons, repeated runs, and careful 
methodological design to obtain results to high level of accuracy although these rapidly depart from 
real execuƟon environments. 

While absolute precision is important in determining energy consumpƟon metrics on a micro-scale 
e.g. in microcontroller and IoT contexts or when considering the merits of a parƟcular discrete 
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algorithm, the degree of component precision becomes rapidly less important in macroscale 
environments where algorithms operate and interact in bulk as part of a complete applicaƟon. In 
these contexts, while precision remans important, the net change in energy consumpƟon of the 
applicaƟon as whole can be impacted by wider architectural and development choices which can be 
determined by a level of macroscale measurement and analysis under stress condiƟons, which opens 
up opportuniƟes for GreenCode to have bulk impact on IT energy consumpƟon despite the inherent 
challenges of micro-scale measurements.  

  

Current State of the Art 

DefiniƟon of Measurement Metrics and AƩribuƟon PaƩerns 
Sustainability hotspots in IT systems can be idenƟfied using specific metrics and paƩerns. Metrics 
support the quanƟficaƟon and comparison of sustainability aspects across individual components and 
the infrastructure as a whole, while paƩerns help uncover structural inefficiencies. 

The following secƟons examine current sustainability metrics and paƩerns used in IT. 

Sustainability Metrics 
Sustainability metrics can be classified into three domains: 

1. Power and energy consumpƟon metrics, 
2. Energy efficiency metrics, and 
3. Environmental impact metrics. 

Each domain addresses different aspects of sustainability, but they are conceptually interlinked. 

Power and energy consumpƟon metrics, commonly applied at both the hardware and soŌware levels, 
form the foundaƟon of sustainability assessments. These metrics capture the raw quanƟty of energy 
consumed by components at a specific point in Ɵme or over a given interval (e.g. waƩs, joules, kilowaƩ-
hours), and they provide the necessary baseline for further analysis and comparison.  

Energy efficiency metrics build on consumpƟon data by relaƟng energy usage to system performance, 
output, or provisioning, such as transacƟons, operaƟons, computaƟonal tasks, or infrastructure 
uƟlizaƟon. This allows for the comparison of different elements for sustainability. 

Some metrics assess energy use per unit of work, while others capture structural or provisioning 
inefficiencies that influence overall energy effecƟveness. Finally, environmental impact metrics 
contextualize energy consumpƟon within broader sustainability frameworks, translaƟng usage into 
indicators such as CO2e or overall GHG emissions. 

Power and Energy ConsumpƟon Metrics and Measurement 
The fundamental disƟncƟon between power and energy metrics lies in the nature of the metrics 
themselves. Power is measured in waƩs (W) and indicates the instantaneous rate of work performed 
at a specific point in Ɵme. Energy however is quanƟfied in joules (J) or kilowaƩ-hours (kWh) and 
describes the total work performed over a period of Ɵme3. 
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At the hardware level, measurements focus on the physical components that consume energy. 
Measurement approaches typically begin at a coarse-grained level, capturing power and energy 
consumpƟon at the scale of enƟre machines, including servers, racks, routers, and switches4,5,6,7,8,9. 

Typically used tools include Power DistribuƟon Units (PDU), which measure power per outlet and 
support remote monitoring, standalone power and waƩ meters such as WaƩs Up Pro, which are 
typically plugged in between the device and the power source10,11,12 and the Intelligent Plaƞorm 
Management Interface (IPMI) 2.0 or the newer Datacentre Manageability Interface (DCMI) 
SpecificaƟon, which provide server-level power data. However, these interfaces suffer from low 
temporal resoluƟon, reporƟng power consumpƟon data only at intervals of several seconds13. 
AddiƟonally, some vendors offer their proprietary APIs for measurement, such as HP iLO14 or DELL 
iDRAC15. 

From this system-wide view, the focus shiŌs to finer-grained components, including CPU, memory, 
motherboard, storage, GPUs and cooling components. 

The CPU is frequently examined16, oŌen in conjuncƟon with associated elements such as the 
motherboard and memory. 

To obtain energy readings for the CPU and memory, Intel’s Running Average Power Limit (RAPL) 
interface is oŌen used 8,11,17,18. It was introduced around 2011 and has since emerged as a de-facto 
standard as it is now also supported by AMD with AMD Family 17h Processors: Model 30h 19. 

AddiƟonally, storage devices such as HDDs and SSDsError! Bookmark not defined.Error! Bookmark not defined.Error! Bookmark 

not defined.Error! Bookmark not defined.Error! Bookmark not defined. must be considered. For modern storage opƟons like 
NVMe drives, the NVMe Management Interface SpecificaƟon can be used to query power 
consumpƟon readings. 

With the growing adopƟon of machine learning and data-intensive workloads, hardware accelerators, 
especially NVIDIA GPUs, have been increasingly uƟlised. To measure the power consumpƟon of a GPU, 
NVIDIA integrated shunt resistors and current monitor ICs into its GPUs starƟng with the Kepler 
architecture20. Power consumpƟon data can be accessed programmaƟcally via the NVIDIA 
Management Library (NVML)21 or, more conveniently, through the Nvidia Smi command-line uƟlity. 

A network’s power and energy consumpƟon can be considered from two viewpoints. A host-only view 
considers solely the power/energy consumpƟon by the network interface card. This can be 
approximated by mulƟplying uƟlizaƟon measurements with the idle and acƟve power values specified 
in the hardware vendor’s documentaƟon. This approach has the drawback of being limited solely to 
the host and not considering intermediate transmission steps. 

In contrast, the whole-path view extends the boundary to the external network. For this esƟmaƟon, 
two methods can be applied. First, an average electricity-intensity factor (kWh/GB) converts 
transmiƩed bytes into energy consumpƟon. Aslan et al.22 report 0.06 kWh/GB for UK fixed networks 
in 2015 and observe that the figure halves roughly every two years, which results in 0.001875 kWh/GB 
for 2025 if the historical trend conƟnues. Second, MyƩon et al.23 proposed a two-component model 
that separates transmission (core-network) energy from customer-premises equipment energy. The 
model combines fixed baseline constants with terms that scale with link speed and uƟlizaƟon. Finally, 
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cooling systems such as fans and air condiƟoning are examined due to their considerable contribuƟon 
to total energy usage in IT infrastructures. 

A summary of the presented measurement approaches is given in the table below. 

 

 

Energy Efficiency Metrics 
This secƟon focuses on energy efficiency metrics applicable to IT infrastructure components and the 
IT infrastructure itself. Facility-level or datacentre metrics such as Power Usage EffecƟveness (PUE), 
Compute Power Efficiency (CPE), and the Datacentre Energy Efficiency and ProducƟvity Index (DC-EEP 
Index) are acknowledged but likely require adaptaƟon to be calculable for IT infrastructures.  

A list of currently available energy efficiency metrics is as follows: 

Component Metric type Interface / API Scope covered 

Server / rack / switch Power, Energy PDU, standalone watt-meter, IPMI / DCMI, 
vendor APIs (iLO, iDRAC) 

Whole machine 

CPU Power, Energy RAPL On-chip CPU 
domain 

Memory Power, Energy RAPL System DRAM 

GPU / accelerator Power, Energy NVML / nvidia-smi GPU card 

Storage (HDD / SSD / 
NVMe) 

Power, Energy NVMe Management Interface Individual drive 

NIC (host) Power, Energy Vendor idle / active datasheet Network-
interface card 
only 

Network, whole path 
(average) 

Energy intensity(kWh / 
GB) 

Average factor model Error! Bookmark not defined.  Core + access 
network 
(aggregate) 

Network, whole path 
(segmented) 

Power, Energy Two-component power model Error! Bookmark 

not defined.  
Core + access 
network 
(aggregate) 

Cooling Power, Energy PDU channels, building-management 
sensors 

machine or 
facility cooling 

Component Metric Name Formula 

CPU FLOPS /  Watt Error! Bookmark not 

defined.,Error! Bookmark not defined. 
Energy consumed / Number of executed 
instructions 

CPU MHz per Watt Error! Bookmark not 

defined.,Error! Bookmark not defined. 
MHz / Watt 

Storage Capacity per  Watt Error! 

Bookmark not defined.,Error! Bookmark not 

defined. 

Capacity / Watt 

Storage IOPS per Watt Error! Bookmark not 

defined.,Error! Bookmark not defined. 
IOPS / Watt 

Server / Rack Space, Watts and 
Performance (SWaP) Error! 

SWaP = Performance/ (Space × Power 
Consumption) 
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Bookmark not defined.,Error! Bookmark not 

defined. 

System of Systems Deployed HW Utilisation 
Ratio (DH-UR) Error! Bookmark not 

defined.,Error! Bookmark not defined. 

Active servers / Total servers deployed 

System of Systems Deployed HW Utilisation 
Efficiency (DH-UE) Error! 

Bookmark not defined.,Error! Bookmark not 

defined. 

minimum quantity of servers needed to handle 
peak load / total number of deployed servers 

System of Systems Power Usage Effectiveness 
(PUE) Error! Bookmark not 

defined.,Error! Bookmark not defined. 

Total Facility Power / IT Equipment Power 

System of Systems Datacentre Infrastructure 
Efficiency (DCIE) Error! Bookmark 

not defined.,Error! Bookmark not defined. 

 IT Equipment Power / Total Facility Power  

System of Systems Compute Power Efficiency 
(CPE) Error! Bookmark not defined.,Error! 

Bookmark not defined. 

DCIE / IT Equipment Utilisation  

System of Systems Datacentre Energy Efficiency 
and Productivity Index  (DC-
EEP Index) Error! Bookmark not 

defined.,Error! Bookmark not defined. 

IT-PEW * SI-EER 

System of Systems Site Infrastructure Energy 
Efficiency Ratio (SI-EER) Error! 

Bookmark not defined.,Error! Bookmark not 

defined. 

Conditioned Power Out / Power In 

System of Systems Site Infrastructure Power 
Overhead Multiplier (SI-
POM) Error! Bookmark not 

defined.,Error! Bookmark not defined. 

datacentre power consumption at the utility meter 
/ total hardware AC power 

System of Systems IT hardware power overhead 
multiplier (H-POM) Error! 

Bookmark not defined.,Error! Bookmark not 

defined. 

total hardware load at the plug / total Hardware 
Compute Load 

System of Systems Datacentre energy 
productivity (DCeP) Error! 

Bookmark not defined.,Error! Bookmark not 

defined. 

work output (bytes) / total energy 

System of Systems Datacentre performance 
efficiency (DCPE) Error! Bookmark 

not defined.,Error! Bookmark not defined. 

effective IT workload / total facility power 

System of Systems Coefficient of performance of 
the ensemble (COP 
Ensemble) Error! Bookmark not 

defined.,Error! Bookmark not defined. 

COP Ensemble = Total Heat Dissipation/(Flow 
Work+ Thermodynamic Work) of cooling system 

System of Systems Greenup 24 Energy consumed baseline / Energy consumed 
optimized 

System of Systems Green energy coefficient 25 Green energy consumed / total energy consumed 
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Environmental Impact Metrics 
Energy and power consumpƟon metrics and energy efficiency metrics focus exclusively on quanƟfying 
energy or power consumpƟon. To place these in a broader sustainability context, environmental 
impact metrics translate energy use into environmental consequences and capture more general 
sustainability in an IT infrastructure. 

This translaƟon is typically based on carbon-related indicators, such as CO2e, greenhouse gas 
emissions, or carbon footprint26. In addiƟon, broader sustainability concerns in IT infrastructures 
include electronic waste, lifecycle costs, and supply chain impacts related to hardware and soŌware.  

Energy Impact of Data Storage 
The storage, transfer and manipulaƟon of data is an important sub-topic for energy-efficient 
opƟmisaƟon given the pace of data growth globally.  

Banijamali et al. (2024)27 conducted an industrial case study in collaboraƟon with Schuberg Philis 
(SBP), a leading IT provider, to define Key Performance Indicators (KPIs) for monitoring and improving 
the energy efficiency of cloud data storage. Building on the KPI framework proposed by FaƟma et al. 
(2024)28, they developed three KPIs tailored to SBP’s sustainability roadmap: energy consumpƟon, 
storage capacity uƟlisaƟon, and capacity per waƩ. These KPIs resulted in specific recommendaƟons, 
including the replacement of inefficient hardware, architectural redesigns, and compression 
strategies. 

 

Measurement-Relevant Sustainability PaƩerns 
The Green SoŌware FoundaƟon offers a catalogue of various paƩerns that can contribute to structured 
soluƟons for reducing the carbon footprint in soŌware development and operaƟon. These paƩerns 
are categorised into AI, Cloud and Web, defined in a plaƞorm-neutral manner and reviewed by various 
experts.  

In the Web category, for example, the paƩern Defer Offscreen Images describes how images that are 
not visible on the first display page are only reloaded when needed. This saves bandwidth and 
compuƟng power on both the server and client sides.  

In the AI category, there is the paƩern OpƟmize the Size of AI/ML Models, which reduces the 
complexity of AI and ML models. This can significantly reduce compuƟng power and memory 
requirements in parƟcular.  

For cloud applicaƟons, the paƩern Encrypt What is Necessary addresses the high resource 
requirements of modern encrypƟon algorithms and recommends only encrypƟng data that really 
needs to be protected.  

All these paƩerns combine technical pracƟces with measurable effects on soŌware carbon intensity 
(SCI), making them not only ecologically effecƟve but also pracƟcal to implement. Their applicaƟon 

Network Bandwidth per  Watt Error! 

Bookmark not defined.,Error! Bookmark not 

defined. 

Bandwidth / Watt 
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demonstrates how systemaƟc ecological design can be anchored at various levels of soŌware 
architecture. 
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Physical Energy Measurement Techniques 
There two ways of measuring energy consumpƟon from running soŌware, either by an external 
device, oŌen referred to as a wall-plug measurement, or through on chip sensors in this secƟon we 
will discuss both opportuniƟes.  

 

External “Wall-plug“ Measurements 
Power Meters 
Wall-plug measurements can be performed on a headline level using a simple smart plug such as the 
CloudFree EU smart Plug, a minimal intrusion device such as the MN60 AC Current Clamp, or a full-
fledged power analyzer as required by detailed tesƟng frameworks such The Standard Performance 
EvaluaƟon CorporaƟon (SPEC) for the SPECpower_ssj® 2008 benchmarks29 and the  EET/FEETING 
framework30 31.  
 
PSU Measurements 
A potenƟally more refined view of wall-plug measurements might be achieved through power 
monitoring at the PSU level as the energy is received and distributed within the machine 
(workstaƟon, server, etc.). PSU manufacturers such as Corsair32 have certain opƟons for power 
monitoring on this level though these faciliƟes are typically geared towards delivering gaming 
experiences and are proprietary.  

Another opƟon is to introduce a manufacturer agnosƟc power monitor between the PSU and the 
components of the machine; both are under acƟve exploitaƟon33.  

 

Challenges of External Measurements 
A challenge with external power measurements is to synchronize the power data with the soŌware 
under test. This can be done by Ɵme stamping or by the soŌware under test signalling start and stop 
of measurements, however, the laƩer usually requires some form of network access which is oŌen 
turned off to reduce jiƩer in energy measurements. Furthermore, external measurements are 
typically sampled once every second whereas soŌware operates on a much shorter Ɵmescale 
(milliseconds or less) meaning that tests need to craŌed such that measurement Ɵmescales 
correspond between the running soŌware and the resoluƟon of the monitoring device. 
 

Internal Sensor Measurements (RAPL) 
A prominent example of on chip sensors is the Running Average Power Limit (RAPL) interface, 
supported on modern Intel processors and some AMD processors. These have a much finer Ɵme 
resoluƟon that wall-plug measurements (samples taken per millisecond vs. second).  
 
Studies show that wall-plug measurements and RAPL measurements are well aligned34 and therefore 
longer running processes might be adequately measured by wall-plug methods.  
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How RAPL Works 
RAPL leverages model-specific registers (MSRs) and hardware performance counters to calculate the 
energy consumpƟon of the CPU. The MSRs used by RAPL monitor the power domains PKG (All 
components of the CPU package ), DRAM (main memory referenced by the CPU), PP0 (the CPU 
Cores, and caches as a subset of PKG), and PP1 (typically the GPU in chips with integrated graphics 
handling as a subset of PKG). 
 

Working with RAPL 
RAPL can be used directly but managing the conversion from MSR to Joules and the fact that the 
MSRs used by RAPL wraps around roughly every 60 seconds can be cumbersome, thus 
several tools and libraries exist for runƟme energy measurement built on top of RAPL, as described 
later in Summary of soŌware energy measurement frameworks and hardware/system-level profilers.  
 
Several programming languages such as Haskell and Python, also have APIs or frameworks for 
accessing energy informaƟon from RAPL such as pyRAPL 
 

Security DistorƟng Power Measurement 
Unfortunately, RAPL has come under some criƟcism from a security standpoint as its fine-grained 
power monitoring could lead to the inference and exfiltraƟon of sensiƟve informaƟon through power 
data (PLATYPUS AƩack).  
 
For this reason, access to full RAPL data is only available to highly privileged operaƟng system 
accounts which can provide a barrier to monitoring in various environments. Not only this but RAPL 
also distorts data under some circumstances to mask secure operaƟons35 reducing its reliability in 
specific security scenarios.  
 

Predicted/Simulated Measurement and Modelling Approaches 
While measured energy profiling and post-use analysis is the foundaƟon for opƟmizing soŌware 
energy performance, there is growing interest in predicƟve methods. AI and ML techniques are being 
developed to infer likely energy consumpƟon directly from code paƩerns, compiler outputs, or 
hardware counters36 .  

A significant body of work has explored simulaƟon and modelling tools to esƟmate soŌware energy 
consumpƟon. These approaches are parƟcularly valuable in early design phases, where hardware 
may not yet be available, or when fine-grained aƩribuƟon is required. 

One of the most widely used frameworks in computer architecture research is McPAT (MulƟcore 
Power, Area, and Timing), which models the energy and power consumpƟon of processors at the 
architectural level 37. Combined with simulators such as gem538, McPAT enables researchers to 
esƟmate the energy implicaƟons of different soŌware workloads running on simulated hardware 
configuraƟons. Similarly, tools like WaƩch and SimplePower provide cycle-level simulaƟon of energy 
costs for specific processor components 39. 
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For soŌware developers, higher-level esƟmaƟon frameworks have also emerged. For example, the 
Green-Marl graph processing language incorporated energy-aware opƟmizaƟons based on analyƟcal 
models40. Other research has invesƟgated building energy cost models for programming languages or 
libraries, mapping code constructs to esƟmated joules consumed, which allows “back-of-the-
envelope” calculaƟons without requiring specialized hardware41. 

While these modelling approaches provide valuable insights, they are oŌen limited by their 
assumpƟons and calibraƟon. Their accuracy depends on detailed hardware characterizaƟons, which 
may not always be accessible for proprietary systems. Furthermore, most simulaƟon frameworks are 
computaƟonally expensive, making them impracƟcal for use in conƟnuous integraƟon or producƟon 
environments. Nevertheless, they remain an important complement to direct measurements, 
especially for what-if analyses, design exploraƟon, and early-stage energy-aware soŌware 
engineering. 

 

Language Specific Energy Awareness Features and Measurements 
Programming language and compiler research is advancing towards energy-aware soŌware 
development. Extensions to LLVM and GCC have been proposed that integrate energy models into 
the compilaƟon process, enabling energy annotaƟons at the funcƟon level42 though these 
approaches remain mostly in research prototypes. 

ExecuƟon-Ɵme control features exist in languages like Ada and Java RTSJ, providing precise per-task 
CPU Ɵme measurements and budgets, but they are lacking in most mainstream languages. Since 
energy consumpƟon is essenƟally power × Ɵme, having reliable task-level execuƟon-Ɵme data makes 
it possible to aƩribute energy costs fairly across tasks. By combining CPU Ɵme measurements from 
language APIs with hardware counters such as RAPL or analyƟcal models like McPAT, developers can 
esƟmate the energy consumpƟon of individual tasks rather than just the processor package as a 
whole. 

This capability enables task-level energy accounƟng, budgeƟng, and enforcement. For example, a 
CPU-Ɵme budget can be mapped directly to an energy budget, with overrun handlers acƟng as 
watchdogs for tasks that consume more energy than expected. This bridges the gap between 
hardware energy monitoring and soŌware-level task awareness, providing the foundaƟon for energy-
aware programming models, green soŌware pracƟces, and sustainability reporƟng. 

 

Language ExecuƟon-Time API Support Notes 
Ada Strong (Annex D, execuƟon 

Ɵme clocks, Ɵmers) 43 
Hard real-Ɵme support 

Java With RTSJ / JSR-28244 Requires real-Ɵme JVM. An ongoing JDK Enhancement 
Proposal45 adds CPU Ɵme monitoring for runƟme 
profiling tools, but not as part of a standard API. 

C/C++ Via POSIX/RTOS APIs Not in language standard 
Erlang (RT-
Erlang) 

SoŌ real-Ɵme process 
reducƟons 

Not hard enforcement 
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.NET 
(specialized 
runƟmes) 

Limited research/embedded Not in standard C#/CLR 

 

Cloud Energy Measurements 
In addiƟon to established techniques such as RAPL-based profiling and wall-plug measurements, 
recent developments have extended energy measurement into cloud-naƟve and mulƟ-tenant 
environments. For instance, Kepler (Kubernetes Efficient Power Level Exporter)46 and Cloud Carbon 
Footprint47  provide open-source methods to aƩribute energy use and carbon emissions to individual 
pods, containers, or cloud accounts. These tools address the limitaƟons of tradiƟonal profiling, which 
oŌen cannot separate energy consumpƟon in virtualized or containerized infrastructures. 

Major industry plaƞorms are also embedding sustainability features: MicrosoŌ’s Sustainability 
Calculator (Azure), Google’s carbon-intelligent load shiŌing48, and AWS/GCP’s publicaƟon of region-
level carbon intensity data49  exemplify how providers are enabling greener workload placement. 
 

Barriers to Measurement 
As this secƟon shows it is possible to give a developer (or development team) a good idea of the 
energy consumpƟon of running code, but there are barriers to truly accurate measurements which 
must be understood. 

First, since modern computer systems are nondeterminisƟc it is necessary to run any tests several 
Ɵmes, using staƟsƟcal methods to find averages, means, etc. as such there will always be some 
variance in outcome. 

Next, as tools monitor the energy consumpƟon of the system, either the enƟre computer or the CPU, 
then (outside of highly contrived test scenarios) it is not possible to be completely sure that the 
energy measured is due to the execuƟon of a parƟcular piece of code. Certainty may be improved 
through stress tesƟng methods but again there needs to be an acceptable level of certainty defined. 

Then, to reduce jiƩer in the measurements it is recommended to stop as many background 
processes as possible, turn off Wi-Fi and other radios, turn of network connecƟons, turn off power 
saving modes and turbo boost features, keep the compuƟng environment at a stable temperature 
and thus create a lab environment where as many variables as possible are controlled. 

This is perfect for comparaƟve studies where two systems or even two versions of the same system, 
e.g. the old version vs. the energy opƟmized version, are compared but might not reflect real-world 
scenarios. Therefore sensible test configuraƟons need to be developed. 

And finally, if relying on SoŌware Carbon Intensity (SCI) as a proxy for energy we need to understand 
that despite being the ISO standard it is a relaƟvely simple formula. The SoŌware Carbon Intensity 
(SCI) SpecificaƟon is rather weak on how energy consumpƟon from server-based soŌware systems 
should be measured and it is especially weak on how energy consumpƟon of soŌware running in 
mulƟ-tenant environments should be accounted for.  
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In summary, exisƟng methodologies lack the rigor and consistency necessary for fair comparisons 
across various soŌware applicaƟons and device configuraƟons. Where possible these should be 
improved. Where impossible then the limitaƟons should be clearly stated.  

 

Measurement Tools, Benchmarks and Techniques 
A broad ecosystem of tools supports soŌware energy measurement. Open-source soluƟons such as 
CodeCarbon121, Scaphandre131, and Kepler46 provide system-level monitoring, while Intel Power 
Profiler50, ARM Streamline51, and RAPL-based approaches17 deliver hardware-level granularity. Hybrid 
methods that combine hardware counters with machine learning predicƟon models represent a 
leading edge, enabling esƟmaƟon of energy use for specific code paths with higher accuracy. Sector-
specific iniƟaƟves like DIMPACT52 extend measurement to end-user services, parƟcularly in high-
bandwidth media applicaƟons. 

The following tables represent state of the art tools and benchmarks which will be useful in the 
GreenCode project. 

Hardware and System-Level Profilers 
Hardware and system-level profilers provide low-level telemetry directly from the operaƟng system 
and underlying plaƞorm (e.g., CPU power domains, performance counters, frequency and idle 
states). They are oŌen the most accurate and lowest-overhead way to observe energy-relevant 
behaviour at runƟme, making them valuable for calibraƟon, benchmarking, and idenƟfying coarse-
grained hotspots, but they typically offer limited aƩribuƟon to individual applicaƟons or code paths 
and may require privileged access and specialist experƟse. The following table summarises 
representaƟve tools. 

Tool Year / Origin Plaƞorm / 
Scope 

Key Features Relevance Challenges / Gaps 

perf Longstanding 
Linux kernel 
tool 

Linux, 
system-
wide 

Low-level performance 
counters incl. energy (if 
RAPL enabled) 

Ubiquitous in 
performance 
profiling; foundaƟon 
for research tools 

Very low-level; 
requires experƟse; not 
developer-friendly; 
limited portability 

powercap 
(Linux power 
capping 
framework) 

~2010s Linux 
(kernel 
interface) 

Exposes CPU RAPL 
counters; allows 
capping power usage 

Provides raw energy 
data; used by 
frameworks like 
Scaphandre 

Limited scope 
(CPU/DRAM); not end-
user facing 

turbostat Intel tool Linux (Intel 
CPUs) 

Reports CPU 
frequencies, C-states, 
package power 

Useful for fine-
grained CPU energy 
studies 

Intel-only; not 
integrated with 
applicaƟon-level 
metrics 

Intel Power 
Gadget (IPG) 

Intel official 
tool 

Windows 
& macOS 
(Intel 
CPUs) 

GUI + API for real-Ɵme 
CPU 
power/temperature 

Widely used in 
Windows/macOS 
benchmarking 

Intel-only; no 
container/process 
aƩribuƟon 

Libre 
Hardware 
Monitor 
(LHM) 

Community 
fork of Open 
Hardware 
Monitor 

Windows System telemetry (CPU, 
GPU, disks, sensors); 
logs power metrics 

Developer-friendly 
alternaƟve for 
Windows; integrates 
with dashboards 

Accuracy varies by 
hardware; not 
purpose-built for 
soŌware aƩribuƟon 
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SoŌware Energy Measurement Frameworks 
Recent work has produced a new generaƟon of soŌware-centric energy measurement frameworks. 
Unlike earlier hardware-oriented benchmarks these tools focus on applicaƟon and workload-level 
measurement, enabling developers and operators to quanƟfy and opƟmise energy use in real 
systems. The following table summarises these: 

 

Framework / 
Tool 

Year Plaƞorm / 
Scope 

Key Features Relevance / Notes Challenges / 
Gaps 

CodeCarbon  2020 ML workloads 
(PyTorch, 
TensorFlow, 
Hugging Face) 

EsƟmates runƟme 
energy use; maps to 
grid carbon 
intensity; 
reproducible CO₂ 
metrics 

Widely adopted in 
ML research and 
industry; 
training/inference 
footprints 

Limited to ML; 
accuracy 
depends on 
assumpƟons 
about hardware 
and grid mix 

Scaphandre   2020 Linux, processes 
& containers 

Uses Intel RAPL 
(CPU/DRAM); 
exports to 
Prometheus/StatsD 

Designed for 
observability 
pipelines; 
validated in cloud 
& virtualised envs 

Linux-only; 
RAPL support 
may be 
restricted on 
some CPUs; 
limited GPU 
coverage 

Kepler 
(Kubernetes 
Power Level 
Exporter) 

2022 Kubernetes / 
CNCF 

Pod- & container-
level esƟmates; 
CPU/GPU mapping 
to power; cluster-
wide metrics 

Cloud-naƟve 
monitoring; CNCF 
integraƟon 

SƟll maturing; 
calibraƟon 
issues in 
heterogeneous 
clusters; limited 
outside 
Kubernetes 

PowerProf 
(Windows 
Energy 
EsƟmaƟon 
Engine (E3) / 
ETW-based 
analysis) 

2023 Windows 
(process/thread
) 

Energy aƩribuƟon 
accessed via OS-
level energy 
esƟmaƟon (e.g., 
Energy EsƟmaƟon 
Engine (E3) surfaced 
through Windows 
performance 
tracing/analysis 
workflows) rather 
than a single 
dominant open-
source tool 
comparable to 
RAPL-based Linux 
stacks. 

Fills Windows gap; 
fine-grained 
feedback for 
enterprise/deskto
p apps 

Windows-only; 
sƟll emerging; 
fewer 
community 
integraƟons vs 
Linux profilers 
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PowerAPI Update
d 2024 

Research-
driven, 
heterogeneous 

SoŌware-defined 
power meters; 
calibrated energy 
models at 
process/microservic
e level 

Flexible, fine-
grained 
aƩribuƟon; strong 
for experiments 

Research-
focused; 
requires 
calibraƟon; 
limited 
mainstream 
adopƟon 

Carbon 
Aware SDK 
(GSF) 

2022 Cross-plaƞorm, 
grid-aware 

Links workloads to 
carbon intensity 
signals; enables 
carbon-aware 
scheduling 

Complements 
measurement 
with carbon-
shiŌing strategies 

Does not 
measure energy 
directly; 
adopƟon in 
producƟon 
pipelines is 
limited 

HF Carbon 
Tracker & ML 
CO₂ Impact 
Calculator 

2020s ML ecosystem Integrated into 
training pipelines; 
emissions reporƟng; 
reproducibility 
support 

Widely cited in 
research; helps 
benchmark ML 
impacts 

ML-specific; not 
a general-
purpose 
profiler; 
depends on 
model reporƟng 

Cloud Carbon 
Footprint 

2020s Cloud 
workloads 

EsƟmates footprint 
from cloud provider 
usage metrics 

Useful for 
sustainability 
reporƟng; 
complements 
ML/Linux profilers 

Relies on 
provider APIs; 
accuracy limited 
by cloud 
reporƟng 
granularity 

EnergiBridge 2023 Cross-plaƞorm 
(Linux, 
Windows, 
macOS) 

Supports Intel, 
AMD, Apple ARM 
CPUs; broad 
hardware coverage 

First cross-
plaƞorm tool 
covering diverse 
CPU architectures 

SƟll new; 
adopƟon low; 
GPU/accelerato
r support 
limited 

CPPJoules 2024 C++ workloads 
on Intel systems 

Built on Intel RAPL; 
energy aƩribuƟon 
for compiled C++ 
code 

Extends profiling 
to C++ beyond ML 
ecosystems 

Intel-only; 
requires RAPL 
access; limited 
to C++ scope 

PowerSensor
3 

2025 SoC boards, 
GPUs, FPGAs, 
accelerators 

Open-hardware + 
soŌware; real-Ɵme 
power 
measurement up to 
20 kHz 

High-resoluƟon 
profiling of 
accelerators; 
suitable for AI 
workloads 

Hardware-
dependent; 
requires 
instrumentaƟon
; less accessible 
for average devs 

GreenFrame ~2023 Web 
applicaƟons 

Scenario-based 
tesƟng; CI/CD 
integraƟon; 
energy/carbon 
reporƟng 

Developer-
friendly; brings 
sustainability into 
web/frontend 
workflows 

Focused on web 
stack; limited to 
scenario 
tesƟng; 
accuracy 
depends on test 
design 
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Measurement Methods: Accuracy & PracƟcality 
Different measurement methods trade off accuracy, granularity, and operaƟonal pracƟcality. Some 
approaches (e.g., external power meters) provide high-fidelity whole-system readings but offer liƩle 
aƩribuƟon, while others (e.g., RAPL, GPU telemetry, and soŌware-defined meters) improve temporal 
resoluƟon and can support finer-grained allocaƟon, but introduce plaƞorm constraints, calibraƟon 
requirements, or uncertainƟes, especially in virtualised and cloud environments.  

The table below summarises the main measurement opƟons, the level at which they operate, their 
typical caveats, and the tools most commonly used in pracƟce, helping GreenCode select “fit-for-
purpose” measurement modes with clear confidence bounds. 

Method Granularity Accuracy & caveats Overhead/pracƟcality RepresentaƟve 
tools 

External AC 
power meters 

Whole machine High accuracy; but 
cannot aƩribute per 
process/app 

Requires physical 
access; not scalable 

Used for 
calibraƟon in 
studies 

RAPL / CPU 
energy 
counters 

CPU package, 
DRAM 

Good for relaƟve 
trends; Intel/AMD 
only; limited GPU 
coverage 

Very low; kernel/sysfs 
APIs 

Basis for 
Scaphandre, 
PowerAPI 

GPU vendor 
telemetry 

GPU board and/or 
subsystem 

Reasonable accuracy; 
polling resoluƟon 
varies 

Low; CLI/API access NVML53, DCGM54 
(NVIDIA); AMD 
SMI55 

SoŌware-
defined 
meters 
(model-
based)  

Process and/or 
service and/or 
container 

Requires calibraƟon; 
aƩribuƟon possible 

Moderate setup; 
scalable 

PowerAPI, 
Scaphandre, 
Kepler 

Windows 
energy 
esƟmaƟon 
(E3 + 
PowerProf) 

Process / thread 
(Windows 
desktop/server) 

OS model–based 
esƟmaƟon; depends 
on calibraƟon / 
hardware; less 
transparent than 
counter-based 
methods. 

low; ETW tracing can be 
enabled on demand; 
suitable for endpoint 
and server profiling. 

PowerProf56; 
Windows 
Performance 
Toolkit 
(WPR/WPA); 
ETW (xperf). 

Carbon-
intensity 
aware meters 

Job and/or run 
level 

Energy × regional 
carbon factor; 
accuracy depends on 
energy input quality 

Low overhead; 
library/SDK integraƟon 

CodeCarbon, 
Carbon Aware 
SDK 

Java RTSJ 
profiling 

JVM-level PotenƟal for 
determinisƟc real-
Ɵme metrics; but 
mainstream JVMs do 
not support RTSJ 

Limited to niche VMs 
(e.g., JamaicaVM); 
profiling tools immature 
and not producƟon-
ready 

JamaicaVM, RTSJ 
profilers 
(research only) 

Cloud 
environment 
limitaƟon  

VM / managed 
service 

Hardware-counter–
based tools (RAPL, 
NVML, PowerProf) 
generally 

Restricts measurement 
to on-premise or bare 
metal unless esƟmaƟon 
models are used 

Kepler (K8s), 
Cloud Carbon 
Footprint57, 
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inaccessible in cloud; 
accuracy depends on 
provider telemetry if 
available 

provider APIs 
(limited) 

 

LimitaƟons and Gaps 
Despite rapid progress in tooling and methods, energy measurement and aƩribuƟon sƟll face 
pracƟcal barriers that limit repeatability and acƟonability in real engineering workflows. The 
limitaƟons are not only about sensor accuracy, but also about comparability across toolchains, 
measurement overhead, restricted access in cloud and mulƟ-tenant environments, and ambiguity in 
allocaƟng shared energy costs to specific components or code paths.  

Cross-layer telemetry oŌen fails to align cleanly (hardware < > OS < > container < > applicaƟon), and 
carbon-intensity integraƟon introduces addiƟonal Ɵming and boundary assumpƟons. The table 
below summarises the key gaps, their real-world implicaƟons, and how GreenCode could address 
them through explicit boundaries, confidence grading, and workflow-integrated evidence generaƟon. 

LimitaƟon/Gap DescripƟon Example/ImplicaƟon ApplicaƟon To 
GreenCode 

Measurement 
accuracy & 
comparability 

RAPL (Linux), NVML (GPU), 
PowerProf (Windows), Kepler (K8s) 
each vary in scope/accuracy. 

Teams can’t agree on results or 
compare across toolchains. 

Define validaƟon 
protocols and error 
bars within 
GreenCode. 

Overhead limits 
conƟnuous use 

Many profilers add non-trivial 
runƟme overhead, making them 
unsuitable for everyday 
development or producƟon 
monitoring. 

PowerAPI and Scaphandre can 
distort performance 
benchmarks if run 
conƟnuously. 

GreenCode should aim 
for lightweight 
profiling modes or 
integrate predicƟve 
esƟmaƟon for 
development 
workflows. 

Limited 
applicability in 
cloud 
environments 

Tools relying on hardware counters 
(RAPL, NVML, PowerProf) cannot be 
used in most public cloud or 
virtualised seƫngs. 

Developers running workloads 
on AWS, Azure, or GCP lack 
low-level access, making 
energy measurement difficult. 

GreenCode should 
combine cloud-naƟve 
profilers (e.g., Kepler) 
with esƟmaƟon 
models and integrate 
available provider 
telemetry. 

AƩribuƟon 
boundary 
ambiguity 

Even with good meters, aƩribuƟng 
energy to a specific 
component/funcƟon is uncertain 
under concurrency and shared 
resources. 

“OpƟmisaƟon” may just shiŌ 
energy to another 
process/thread or hide in idle 
allocaƟon. 

GreenCode should 
define aƩribuƟon rules 
(baselines, shared-cost 
allocaƟon, confidence 
levels). 

Cloud/managed-
service 
measurement 
limits 

Hardware counters are oŌen 
unavailable; provider telemetry can 
be coarse, delayed, or opaque. 

Constrains validaƟon in cloud-
naƟve pipelines; reliance on 
esƟmaƟon increases 
uncertainty. 

Add “cloud-grade” 
measurement modes 
with documented 
confidence + 
calibraƟon opƟons. 

Cross-layer 
telemetry 
inconsistency 

Energy signals differ across 
hardware/OS/container/app layers 
and don’t align cleanly. 

Counter scopes can overlap or 
omit key components 
(GPU/network/storage). 

Build reconciliaƟon 
logic + consistent 
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scopes for end-to-end 
tracing. 

Measurement 
overhead and 
perturbaƟon 

InstrumentaƟon can change 
runƟme behaviour (and therefore 
energy) or add non-trivial overhead. 

“Observed” savings disappear 
in producƟon or at scale. 

Require lightweight 
collecƟon + A/B 
protocols that quanƟfy 
measurement 
overhead. 

Carbon-intensity 
alignment and 
Ɵming 

Carbon factors are Ɵme/locaƟon 
dependent and can be mismatched 
with energy sampling windows. 

Errors when mulƟplying energy 
by a coarse carbon value. 

Align Ɵme-series 
energy with regional 
carbon data; 
document 
assumpƟons. 

Weakness in 
MulƟ-tenant 
Measurement 

SCI standard does not adequately 
handle shared environments like 
cloud/mulƟ-tenant apps 

Difficult to assign fair 
energy/emissions to one 
soŌware service 

GreenCode could 
extend SCI with 
methods to apporƟon 
emissions in mulƟ-
tenant cloud contexts 

 

Non-PrioriƟes 
Given GreenCode’s aim to deliver a pracƟcal, workflow-integrated opƟmisaƟon capability, it is 
equally important to be explicit about what the project will not aƩempt to solve in the first instance. 
Some challenges, such as defining universal metrics that hold across all workloads and plaƞorms, 
creaƟng perfect per-funcƟon aƩribuƟon in highly virtualised environments, or replacing established 
infrastructure monitoring stacks, either sit outside the project’s scope or would dilute effort away 
from building an evidence-driven opƟmisaƟon loop.  

The table below therefore captures non-prioriƟes to keep the work focused on “fit-for-purpose” 
measurement and aƩribuƟon with transparent boundaries and confidence, rather than pursuing 
theoreƟcal completeness. 

Area Reason to De-prioriƟse ImplicaƟon 

Hardware-only 
benchmarks 
(SPECpower, 
Green500) 

Server-level or HPC-centric, not 
acƟonable at developer/app level. 

Use for context, but not a GreenCode 
measurement focus. 

Building new low-level 
power profilers from 
scratch 

The SotA already provides mature 
profilers/counters; GreenCode value is 
integraƟon + aƩribuƟon + workflow 
usability. 

Focus on consuming exisƟng signals 
(RAPL/NVML/E3/Kepler/etc.) and standardising 
“measurement modes” + confidence. 

Consumer/end-user 
device power profiling 
at scale 

Device heterogeneity makes results 
non-comparable and hard to 
standardise at project level. 

PrioriƟse reproducible server/edge/cloud 
measurement contexts where GreenCode can 
validate methods. 

 

Summary and Future OpportuniƟes for GreenCode 
Energy measurement for standalone systems and highly specific lab testbeds is reasonably mature. 
The SotA is moving towards cloud-naƟve, AI-intensive, and mulƟ-tenant environments, where 
aƩribuƟon, comparability, and acƟonable feedback remain open challenges. 
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The new soŌware energy measurement frameworks demonstrate clear potenƟal but remain 
fragmented, vary in accuracy, and lack comparability across contexts.  

Industrial validaƟon is sparse: while case studies exist in domains such as IoT, cloud storage, and 
AI/ML, there are no shared benchmarks equivalent to MLPerf (for example) for soŌware 
sustainability. 

The most significant opportuniƟes lie in consolidaƟng fragmented tools into a unified sustainability 
toolkit, embedding green tesƟng within CI/CD workflows, and providing IDE-level developer 
feedback.  

GreenCode can also lead in establishing reproducible benchmarks and KPIs, extending maintenance 
pracƟces to account for “green debt,” and integraƟng sustainability heurisƟcs into AI-assisted coding.  

In doing so, GreenCode can bridge the gap between measurement and acƟonable opƟmisaƟon, 
posiƟoning itself as both a consolidator of exisƟng tools and a catalyst for industry-wide standards in 
sustainable soŌware development. 

 

OpportuniƟes 
The gaps above point directly to high-impact opportuniƟes for GreenCode to advance the SotA. In 
parƟcular, there is clear leverage in making measurement repeatable and comparable, improving 
acƟonable aƩribuƟon from system telemetry to soŌware artefacts, and embedding energy/carbon 
evidence into normal engineering workflows (CI/CD, observability, and governance reporƟng). Rather 
than pursuing “perfect” measurement, GreenCode can focus on pragmaƟc advances such as 
confidence scoring, boundary-aware baselining, hybrid metering strategies (hardware + soŌware), 
and automated hotspot-to-change recommendaƟons with regression validaƟon.  

The table below summarises the most relevant opportunity areas and how they translate into 
acƟonable project direcƟons. 

Opportunity DescripƟon Example / ImplicaƟon ApplicaƟon to GreenCode 

Fine-grained 
soŌware energy 
aƩribuƟon 

Develop methods to 
aƩribute energy 
consumpƟon to funcƟons, 
modules, services, or 
architectural elements 
rather than whole processes 
or machines. 

Enables idenƟficaƟon of 
“energy hotspots” within 
large codebases instead of 
coarse task or applicaƟon-
level averages. 

GreenCode can generate 
funcƟon- and component-level 
energy maps to guide targeted 
opƟmisaƟon and refactoring. 

Cross-layer energy 
correlaƟon models 

Link measurements across 
hardware, OS, runƟme, 
container, and applicaƟon 
layers into unified models. 

Helps explain why idenƟcal 
code behaves differently 
across runƟmes, clouds, or 
hardware. 

GreenCode can fuse RAPL, OS 
metrics, runƟme telemetry, and 
code structure into interpretable 
energy models. 



 

GreenCode: State of the Art Review 

 
33 

 

Measurement 
under abstracƟon 
(cloud, serverless, 
containers) 

Address loss of visibility 
caused by cloud abstracƟon 
and managed services. 

Serverless and managed 
plaƞorms obscure 
infrastructure energy costs 
from developers. 

GreenCode can infer energy 
usage via controlled 
benchmarking, workload 
profiling, and provider-specific 
esƟmaƟon models. 

PredicƟve energy 
esƟmaƟon at 
design Ɵme 

Use staƟc analysis and 
learned models to esƟmate 
energy impact before 
execuƟon. 

Allows early rejecƟon of 
inefficient designs without 
costly runƟme tesƟng. 

GreenCode can provide pre-
deployment energy esƟmates 
during code review or 
architecture design phases. 

Standardised 
energy metrics for 
soŌware 
comparison 

Define comparable, 
reproducible metrics for 
evaluaƟng soŌware energy 
efficiency. 

Enables “apples-to-apples” 
comparison between 
languages, frameworks, and 
implementaƟons. 

GreenCode can help define and 
validate benchmark suites aligned 
with SCI and future cerƟficaƟon 
schemes. 

Benchmark suites 
and KPIs for 
soŌware 
sustainability 

Establish reproducible 
measures (benchmarks + 
KPIs) usable across 
tools/teams. 

Equivalent to MLPerf-style 
comparability for soŌware 
sustainability. 

Publish benchmark 
protocols/results; enable 
regression baselines per system 
type. 

Domain-specific 
KPI library 

KPI templates tailored to 
domains (IoT, web, 
ML/LLMs, etc.). 

Makes metrics acƟonable 
and comparable within a 
domain. 

Provide KPI packs + measurement 
guidance per deployment 
context. 

Tiered 
measurement 
modes with 
confidence 
reporƟng 

Define “best available” 
measurement modes (direct 
/ esƟmated / proxy) with 
explicit confidence. 

Avoids false precision; 
improves cross-team trust 
and repeatability. 

Make confidence/uncertainty 
first-class in reporƟng + 
opƟmisaƟon decisions. 
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AI Tooling for Code and Energy OpƟmisaƟon 
ContribuƟng Partner(s): Fraunhofer IESE, Digital TacƟcs, Kings College London, Siemens, TWT, UC3M, 
Panel Sistemas  

Background 
AI-assisted development has evolved from autocomplete, rule-based linters, and staƟc analysis into 
generaƟve code assistants that can propose, transform, and explain code, and increasingly support 
quality assurance and security remediaƟon inside mainstream developer workflows. Since the 
release of GitHub Copilot (2021) and the broad adopƟon of conversaƟonal LLM interfaces (late 2022 
onwards), tooling has expanded rapidly from IDE copilots toward mulƟ-step pipelines that can 
operate across repositories and aƩempt larger-scale modificaƟons. 

However, most of this ecosystem remains opƟmised primarily for correctness, speed, and developer 
producƟvity. Energy, carbon, and runƟme efficiency impacts are oŌen treated as secondary effects, 
assessed via coarse proxies, or omiƩed enƟrely because they require workload-specific 
measurement and careful aƩribuƟon. For GreenCode, the central challenge is therefore to move 
from “helpful suggesƟons” to closed-loop opƟmisaƟon: define system and workload boundaries, 
establish a reproducible baseline, generate AI-assisted changes, and validate them with regression 
guardrails for correctness, performance, security, and maintainability before adopƟon in producƟon. 
This framing is parƟcularly important for legacy estates, where heterogeneity, operaƟonal 
constraints, and accumulated technical debt mean that efficiency improvements must be evidence-
led and safe to deploy at scale. 

For GreenCode, the key quesƟon is not whether AI can generate code, but whether it can reduce 
operaƟonal energy and cost without degrading correctness, performance, security, or 
maintainability. This shiŌs emphasis from IDE-level convenience to measured, repeatable 
opƟmisaƟon workflows that operate at repository and system scale. In pracƟce, this means coupling 
AI-generated suggesƟons to profiling and aƩribuƟon, applying automated regression checks, and 
only then promoƟng changes into producƟon. This also implies treaƟng measurement boundaries, 
workload representaƟveness, and evidence quality as first-class concerns, so that efficiency gains are 
credible, comparable, and auditable. 
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Current State of the Art 

Model FoundaƟons 
Small Language Models (SLMs) for Code GeneraƟon 
Techniques for obtaining Small Language Models were surveyed in papers: Wang et al.58, 
Subramanian et al.59, Nguyen et al.60, or Zhang et al.61 providing comprehensive overviews. 

While many benchmarks exist for assessing the funcƟonal performances of LLM’s for code generaƟon 
only few papers target SLMs. Benchmarks primarily evaluate soŌware engineering tasks (e.g. change 
summarisaƟon, classificaƟon, refinement) and may opƟonally be extended with energy 
measurement overlays, which are not yet applied consistently across studies. 

Hasan et al.62 assessed 20 SLMs (up to 9B parameters) on five benchmarks (HumanEval, MBPP, 
Mercury, CodeXGLUE (2CT) and HumanEvalPack) that represents code generaƟon tasks in seven 
languages Python, Java, JavaScript, PHP, Ruby, Go, and C++.  

The Qwen2.5-Coder models (1.5B, 3.0B, and 7.0B) were the best on in their categories (≤1.5B, >1.5B 
to ≤3B, and >3B to ≤10B). In terms of efficiency, they measured inference Ɵme and VRAM 
consumpƟon but not energy consumpƟon. Souza et al.63 evaluated five open-source models (from 3B 
to 14B) on Python generaƟon tasks (neither code efficiency nor energy consumpƟon were 
measured). 

Cho et al.64 used fine tuning (self-correcƟon) to improve the performances of very small models 
(<3B). Showing the potenƟal of such approach. 

Cong et al.65 assessed the performance of three open-source SLMs for code change tasks: change 
summarizaƟon (i.e., commit message generaƟon), change classificaƟon, and code refinement (e.g., 
during for code reviews). They also proposed a benchmark datasets for these tasks covering five 
programming languages: C++, Java, JavaScript, Python, and Go. Other papers study relevant 
maintenance tasks such as vulnerability detecƟons66 or bug detecƟons and refactoring67. 

Energy consumpƟon of SLMs was studied in Durán et al.68 However the analysed models are now 
obsolete. 
 

Large Language Models (LLMs) for SoŌware Engineering Tasks 
SoŌware maintenance and tesƟng are categories where research is relaƟvely important69. More 
recently Braberman et al.70 analysed and categorized prompƟng techniques for soŌware engineering. 
Both works provide insights into exisƟng gaps within the scienƟfic literature, facilitate the rapid 
idenƟficaƟon of perƟnent arƟcles, and offer an understanding of prompt engineering techniques 
along with empirical results across various tasks.  

The figure below summarises recent research on LLMs for soŌware engineering categorized by 
SWEBOK categories and demonstrates clear gaps in soŌware requirements and design, configuraƟon 
management, soŌware engineering process, models, pracƟce and soŌware quality generally. 
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Figure . Number of LLMs for soŌware engineering idenƟfied from research papers categorized by SWEBOK categories.  
Source Master Thesis Shana S. Goudar (2024) A SystemaƟc EvaluaƟon of Prompts for LLM-assisted SoŌware Engineering 
Tasks. Rheinland-Pfälzische Technische Universität Kaiserslautern (RPTU).  
SLR 1: Hou et al. (2024). Large Language Models for SoŌware Engineering: A SystemaƟc Literature Review. ACM Trans. 
SoŌw. Eng. Methodol. 33, 8, ArƟcle 220. hƩps://doi.org/10.1145/3695988.  
SLR 2: Fan et al. (2023). Large language models for soŌware engineering: Survey and open problems. arXiv preprint 
arXiv:2310.03533.  
SLR 3: Nguyen-Duc et al. (2023). GeneraƟve AI for soŌware engineering-a research agenda. arXiv preprint 
arXiv:2310.18648. 

In a recent paper, Cheung et al.71, compared the carbon footprint of manual coding with LLM-
assisted coding. Their iniƟal findings indicate that LLM-assisted coding can have substanƟally (20- to 
40-fold) larger carbon footprints than manual coding for the cases tested, and the absolute gap 
between the carbon footprint of the two approaches increases with the complexity of the task.  

To miƟgate this they recommend human-in-the-loop LLM-assisted processes where the tasks are 
broken into simpler tasks before moving on to LLM-assisted coding.  

 

Mixture of Experts (MOE) for Code GeneraƟon and OpƟmizaƟon 
Mixture of Experts (MOE) architectures represent a paradigm shiŌ in machine learning model design, 
offering significant potenƟal for sustainable AI-driven code opƟmizaƟon. At its core, MOE employs 
mulƟple specialized sub-models (experts) coordinated by a gaƟng network that routes inputs to the 
most appropriate experts72. This approach fundamentally aligns with green soŌware principles by 
acƟvaƟng only necessary computaƟonal resources, thereby reducing energy consumpƟon during 
inference while maintaining or improving performance. 

The relevance of MOE to green soŌware development stems from its sparse acƟvaƟon property, only 
a subset of experts processes each input, dramaƟcally reducing computaƟonal overhead compared 
to dense models of equivalent capacity73. For code generaƟon and opƟmizaƟon tasks, this efficiency 
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gain becomes parƟcularly valuable as it enables deployment of sophisƟcated AI assistance tools with 
reduced environmental impact, supporƟng the GreenCode project's mission of sustainable soŌware 
development. 

Recent advances in MOE for code generaƟon have demonstrated substanƟal improvements in both 
efficiency and specializaƟon. Mixtral 8x7B represents a breakthrough in sparse MOE architectures, 
introducing an 8-expert system where only 2 experts are acƟvated per token, achieving 47B 
parameter capacity while using only 13B acƟve parameters during inference74. The model vastly 
outperforms Llama 2 70B on mathemaƟcs, code generaƟon, and mulƟlingual benchmarks, 
demonstraƟng the effecƟveness of expert specializaƟon for programming tasks. 

Switch Transformer73 established the foundaƟon for modern MOE scaling, demonstraƟng that expert 
rouƟng can achieve performance comparable to dense models while using significantly fewer 
parameters during inference. This sparse acƟvaƟon approach has become the standard for current 
MOE implementaƟons in code generaƟon systems. 

Recent comprehensive surveys highlight the rapid evoluƟon of MOE in LLMs, with parƟcular 
emphasis on their applicaƟon to code-related tasks75. These surveys indicate that MOE models have 
emerged as an effecƟve method for substanƟally scaling up model capacity with minimal 
computaƟon overhead, gaining significant aƩenƟon from both academia and industry. 

 

Programming Language-Specific Expert SpecializaƟon 
Recent research is moving beyond “generalist” code LLMs by explicitly separaƟng shared 
programming knowledge from programming-language-specific knowledge using sparse expert or 
adapter structures. For example, MOLE (Mix-of-Language-Experts) introduces shared and per-
language LoRA adapters with automaƟc language rouƟng, improving mulƟlingual programming 
performance while remaining more parameter-efficient than maintaining separate per-language 
models76.  

MulƟPL-MoE similarly proposes a hybrid MoE design (combining token- and segment-level expert 
selecƟon) to improve mulƟ-programming-lingual code generaƟon under constrained compute 
budgets. Related work77 shows MoE-based training/merging schemes can also materially improve 
code instrucƟon-tuning outcomes across standard code benchmarks (e.g., HumanEval/HumanEval+, 
MBPP+, DS-1000), suggesƟng that expert rouƟng can benefit not only “which language,” but also 
“which capability regime” within code tasks78.  

Outside soŌware engineering, “contextual MoE” work demonstrates how explicit process knowledge 
can be injected into expert structures to improve predicƟve performance and interpretability; 
analogous context signals (e.g., repo convenƟons, build/runƟme configuraƟon, architectural 
constraints) could be explored for soŌware engineering workflows as an open research direcƟon79.  

 

Energy-Efficient Inference Frameworks 
Recent surveys on inference opƟmizaƟon techniques for MOE models reveal significant advances in 
energy efficiency. Model-level opƟmizaƟons include efficient expert design, compression techniques 
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such as pruning and quanƟzaƟon, and dynamic rouƟng strategies that reduce computaƟonal 
overhead. These opƟmizaƟons can achieve 40-60% reducƟon in inference energy consumpƟon 
compared to dense model deployments80. 

System-level opƟmizaƟons focus on distributed compuƟng approaches and load balancing 
mechanisms81. Recent MoE inference work shows that uneven rouƟng can create expert load 
imbalance and communicaƟon boƩlenecks82, and that techniques such as dynamic load balancing 
and expert sharding/placement improve uƟlizaƟon and end-to-end serving efficiency83 84. Given 
evidence that inference energy is strongly driven by runƟme and GPU-hours / Ɵme-at-power in 
deployment seƫngs, these uƟlizaƟon gains can translate into lower energy per served token at 
scale85 86 87. 

Advanced MOE Techniques 
Hierarchical RouƟng Mixture of Experts (HRME) represents an evoluƟon in MOE architectures, 
employing tree-structured rouƟng with classifiers as non-leaf nodes and regression models as leaf 
nodes88. This hierarchical approach enables more sophisƟcated expert specializaƟon for complex 
programming tasks. 

Expert merging and pruning techniques have emerged as key opƟmizaƟon strategies89. These 
methods idenƟfy and group similar experts in feature space, then merge experts within the same 
group to reduce computaƟonal overhead while maintaining performance quality. 

 

Understanding and Quality Analysis 
 

StaƟc Analysis and Code Quality Tools 
TradiƟonal staƟc analysis tools remain foundaƟonal in improving maintainability, security, and 
efficiency of code. Tools such as SonarQube, PMD, ESLint, and Pylint detect inefficient constructs 
(e.g., nested loops, redundant calculaƟons) and security flaws before runƟme. While most are not 
explicitly energy-focused, recent research has demonstrated that inefficient paƩerns correlate with 
higher energy consumpƟon. For instance, Pinto et al.90 showed that energy-inefficient programming 
pracƟces can be detected via staƟc metrics such as cyclomaƟc complexity and method call depth. 
Emerging AI-driven extensions (e.g., Sonar AI CodeFix, Snyk Code) now provide automated patch 
suggesƟons, reducing developer overhead while maintaining code quality. However, a gap remains in 
extending these staƟc checks with explicit energy-aware rule sets. 

 

ML in SoŌware Quality Analysis 
In recent years, advancements in machine learning (ML) and AI have come together for the effecƟve 
analysis of soŌware quality and several state-of-the-art reviews now exist. For instance, Alaswad and 
Poovammal91 emphasize the role of ML techniques and used soŌware quality metrics to predict the 
reliability of soŌware. Moreover, Shafiq et al.92 (~50% of 263 references) idenƟfied ML tools and 
techniques for concrete soŌware lifecycle stages for quality assurance and analyƟcs, i.e., applicaƟons 
about the predicƟon of faults, bugs, or defects using ML techniques, most of them being supervised. 
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Shafiq et al. also report that arƟficial neural network was the most used ML technique (30 arƟcles), 
followed by support vector machines (28 arƟcles), random forest (24 arƟcles), and naive bayes (21 
arƟcles). Focusing on the idenƟficaƟon of code smells i.e. design flaws in the source code, Caram et 
al.93 and Azeem et al.94 provide insights into various ML methods used for detecƟng code smells, with 
decision trees, random forest and support vector machines being among the most effecƟve 
techniques. A crucial aspect of improving the predicƟon accuracy of the ML models is the selecƟon 
of relevant features as highlighted by Alsolai and Roper95. 

Besides the individual applicaƟon of concrete ML models and different techniques, various tools exist 
that support soŌware quality analysis, i.e. they can help to idenƟfy errors, security vulnerabiliƟes, 
and violaƟons of coding standards to assess and improve code quality.96 Tools focus on different 
programming languages and vary regarding their objecƟves including different features.  As ML 
approaches can provide benefits, several tools integrate AI features nowadays, for example, to 
enhance analysis accuracy, such as SonarQube97 or Snyk98. Moreover, generaƟve AI can also play a 
role in soŌware quality analysis and tools, parƟcularly in code generaƟon and automated refactoring 
(as indicated in the previous secƟons). 

 

Change generaƟon and safety nets 
Automated Refactoring and Maintenance 
Refactoring has long been supported in industrial IDEs such as IntelliJ IDEA, Eclipse, and Visual Studio, 
which offer transformaƟons like method extracƟon, loop unrolling, and redundant code eliminaƟon. 
Open-source tools like Spoon99 and OpenRewrite100 enable large-scale automated refactoring across 
codebases. Recent research invesƟgates the intersecƟon of AI and refactoring: Gheyi et al.101 show 
that small LLMs can effecƟvely detect refactoring bugs, while Nguyen-Duc et al.102 highlight the use 
of generaƟve AI in proposing code changes. Despite this progress, few systems opƟmise explicitly for 
energy and performance efficiency, leaving a gap for sustainability-oriented refactoring. 

 

Code ModernisaƟon and TranslaƟon 
The ongoing systemaƟc literature review associated with the Master Thesis by Eshwar Sastry at 
RPTU103 indicates that limited research has been conducted on code modernisaƟon using LLMs, with 
only 30 relevant papers idenƟfied. Most of these studies focus on code translaƟon (25 out of 30), 
while deployment strategies (3 out of 30) and architectural enhancements (2 out of 30) are areas 
that have received comparaƟvely less aƩenƟon.  

The approaches taken by these first reviewed papers show that iteraƟve approaches (workflow) or 
agenƟc ones are oŌen more performant. These oŌen includes steps like code translaƟon, unit test 
generaƟon, iteraƟve error fixing (syntax of funcƟonal error), control-flow or call graph analysis. 

The table below provides an overview of the papers analysed so far with their input and output 
languages. 
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Reference Input Language Output Language 

Liu et al.104 C, C++ Rust 

Hong et al.105 C Rust 

Eniser et al.106 C, Go Rust 

Pietrini et al.107 Fortran Python 

Chen et al.108 Fortran C++ 

Fischer-Heselhaus et al.109 COBOL Java 

Kumar et al. 2024110 COBOL Java 

Kumar et al 2025111 C# Java 

Yuan et al.112 Python Java 

 

Code DocumentaƟon 
GeneraƟng code documentaƟon is less researched nowadays because generaƟve AI soluƟons can 
now document snippets of code or files quite well. Thie funcƟonality is already either integrated in 
IDE113,114 or as a standalone tool115. One aspect of documentaƟon generaƟon that is sƟll researched is 
the capability to generate documentaƟon on a repository level (and not on a file or code snippet 
level). Luo et al.116 proposed RepoAgent a mulƟagent system that can generate code for a full 
repository. Diggs et al.117 and Dvivedi et al.118 Both analyse the quality of the generated 
documentaƟon in terms of readability, relevance (usefulness), and completeness and found LLM 
generated documentaƟon to be on par with human generated documentaƟon.  

While various documentaƟon tools handle specific aspects of the documentaƟon process well, it 
remains necessary to use mulƟple tools for complete and thorough coverage. ConnecƟng these 
soluƟons as part of its codebase understanding processes could be a useful outcome from 
GreenCode. 

 

GeneraƟve AI and TesƟng 
SoŌware TesƟng is among the most researched SWEBOK categories, with over 180 papers to 
examine as part of this review of the SotA. ExisƟng reviews such as Wang et al.119 or Zhang et al.120 
show that tesƟng with LLMs has seen an exponenƟal increase in the number of publicaƟons within 
the last years. Unit-TesƟng being the most explored type of tests (followed by System tests). 
GeneraƟng tests from code is, so far, the most explored test case generaƟon techniques. A few but 
increasing number of papers now target other test case generaƟon techniques like mutaƟon tesƟng, 
search-based tesƟng (including fuzzing), specificaƟon-based tesƟng and metamorphic tesƟng. OŌen 
in these cases, the LLM is supported by or supports exisƟng methods (for instance, generaƟng 
metamorphic relaƟonships, or mutaƟon strategies). The vast majority of research papers focus on 
tesƟng funcƟonal requirements. 



 

GreenCode: State of the Art Review 

 
41 

 

In pracƟce, LLM-generated tests are typically emiƩed into exisƟng, mainstream tesƟng stacks rather 
than new research harnesses, e.g., JUnit for JVM projects, pytest for Python, and Jest for 
JavaScript/TypeScript unit tests, with system/E2E tests commonly targeƟng Selenium/WebDriver, 
Playwright, or Cypress where applicable.  

Tooling consensus is therefore more about an approach (generate-from-code, then run/fix iteraƟvely 
in the project’s naƟve framework) than a single standard tool; widely used assistants such as GitHub 
Copilot and dedicated generators like DiĪlue Cover reinforce this “LLM layer over exisƟng 
frameworks” paƩern. 

A key gap for GreenCode is that, even where tesƟng is well-covered, the sustainability link remains 
weak: most work targets funcƟonal correctness, while energy/performance regression tesƟng and 
CI/CD-naƟve “green regression” gates are sƟll under-integrated. 

Performance and Energy TesƟng Frameworks 
Performance and energy tesƟng frameworks are criƟcal for quanƟfying soŌware sustainability. 
CodeCarbon121 and PowerAPI122 allow developers to capture the energy footprint of workloads 
during development and CI/CD runs. Similarly, Intel RAPL counters123 provide fine-grained energy 
measurements on CPUs, while Android BaƩery Historian supports energy profiling for mobile 
systems. Despite this, integraƟon into DevOps pipelines is rare, meaning that energy regressions 
oŌen go unnoƟced. Research prototypes, such as GreenScaler124, demonstrate the feasibility of 
automated energy regression detecƟon, but adopƟon remains limited. Embedding such tools into 
mainstream CI/CD workflows is a significant opportunity. 

 

Efficiency-First Code OpƟmisaƟon 
Limited research has specifically addressed code maintenance with an emphasis on energy 
opƟmizaƟon, of 180+ papers just 16 focussed on this topic. Among the 16 selected papers, the 
majority (11) focused on code generaƟon, while only three addressed code translaƟon; the 
remaining two were review arƟcles. Most studies concentrated on Python (9 out of 16 papers), with 
other target languages including C++ (3), C (1), Java (1), and JavaScript (1). Whereas most studies 
measured the efficiency of the code generated by exisƟng pretrained LLMs, 3 papers discuss 
techniques for fine-tuning LLMs for generaƟng efficient code: Duan et al.125 combine supervised fine-
tuning with reinforcement learning to opƟmize LLM code output, Huang et al.126 propose a self-
improving code generator that leverages runƟme profiling for iteraƟve refinement, and Peng et al.127 
integrate profiling-guided prompƟng and energy-aware tuning strategies for sustainable code 
generaƟon.  

The subject is covered in further detail in the annual SotA review of staƟc code analysis maintained 
by the project consorƟum. 
 

System/RunƟme OpƟmisaƟon Plaƞorms 
Dynamic opƟmisaƟon adapts code execuƟon during runƟme to improve efficiency. TradiƟonal 
examples include the JVM HotSpot JIT and GraalVM128, which opƟmise bytecode execuƟon on-the-
fly. In distributed systems, autoscaling frameworks such as Kubernetes Horizontal Pod Autoscaler 
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(HPA) reduce waste by matching resource allocaƟon to demand. More recently, carbon-aware 
schedulers (e.g., MicrosoŌ’s Carbon Aware SDK129) opƟmise workload execuƟon Ɵming to coincide 
with periods of renewable energy availability. However, AI-driven approaches that couple runƟme 
adaptaƟon with soŌware-level energy opƟmisaƟon are nascent. This represents an opportunity for 
hybrid soluƟons that link code efficiency with plaƞorm-level sustainability. 

 

Commercial and Open-Source Code OpƟmisaƟon Ecosystem 
A variety of industrial and open-source tools address code quality and efficiency, but their 
sustainability focus is inconsistent. Commercial products such as AWS CodeGuru, SonarQube/Sonar 
AI CodeFix, Veracode Fix, and Snyk Code deliver automated performance, quality, and security 
insights. Open-source projects such as EcoCode130, Scaphandre131, and Green SoŌware FoundaƟon’s 
Carbon Aware SDK129 support energy measurement and green scheduling. Research-driven projects 
like EnergyVis132 provide visualisaƟon frameworks for energy profiling. However, these ecosystems 
remain fragmented and rarely interoperable, limiƟng adopƟon. A unifying approach that bridges 
commercial and open-source sustainability tooling would have significant impact. 

 

EvaluaƟon 
LLM Code GeneraƟon Benchmarks 
The following table lists widely used benchmarks for evaluaƟng LLM code generaƟon across mulƟple 
programming languages, reflecƟng the shiŌ from single-language (oŌen Python-only) evaluaƟon 
toward more realisƟc, polyglot soŌware engineering seƫngs. The listed benchmarks include 
funcƟon-level generaƟon suites (e.g., HumanEval variants and MulƟPL-E) as well as workflow-
/repository-oriented benchmarks (e.g., mulƟlingual SWE-Bench) that beƩer approximate real 
maintenance tasks. Together, they help compare model capability, robustness, and generalisaƟon 
across languages and problem types. 

Name URL Languages 
HumalEval-XL hƩps://github.com/FloatAI/humaneval-xl  python, java, javascript, c#, go, kotlin, perl, 

php, ruby, scala, swiŌ, typescript 

Aider Polyglot hƩps://github.com/Aider-AI/polyglot-
benchmark  

++, Go, Java, JavaScript, Python, Rust 

SWE-Bench 
mulƟlingual 

hƩps://www.swebench.com/mulƟlingual.html  C, C++, Go, Java, JavaScript, TypeScript, PHP, 
Ruby and Rust 

MulƟPL-E hƩps://github.com/nuprl/MulƟPL-E  22 languages 
 

Code TranslaƟon Benchmarks 
This table summarises benchmarks designed specifically for code translaƟon, where the primary 
evaluaƟon challenge is preserving funcƟonal equivalence under different language semanƟcs, 
standard libraries, and idioms. The datasets captured here span broad mulƟ-language translaƟon 
(CodeTransOcean), repository-level translaƟon tasks (RepoTransBench), and higher-structure 
translaƟon such as class-level cases (ClassEval-T). These benchmarks are useful for assessing whether 
LLM-based translaƟon supports modernisaƟon workflows beyond line-by-line conversion, 
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parƟcularly when correctness must be validated via compilaƟon and tests rather than surface 
similarity. 

Name URL Languages 
CodeTransOcean hƩps://github.com/WeixiangYAN/CodeTransOcean  Python, C, C++, 

VisualBasic, Go, 
PHP, Java, C#, SwiŌ, 
R, Rust, Fortran, 
Ada, Perl, COBOL, 
Lua 

RepoTransBench hƩps://github.com/DeepSoŌwareAnalyƟcs/RepoTransBench  Python to Java 

ClassEval-T hƩps://github.com/wLinHoo/ClassEval-T  Python, Java, C++ 
 

Code Efficiency Benchmarks 
The following table compiles benchmarks that move beyond correctness to focus on code efficiency, 
typically via runƟme- or resource-oriented signals (e.g., execuƟon Ɵme, algorithmic efficiency, or 
performance under fixed inputs). While most efficiency benchmarks sƟll use performance proxies 
rather than direct energy measurement, they provide a pracƟcal starƟng point for evaluaƟng 
whether generated code is “good” not only in funcƟon but also in operaƟonal cost. For GreenCode, 
these benchmarks are especially relevant as candidates for augmentaƟon with energy/carbon 
instrumentaƟon overlays and repeatable protocols that connect efficiency outcomes to measurable 
sustainability impact. 

Name URL Languages 
Mercury hƩps://github.com/Elfsong/Mercury Python 
EffiBench-X hƩps://github.com/EffiBench/EffiBench-X  Python, JavaScript, C++, Java, Go, and Ruby 

COFFE hƩps://github.com/JohnnyPeng18/Coffe/  Python 
ENAMEL hƩps://github.com/q-rz/enamel  Python 
EvalPerf hƩps://github.com/evalplus/evalplus  Python 
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LimitaƟons and Gaps 
Although AI-assisted soŌware engineering is advancing rapidly, relaƟvely liƩle research treats code 
efficiency and energy consumpƟon as first-class objecƟves. A recent survey of more than 180 papers 
on AI for code-related tasks found only 16 studies that directly addressed energy or efficiency, mostly 
focused on code generaƟon and largely evaluated on Python, with limited aƩenƟon to enterprise 
and legacy languages (e.g., COBOL, Java, C/C++). Most work assesses the efficiency of code produced 
by pretrained models rather than training or adapƟng models explicitly for efficiency, with only a 
small number of exploratory approaches (e.g., RL-assisted fine-tuning, profiling-guided self-
improvement, and energy-aware prompƟng). 

The following LimitaƟons and Gaps table summarises the main shortcomings through a GreenCode 
(energy + performance + quality) lens. It highlights that energy cannot be reliably inferred from code 
alone, opƟmisaƟon effects oŌen fail to generalise across hardware/OS/workloads, and energy-
labelled training data remains scarce. It also captures the barriers to industrialisaƟon: evaluaƟon sƟll 
prioriƟses correctness over efficiency, AI-driven changes can add technical debt and reduce 
explainability, and many tools remain snippet- or IDE-centric rather than supporƟng measurement-
in-the-loop workflows at repository and system scale. Finally, it notes adopƟon risks, prompt 
sensiƟvity, non-determinism, and unclear governance boundaries, which moƟvate GreenCode’s 
closed-loop approach (measure >  opƟmise > validate) with stability checks and sustainability-aware 
benchmarks. 

LimitaƟon / Gap DescripƟon Example / ImplicaƟon ApplicaƟon to GreenCode 

Limited understanding 
of energy from code 
alone 

Current AI models infer 
behaviour from syntax and 
paƩerns, not actual runƟme 
energy consumpƟon. 

Code that appears efficient 
may behave inefficiently 
due to runƟme, I/O, or 
hardware effects. 

GreenCode must couple AI 
suggesƟons with empirical 
measurement and 
validaƟon. 

Weak generalisaƟon 
across environments 

AI-generated opƟmisaƟons 
may not transfer across 
hardware, OS, runƟmes, or 
workloads. 

An opƟmisaƟon valid in 
cloud CI may regress 
energy usage in 
producƟon. 

GreenCode should validate 
opƟmisaƟons across 
representaƟve execuƟon 
contexts. 

Sparse energy-labelled 
training data 

Few datasets annotate code 
with reliable energy or carbon 
measurements. 

Models opƟmise for 
proxies (complexity, style) 
rather than true energy. 

GreenCode can help 
generate and curate 
energy-annotated corpora 
through benchmarking. 

EvaluaƟon benchmarks 
focus on correctness, 
not efficiency 

ExisƟng benchmarks 
(HumanEval, MBPP) ignore 
energy and performance. 

AI tools appear successful 
despite producing 
inefficient code. 

GreenCode can contribute 
energy-aware benchmarks 
and evaluaƟon criteria. 

Risk of AI-induced 
technical debt 

AI-generated fixes may 
improve one metric while 
degrading maintainability, 
readability, or correctness. 

Automated refactoring 
introduces subtle 
regressions. 

GreenCode should include 
human-in-the-loop review 
and regression tesƟng. 
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Limited explainability of 
AI decisions 

Many AI tools cannot jusƟfy 
why a change improves 
efficiency. 

Developers mistrust or 
blindly accept AI 
recommendaƟons. 

GreenCode can emphasise 
explainable rouƟng, 
paƩern aƩribuƟon, and 
traceability. 

Fragility on large, 
heterogeneous legacy 
systems 

AI tools perform well on 
isolated snippets but struggle 
at repository or system scale. 

Legacy COBOL or polyglot 
systems remain parƟally 
opƟmised. 

GreenCode should focus 
on system-level workflows, 
not isolated code 
generaƟon. 

Over-reliance on staƟc 
opƟmisaƟon 

AI suggesƟons are oŌen 
applied staƟcally without 
runƟme feedback. 

OpƟmisaƟons may be 
invalid under real 
workloads. 

GreenCode can close the 
loop between AI, runƟme 
profiling, and re-
opƟmisaƟon. 

Unclear responsibility 
boundaries 

It is unclear when AI should 
act autonomously versus 
assisƟvely. 

Fully automated fixes may 
be unsafe in regulated or 
safety-criƟcal systems. 

GreenCode can support 
graded autonomy and 
governance-aware 
deployment modes. 

Copilot-driven siloed 
opƟmisaƟon 

Current AI-assisted 
development tools are 
primarily embedded at the 
individual developer or IDE 
level, encouraging isolated, 
localised problem solving. 

Energy or performance 
opƟmisaƟons are applied 
to snippets without 
considering system-wide 
effects or interacƟons. 

GreenCode can promote 
system-level opƟmisaƟon 
by coordinaƟng AI acƟons 
across repositories, 
components, and teams. 

Limited support for 
workflow- and agent-
based opƟmisaƟon 

Most AI tooling focuses on 
single-step code generaƟon or 
refactoring rather than mulƟ-
stage, feedback-driven 
workflows. 

Complex opƟmisaƟon tasks 
requiring profiling, 
refactoring, validaƟon, and 
iteraƟon remain largely 
manual. 

GreenCode can orchestrate 
agenƟc workflows that 
combine analysis, 
opƟmisaƟon, and 
validaƟon loops. 

Language and 
ecosystem bias in AI 
code research 

The majority of AI-assisted 
code efficiency research 
focuses on Python, with 
limited coverage of other 
widely used languages. 

Findings may not 
generalise to enterprise 
systems wriƩen in COBOL, 
Java, C/C++, or mixed-
language stacks. 

GreenCode can target 
underrepresented 
languages and 
heterogeneous legacy 
codebases. 

UnderrepresentaƟon of 
small and energy-
efficient models 

Research and tooling 
disproporƟonately focus on 
large language models, 
despite their high energy cost. 

PotenƟal gains from small 
models, task-specific 
models, or MoE 
architectures remain 
underexplored. 

GreenCode can prioriƟse 
small, specialised models 
aligned with energy 
efficiency goals. 

Prompt-level energy 
sensiƟvity in pracƟce 

Prompt tweaks can flip energy 
outcomes, even when code 
changes appear equivalent. 

“Green prompƟng” can be 
unreliable across 
models/hardware. 

Formalise prompt paƩerns 
+ validate with 
measurement-in-the-loop. 

Inconsistent 
opƟmisaƟon outcomes 
in producƟon workflows 

AI-assisted “opƟmisaƟon” can 
be non-determinisƟc across 
runs and contexts. 

Teams struggle to 
operaƟonalise and govern 
AI refactoring at scale. 

Add stability checks, 
confidence scoring, and 
rollback mechanisms. 

 

Many commercial code-assistance plaƞorms prioriƟse IDE or near-real-Ɵme feedback (e.g., staƟc 
analysis and AI suggesƟons surfaced during development). While valuable for developer experience, 
conƟnuously invoking heavyweight analysis or LLM inference at edit Ɵme can be operaƟonally costly 
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and difficult to govern at scale. A clear opportunity is to shiŌ a significant porƟon of sustainability- 
and efficiency-oriented analysis to batch and review-Ɵme workflows (e.g., pull request, nightly, or 
release-candidate gates), where inference can be amorƟsed across changes, measurement 
boundaries and baselines can be applied consistently, and proposed fixes can be validated with 
regression checks before expert review and acceptance. This mode also generalises naturally to 
legacy estates, enabling large-scale modernisaƟon and opƟmisaƟon programmes with a human-in-
the-loop retained for oversight and accountability. 

More broadly, most AI-for-SE soluƟons remain concentrated on QA and security outcomes. These are 
essenƟal, but sustainability and energy efficiency are under-served and are likely to become a more 
explicit dimension of technical debt and governance. Over Ɵme, “debt” discussions are expected to 
expand beyond tradiƟonal categories (quality, test, documentaƟon, architecture) to include 
sustainability-facing concerns such as energy/efficiency debt and green compliance debt, parƟcularly 
as measurement and reporƟng requirements mature and opƟmisaƟon becomes easier to 
operaƟonalise. 

 

Non-PrioriƟes 
Some direcƟons, such as aƩempƟng to build a general-purpose replacement for IDE copilots, 
pursuing “perfect” energy predicƟon from staƟc code in the absence of measurement, or compeƟng 
with large commercial QA/security plaƞorms on breadth, would dilute effort without resolving the 
core barriers to sustainability opƟmisaƟon, as such GreenCode will not focus on these.  

The non-prioriƟes table below clarifies the acƟviƟes and problem framings that are out of scope, so 
that the project concentrates on workflow-integrated, measurement-in-the-loop opƟmisaƟon with 
repeatable validaƟon and governance-ready evidence. 

Area Reason to De-prioriƟse ImplicaƟon 

Generic IDE refactoring 
(readability, naming, 
formaƫng) 

These are already well-covered by 
mainstream IDEs (IntelliJ, VS Code, 
Eclipse) and open-source tools 
(Preƫer, ESLint, ReSharper). 

CompeƟng here would duplicate exisƟng 
funcƟonality without adding sustainability 
value. 

Pure correctness / funcƟonal 
tesƟng with LLMs 

The field is crowded with hundreds 
of papers and tools (unit test 
generaƟon, fuzzing, mutaƟon 
tesƟng). The sustainability link is 
weak. 

Limited differenƟaƟon; GreenCode should 
instead focus on energy-aware tesƟng. 

General-purpose AI code 
assistants (like 
Copilot/CodeWhisperer 
clones) 

Big players (MicrosoŌ, Amazon, 
Google) dominate this market with 
rapid model improvements. 

Building a compeƟng assistant would be 
resource-heavy and low-impact; instead 
GreenCode should layer sustainability 
intelligence on top of these assistants if 
addressing them at all. 

Obsolete small language 
models 

Some SLMs reviewed in research 
(Durán et al. 2024) are already 
outdated and not pracƟcal for 
deployment. 

Effort spent opƟmising obsolete models 
would not provide lasƟng advantage. 
Focus should be on efficient, modern SLMs 
tuned for energy-aware tasks. 
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Snapshot-only benchmarking 
of correctness 

Benchmarks like HumanEval, MBPP, 
CodeXGLUE already cover 
correctness; repeaƟng this adds 
liƩle. 

GreenCode should focus on benchmarks 
for energy/performance, not correctness 
alone. 

Security-only tooling Tools like Snyk, Veracode, and 
GitHub Dependabot already provide 
mature soluƟons. 

Security is important, but GreenCode’s 
differenƟaƟon lies in sustainability, not 
duplicaƟng mature security workflows. 

Highly speculaƟve one-shot AI 
app generaƟon 

The report itself notes “mixed 
results” and high technical debt risk 
from one-shot app generaƟon. 

Chasing “full AI app generators” is risky 
and distracts from the sustainability angle 
where GreenCode has unique value. 

Training complex MoE models 
from scratch 

Training MoE requires massive 
compute resources, complex 
distributed setups, and careful 
balancing to avoid expert collapse. 
This is outside GreenCode’s likely 
resource scope. 

GreenCode risks over-invesƟng in 
infrastructure-heavy R&D instead of 
delivering applied sustainability tools. 
Focus should be on leveraging pre-trained 
MoEs or small/efficient models. 

Low-level MoE training 
research (e.g., expert collapse, 
rouƟng stabilisaƟon) 

Research-heavy topics like 
hierarchical rouƟng stability, 
collapse prevenƟon, and 
convergence tuning are well-
covered by academia and big labs 
(DeepMind, OpenAI, Google). 

CompeƟng here offers liƩle differenƟaƟon; 
GreenCode should consume these 
advances rather than replicate them. 

Hardware-level MoE 
opƟmisaƟon frameworks 

System-level work on load 
balancing, distributed inference, 
and GPU-level opƟmisaƟons is more 
relevant to cloud providers and chip 
vendors. 

GreenCode should focus instead on 
soŌware-level applicaƟons of MoE 
(energy-aware code opƟmisaƟon), not 
hardware R&D. 

Generic code generaƟon 
benchmarks (e.g., correctness-
only benchmarks) 

MoEs are already being 
benchmarked extensively for code 
correctness and performance by 
academic consorƟa. 

GreenCode adds liƩle value here — it 
should instead define sustainability-
oriented benchmarks 
(energy/performance metrics). 

Security- or purely funcƟonal 
MoE applicaƟons 

Using MoE purely for security fixes, 
correctness, or bug detecƟon is 
already well addressed by other AI 
tools. 

GreenCode should avoid diluƟng focus and 
instead specialise on energy efficiency + 
maintainability. 

Edge deployment of large 
MoEs 

Deploying large-scale MoEs on 
IoT/mobile is impracƟcal due to 
memory and rouƟng overheads. 

GreenCode should focus on lightweight 
SLMs or disƟlled models for edge/IoT 
sustainability rather than trying to squeeze 
full MoEs onto constrained devices. 

Always-on, real-Ɵme IDE 
inference as primary delivery 
model 

Bulk/review-Ɵme modes reduce 
inference burden and carbon/cost. 

PrioriƟse batch/review-Ɵme analysis + 
human review gates over conƟnuous IDE 
inference. 

 

 

Summary and Future OpportuniƟes  
Recent evidence from ongoing systemaƟc literature reviews further highlights that many of the most 
pracƟcally relevant opportuniƟes for AI-assisted soŌware sustainability remain underexplored. In 
parƟcular, the literature on code modernisaƟon using large language models remains limited, with 
recent reviews idenƟfying only a small number of relevant studies, the majority of which focus on 
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code translaƟon rather than on deployment strategies, architectural restructuring, or long-term 
maintainability. This gap is especially significant for legacy and large-scale enterprise systems, where 
sustainability gains are more likely to arise from coordinated, bulk analysis and modernisaƟon of 
enƟre codebases rather than from isolated code generaƟon tasks. 

At the same Ɵme, the increasing use of copilot-style tools has led to highly siloed, developer-centric 
opƟmisaƟon pracƟces, creaƟng new forms of AI-induced technical debt at team and organisaƟonal 
level. Emerging research indicates that iteraƟve, workflow-based and agenƟc approaches—
combining steps such as code translaƟon, unit test generaƟon, error correcƟon, and control-flow or 
call-graph analysis—are oŌen more effecƟve than single-pass generaƟon. However, such approaches 
are not yet widely supported by current tooling. Similarly, while small and specialised language 
models show promise for energy-efficient soŌware engineering, exisƟng benchmarks largely focus on 
funcƟonal correctness and performance, with limited consideraƟon of energy consumpƟon, and 
prior energy studies are oŌen based on now-obsolete models. These gaps point toward the need for 
integrated, workflow-oriented AI systems capable of operaƟng at repository and system scale, rather 
than at the level of individual code snippets. 
 

OpportuniƟes 
The limitaƟons idenƟfied in this secƟon also reveal a set of high-leverage opportuniƟes where 
GreenCode can materially advance the SotA. In parƟcular, there is clear value in moving from 
“suggesƟons” to closed-loop opƟmisaƟon: coupling AI-generated refactors and configuraƟon 
changes with instrumented measurement, confidence grading, and regression validaƟon for 
correctness, performance, security, and sustainability outcomes.  

AddiƟonal opportuniƟes include building sustainability-aware benchmarks and datasets, developing 
batch/review-Ɵme opƟmisaƟon workflows that scale to legacy estates, and creaƟng reusable 
opƟmisaƟon paƩerns and guardrails that can be applied consistently across languages and domains.  

The opportuniƟes table below summarises these direcƟons and how they translate into acƟonable 
project focus areas. 

Future Opportunity DescripƟon Example / ImplicaƟon ApplicaƟon to GreenCode 

Workflow- and agent-
based opƟmisaƟon 
pipelines 

ShiŌ from single-pass code 
generaƟon to mulƟ-stage, 
feedback-driven opƟmisaƟon 
workflows. 

Combine profiling, 
refactoring, tesƟng, and 
validaƟon iteraƟvely. 

GreenCode can orchestrate 
agenƟc workflows spanning 
analysis, opƟmisaƟon, and 
validaƟon. 

Automated 
applicaƟon of 
sustainability fixes 

Apply energy and efficiency 
improvements using the same 
automaƟon paradigms as code 
quality and security fixes. 

Sustainability fixes 
become part of standard 
remediaƟon pipelines. 

GreenCode can auto-apply 
validated energy 
opƟmisaƟons with human 
oversight. 

Bulk analysis and 
modernisaƟon of 
legacy codebases 

Enable repository- and system-
scale opƟmisaƟon rather than 
snippet-level changes. 

Legacy systems gain 
efficiency without full 
replaƞorming. 

GreenCode can perform bulk 
modernisaƟon across large, 
heterogeneous codebases. 
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ReconciliaƟon of AI-
generated code at 
team scale 

Detect and raƟonalise 
inconsistencies and 
inefficiencies introduced by 
siloed copilot usage. 

Pay down AI-induced 
technical debt across 
teams. 

GreenCode can analyse and 
harmonise AI-generated 
code across repositories. 

Energy-aware code 
maintenance and 
refactoring 

Extend AI opƟmisaƟon beyond 
generaƟon to long-term 
maintenance acƟviƟes. 

Refactoring decisions 
consider energy and 
performance trade-offs. 

GreenCode can prioriƟse 
energy-efficient 
maintenance acƟons. 

Repository-level 
documentaƟon and 
system understanding 

Generate documentaƟon at 
repository or system level 
rather than isolated snippets. 

Improves maintainability 
and supports sustainability 
decisions. 

GreenCode can produce 
energy-aware system 
documentaƟon. 

AI-assisted 
sustainable coding 

Embed sustainability heurisƟcs 
in AI-assisted code generaƟon. 

LLM suggests efficient 
libraries/structures by 
default. 

Curate prompt libraries + 
adapƟve models; expose via 
MCP/workflows. 
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Sustainable and Green AI  
ContribuƟng Partner(s): TWT, FH Aachen, Digital TacƟcs 

Background 
The rapid expansion of AI, parƟcularly deep learning and LLMs, has made AI workloads a significant 
contributor to compuƟng-related energy demand. “Green AI” refers to processes aimed at reducing 
the energy consumpƟon and carbon footprint of AI across its lifecycle, from model development 
(training and tuning), deployment (inference), to supporƟng pipelines (data processing, evaluaƟon, 
monitoring). In contrast to “Green IT” which focuses on infrastructure efficiency alone, Green AI 
represents a Ɵght coupling between model behaviour and operaƟonal energy consumpƟon: model 
architecture, parameter count, token throughput, batch size, hardware choice 
(CPU/GPU/accelerator), and deployment topology, all of which can substanƟally alter the  energy 
usage per unit of useful work. 

A key challenge for soŌware sustainability is that AI workloads create new opƟmisaƟon surfaces that 
do not exist (or are less dominant) in tradiƟonal soŌware systems. For example, prompt-level 
strategies can change token counts and latency, while architectural techniques such as quanƟsaƟon, 
pruning, and mixture-of-experts (MoE) alter compute intensity and memory access paƩerns.  

Sustainable and Green AI requires an integrated view: measurement and reporƟng, benchmarking 
and comparability, model-level efficiency, system-level efficiency, and operaƟonal strategies (e.g., 
carbon-aware scheduling).  

GreenCode aims to make best use of automated agenƟc AI processes, to opƟmise the energy 
consumpƟon of soŌware. To ensure it has a net benefit it must therefore use AI processes effecƟvely 
and sustainably. As a result driving the development and use of Green AI is a significant internal 
consideraƟon for the project as well as being a topic that can benefit all partners in their future work 
with AI systems. 

 

Current State of the Art  

AI/ML measurement, carbon tracking, and reporƟng 
A growing ecosystem of academic and industrial tools supports training-Ɵme and inference-Ɵme 
footprinƟng for AI/ML pipelines. Commonly cited examples include Carbontracker133, CodeCarbon, 
and the Experiment Impact Tracker 134, which integrate into Python-based workflows and can be 
used to esƟmate energy and carbon emissions for training runs and experiments. 

An important state-of-the-art shiŌ is from “reporƟng aŌer the fact” toward operaƟonal energy 
observability. Tools and approaches increasingly expose energy/CO2e signals as Ɵme-series metrics 
that can be consumed in standard monitoring stacks (dashboards, alerƟng, tracing), enabling teams 
to detect regressions and Ɵe AI workload changes to operaƟonal outcomes. In cloud-naƟve 
environments this is reflected in container- and pod-level aƩribuƟon approaches (e.g., Kubernetes-
focused exporters), while host/process tooling conƟnues to be used for calibraƟon and deeper 
invesƟgaƟon. This trend maƩers because it aligns sustainability telemetry with the way producƟon 
teams already manage reliability, performance, and cost. 
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However, AI measurement spans mulƟple “layers” (framework, process/container, infrastructure, and 
grid carbon factors). For this reason, Green AI tooling increasingly combines: 

 Energy esƟmaƟon or measurement (device/process/container aƩribuƟon where possible), 
and 

 Carbon esƟmaƟon, usually by combining energy esƟmates with regional carbon-intensity 
signals. 

Rather than repeaƟng the energy tooling landscape here, we focus on what is disƟnct about Green 
AI: measurement boundaries vary across framework, process/container, infrastructure, and grid 
carbon factors, and “energy per run” are only comparable when hardware, batch size, and workload 
descriptors (e.g., token length and throughput) are reported consistently. Detailed coverage of 
measurement methods, calibraƟon, cloud limitaƟons, and tool capabiliƟes (including RAPL-based 
approaches and container-level profilers) is provided in the Energy Measurement, Metrics and 
AƩribuƟon secƟon.  
 

Benchmarks and comparability for Green AI 
Recent efforts to establish reproducible baselines for energy-aware AI and compuƟng have emerged 
from the AI research community. While MLPerf has historically emphasised performance 
benchmarks for training and inference(AI workload efficiency, not soŌware-engineering task 
benchmarks), newer iniƟaƟves extend benchmarking approaches to include energy and carbon 
impacts, and to treat energy as a first-class metric. Helmholtz AI’s135 sustainable AI benchmarking 
work is posiƟoned around measuring both accuracy and energy consumpƟon across model 
architectures and hardware plaƞorms, emphasising transparency in reporƟng and fair comparison of 
opƟmisaƟon strategies, parƟcularly relevant for energy-aware AI workloads. 

In pracƟce, the hardest comparability problem is not selecƟng a metric but controlling the 
experimental descripƟon. For LLM-style workloads, small changes in prompt length, generaƟon 
parameters, batching, caching, or concurrency can significantly change throughput and energy per 
unit of work. As a result, “green” benchmarking is increasingly framed as a protocol: a reproducible 
workload definiƟon plus hardware and serving configuraƟon disclosure, with enough detail to 
support re-runs and regression tesƟng over Ɵme. 

Despite this momentum, comparability remains uneven in everyday AI evaluaƟon pracƟce. For 
example, some model assessments report efficiency primarily in terms of inference Ɵme and VRAM 
consumpƟon, explicitly not measuring energy. This creates a gap between “performance-centric” 
evaluaƟon and “energy/carbon-aware” evaluaƟon, and limits the ability to validate claims about 
sustainability improvements. 

For GreenCode, this implies the need for a consistent evaluaƟon protocol for AI-based tools, ideally 
including: 

 workload definiƟon (task type, dataset, prompt lengths / token budgets), 

 hardware configuraƟon (device, accelerator type, power limits), 
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 throughput/latency metrics (tokens/s, requests/s), 

 and at least one sustainability metric (energy per inference/run, energy per token, carbon 
per run). 

Model-level efficiency techniques 
Model-level Green AI research focuses on reducing the compute and memory footprint needed to 
reach a given level of task quality. Techniques widely referenced include quanƟsaƟon, pruning, and 
architectural choices such as mixture-of-experts (MoE), which acƟvates only a subset of model 
components per inference (as discussed in the AI tooling for Code OpƟmisaƟon secƟon of this  
review). 

In parallel, there is renewed interest in smaller and more specialised models (including small 
language models) for specific soŌware engineering tasks such as code change summarisaƟon, 
classificaƟon, and refinement, oŌen supported by benchmarks that span mulƟple programming 
languages. However, there is sƟll inconsistent inclusion of energy measurement in these studies, and 
at least one noted analysis of small language model energy consumpƟon is now obsolete due to 
rapid model turnover. 

A further pracƟcal direcƟon is “small-first” model selecƟon and rouƟng: using smaller or specialised 
models for rouƟne tasks (classificaƟon, summarisaƟon, extracƟon, lint-like checks) and reserving 
larger models for genuinely hard cases. This aligns with the broader move toward modular pipelines 
and agenƟc workflows, where different steps can be assigned different model classes and energy 
budgets. For GreenCode this is parƟcularly relevant because the opƟmisaƟon pipeline itself must 
demonstrate net benefit, so model choice becomes part of the sustainability design space. 

 

System-level efficiency techniques for training and inference 
System-level techniques focus on improving the efficiency of execuƟng a fixed model under realisƟc 
deployment constraints. In producƟon, energy consumpƟon is strongly influenced by uƟlisaƟon, 
scheduling, and distribuƟon decisions (e.g., batching, load balancing, or placement decisions in a 
cluster).  

State-of-the-art system-level pracƟce therefore concentrates on improving uƟlisaƟon and reducing 
wasted work in serving: batching and request shaping to improve accelerator uƟlisaƟon, careful 
placement and load balancing in clusters, and serving configuraƟons that minimise unnecessary 
token generaƟon. These levers are oŌen more deployable than architectural model changes because 
they can be applied to a fixed model and iterated rapidly, but they also increase the importance of 
measurement boundaries and repeatable baselines when claiming sustainability gains. 

This system-level perspecƟve aligns with a broader measurement reality: different measurement 
tools expose different parts of the stack (CPU counters, GPU telemetry, container-level esƟmates, 
Windows process aƩribuƟon), and cloud environments oŌen restrict access to the lowest-level 
counters, leading to reliance on provider telemetry or esƟmaƟon. This makes it especially important 
to define measurement boundaries when claiming energy improvements from serving strategies. 
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OperaƟonal Green AI and carbon-aware scheduling 
OperaƟonal approaches aim to reduce emissions (not necessarily energy) by shiŌing workloads in 
Ɵme or locaƟon based on carbon-intensity signals. The Carbon Aware SDK is a representaƟve 
approach: it supports carbon-intensity-aware workload scheduling for CI/CD and orchestraƟon 
contexts, complemenƟng direct energy measurement tools. 

OperaƟonal approaches are most compelling when they integrate into exisƟng automaƟon points 
such as CI/CD, batch analyƟcs, and periodic model evaluaƟon/retraining. In these contexts, shiŌing 
workload execuƟon based on carbon-intensity signals can reduce emissions with minimal impact on 
users, provided that SLAs and governance constraints are respected. This reinforces a broader SotA 
direcƟon: sustainability controls are increasingly implemented as policy-driven orchestraƟon 
decisions rather than as one-off manual intervenƟons. 

For industrial seƫngs, even when tacƟcs are known, adopƟon can be limited by perceived trade-offs, 
costs, and resistance, moƟvaƟng stronger tooling support and clearer evidence on benefits. 

 

AI and Machine Learning Workloads and Industrial “Green AI” PracƟce 
The rapid growth of AI has spurred specialized research in energy-aware model design and 
deployment. Beyond prompt-level opƟmizaƟons for large language models86, 87, techniques such as 
quanƟzaƟon, pruning, and mixture-of-experts architectures provide substanƟal energy reducƟons80, 

86. Training and serving workflows increasingly incorporate measurement and profiling (e.g. 
CarbonTracker133, EnergyVis132) and are supported by emerging benchmark suites such as MLPerf-
Energy136  and domain iniƟaƟves such as Helmholtz AI135, which together help establish more 
comparable efficiency baselines across training and inference tasks. 

In industrial contexts, Green AI137 is increasingly framed as a system and operaƟons problem rather 
than a purely model-level choice. Tedla et al. (2024)138 introduced EcoMLS, a self-adapƟve 
architectural approach for designing energy-efficient ML-enabled systems that dynamically adjusts 
resource allocaƟon and model complexity at runƟme based on workload and energy constraints, 
reducing power consumpƟon without compromising accuracy. De MarƟno et al. (2025)139 examined 
green architectural tacƟcs across 168 ML-enabled projects and found that pracƟces such as 
opƟmised libraries and memory-efficient designs are already common due to their integraƟon into 
popular ML frameworks, while explicitly energy-saving tacƟcs remain rare. Reported barriers include 
organisaƟonal resistance, perceived performance trade-offs, and addiƟonal costs, reinforcing the 
need for educaƟon, incenƟves, and tooling that makes energy outcomes measurable, repeatable, 
and safe to adopt at scale. 

 

LimitaƟons and Gaps 
The main barriers to making “Green AI” repeatable and governance-ready in pracƟce are described 
in the table below. It highlights inconsistent measurement boundaries and metrics, limited 
comparability across tools and deployment contexts (especially in cloud environments), and strong 
context dependence of opƟmisaƟon outcomes and trade-offs (quality, latency, cost, energy). It also 
captures ecosystem challenges such as rapid model turnover and limited lifecycle transparency, 
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reinforcing the need for closed-loop “measure > opƟmise > validate” pracƟces with clear confidence 
bounds. 

LimitaƟon / Gap DescripƟon Why it maƩers ImplicaƟon for GreenCode 

Energy not treated 
as a first-class 
evaluaƟon metric 

Many AI evaluaƟons sƟll report 
latency/throughput and 
memory (e.g., VRAM) but omit 
direct energy measurement or 
consistent energy esƟmates. 

Sustainability improvements 
cannot be validated or 
compared reliably; efficiency 
claims remain ambiguous. 

Define a GreenCode 
evaluaƟon protocol that 
reports energy-per-run / 
energy-per-token alongside 
accuracy, latency, and cost. 

Fragmented tooling 
and inconsistent 
measurement 
boundaries 

AI energy/carbon tools operate 
at different layers (framework, 
process, container, cluster) and 
use different assumpƟons 
(device scope, idle allocaƟon, 
etc.). 

Results are not comparable 
across teams/environments; 
“same model” can produce 
different footprint claims. 

Provide a unifying 
adapter/reporƟng layer that 
standardises boundaries 
and metadata (hardware, 
batch size, token length, 
uƟlisaƟon). 

Limited fidelity in 
managed/cloud 
environments 

Access to low-level counters 
(CPU/GPU) may be restricted; 
users rely on coarse telemetry 
or esƟmaƟon. 

Undermines reproducibility 
and weakens aƩribuƟon to 
model vs infrastructure 
effects. 

Support “best available” 
measurement modes with 
explicit confidence levels 
and cloud-specific 
integraƟon paƩerns. 

OpƟmisaƟon 
outcomes are 
context-dependent 

Techniques (prompt strategies, 
batching, rouƟng, quanƟsaƟon) 
can reduce or increase energy 
depending on workload, model, 
and serving stack. 

Best pracƟces don’t transfer 
cleanly; risk of regressions 
and unintended energy 
increases. 

Build closed-loop measure 
→ opƟmise → validate 
workflows and energy 
regression tests in 
representaƟve condiƟons. 

Trade-offs across 
quality, latency, 
cost, and energy 

Lower-energy configuraƟons 
can degrade quality or increase 
latency; the “best” point 
depends on use-case 
constraints. 

Single-objecƟve opƟmisaƟon 
is misleading; adopƟon fails 
without explicit trade-off 
handling. 

Implement mulƟ-objecƟve 
scoring and policy-based 
selecƟon (e.g., minimum 
quality threshold + energy 
minimisaƟon). 

Rapid model 
turnover makes 
findings stale 

Model releases evolve quickly; 
older efficiency results may not 
generalise to current model 
families. 

Evidence bases decay fast; 
pracƟƟoners rely on 
outdated conclusions. 

Treat evaluaƟons as 
conƟnuously updated 
assets; automate re-
benchmarking and 
versioned reporƟng. 

Lifecycle opacity 
beyond operaƟonal 
energy 

Training, data pipelines, and 
embodied impacts are hard to 
measure consistently and oŌen 
omiƩed. 

OpƟmising inference ignores 
large upstream footprints. 

Support lifecycle reporƟng 
modes + “known 
unknowns” disclosure. 

High energy cost of 
large AI models 

Training and deploying LLMs 
can consume significant energy, 
potenƟally outweighing code 
efficiency gains. 

Using large LLMs for minor 
opƟmisaƟons may yield net-
negaƟve sustainability 
outcomes. 

GreenCode should prioriƟse 
energy-efficient models and 
quanƟfy net impact of AI-
assisted opƟmisaƟon. 

Inconsistent LLM 
prompƟng results 

PrompƟng suggesƟng energy-
aware development can 

Developers lack reliable 
methods to generate 

GreenCode can test, refine, 
and formalise prompƟng 
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someƟmes reduce, but also 
increase, energy consumpƟon. 

efficient code with AI 
assistance. 

strategies for energy-aware 
code generaƟon. 

Context 
dependence 
prompt 
opƟmisaƟon 

Energy savings from LLM 
prompƟng and ML system 
tacƟcs vary by task, model, and 
hardware. 

Some prompt modificaƟons 
reduce energy use, others 
increase it. 

GreenCode can benchmark 
across mulƟple contexts to 
provide reliable guidance. 

Inconsistent AI 
opƟmisaƟon 
outcomes 

PrompƟng or green tacƟcs for 
LLMs/ML can reduce or 
increase energy use depending 
on workload. 

Hard to rely on AI-assisted 
opƟmisaƟon in producƟon. 

GreenCode can test and 
formalise prompƟng 
heurisƟcs across contexts. 

 

 

 

Non-prioriƟes 
The non-prioriƟes table below clarifies what GreenCode will not aƩempt to solve in the Green AI 
workstream in order to remain focused on pracƟcal, measurable impact. It excludes acƟviƟes that 
would require universal or “perfect” accounƟng across all models and infrastructures, or that 
duplicate large-scale plaƞorm engineering in hyperscaler stacks, and instead keeps aƩenƟon on 
intervenƟons that can be evidenced, compared, and governed within defined measurement 
boundaries. 

Area Reason to De-prioriƟse ImplicaƟon 
New AI hardware / chip-
level opƟmisaƟon 

Requires specialist hardware engineering 
(accelerators, firmware, drivers) and long 
development cycles; outside a soŌware 
engineering–led sustainability scope. 

GreenCode should focus on soŌware and 
system levers (model choice, serving 
efficiency, measurement, governance) 
rather than aƩempƟng hardware 
innovaƟon. 

CreaƟng new global Green 
AI standards 

Standards/benchmarks are already 
emerging; creaƟng a new one risks 
duplicaƟon and slow uptake. 

Align with exisƟng standards and 
benchmarking efforts; contribute 
GreenCode protocols that map cleanly to 
them instead of invenƟng new ones. 

Standalone “Green AI 
plaƞorm” disconnected 
from soŌware engineering 
outcomes 

Siloed footprint dashboards oŌen do not 
change engineering behaviour unless 
integrated into SDLC/CI and decision 
workflows. 

PrioriƟse integraƟon into CI/CD, 
evaluaƟon pipelines, and developer 
tooling so Green AI metrics directly drive 
acƟonable changes. 

Carbon-aware scheduling 
without energy visibility 

Carbon-intensity shiŌing can reduce 
emissions while masking absolute energy 
increases or performance/cost regressions. 

Combine carbon-aware workload shiŌing 
with energy-per-work metrics and 
regression checks to avoid “greenwashing 
by scheduling.” 

“Maximum efficiency at any 
cost” opƟmisaƟon 

Aggressive energy reducƟon can 
undermine quality, latency, reliability, 
security, or maintainability—blocking 
industrial adopƟon. 

Use policy-based, constraint-driven 
opƟmisaƟon (e.g., minimum quality 
thresholds and latency/cost limits) with 
transparent evidence for 
recommendaƟons. 

Full lifecycle / embodied 
carbon accounƟng as a 
primary deliverable 

Embodied carbon and supply-chain 
impacts are important but are data-
intensive and methodologically complex, 

Treat embodied impacts as contextual 
consideraƟons; prioriƟse operaƟonal 
energy/carbon reducƟons and repeatable 
measurement first. 
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oŌen requiring external datasets and 
specialist LCA experƟse. 

Training fronƟer/foundaƟon 
models from scratch 

Extremely compute intensive; distracts 
from GreenCode’s measurable 
soŌware/system levers. 

Focus on evaluaƟon/opƟmisaƟon of 
exisƟng models and pracƟcal deployment 
paƩerns. 

 

 

Summary and Future OpportuniƟes 
The current state of Green AI shows strong progress in tooling and methods, but also clear gaps in 
comparability, operaƟonal integraƟon, and industrial validaƟon. GreenCode can contribute by 
treaƟng sustainability metrics as first-class across the AI toolchain: (i) measurement and reporƟng for 
AI workflows, (ii) benchmark protocols that enable fair evaluaƟon of opƟmisaƟon claims, and (iii) 
validated opƟmisaƟon levers spanning model choice (small/specialised vs large), architecture (e.g., 
MoE), and deployment strategies (load balancing, scheduling). 

A disƟncƟve opportunity is to operaƟonalise Green AI as a closed loop: measure >  opƟmise > 
validate > regress-test. The report already highlights that many sustainability tools work in silos and 
that energy regression detecƟon is under-integrated in pipelines; GreenCode can unify these 
elements and make “green regression” tesƟng and governance feasible in real industrial contexts. 

 

OpportuniƟes 
GreenCode can advance Green AI in ways that deliver value both internally (reducing the cost and 
footprint of GreenCode’s own analysis and opƟmisaƟon pipeline) and externally (providing reusable 
methods others can adopt). It can focus on making energy/carbon measurement more repeatable 
and comparable, selecƟng and operaƟng models more efficiently (right-sizing, quanƟsaƟon, 
batching, rouƟng), and embedding carbon/energy awareness into day-to-day deployment choices.  

“Closing the loop” is also extremely important with respect to evidence capture and regression 
validaƟon against quality, latency, and cost targets, so that Green AI becomes auditable and scalable, 
within GreenCode and across wider producƟon environments. 

Opportunity DescripƟon Example / implicaƟon ApplicaƟon to 
GreenCode 

Energy-aware 
benchmarking for 
AI code tools 

Extend evaluaƟon 
beyond Ɵme/VRAM to 
include energy/carbon 
metrics for AI-assisted 
soŌware engineering 
tasks 

Current evaluaƟons oŌen omit energy 
measurements 

Build benchmarks that 
report energy-per-
run/token and enable 
fair comparison 

Unified AI 
footprint 
instrumentaƟon 

Consolidate AI 
measurement across 
framework, 

Current tooling is fragmented across 
CodeCarbon/Scaphandre/Kepler/Windows 
tooling 

Provide a unified 
measurement 
“adapter” layer and 
reporƟng format 
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host/process, and 
orchestraƟon layers 

Model rouƟng 
and “small-first” 
opƟmisaƟon 

Prefer small/specialised 
models or sparse (MoE) 
approaches where 
adequate 

Lower AI overhead relaƟve to opƟmisaƟon 
gains 

Add a GreenCode 
policy layer to route 
tasks to the most 
efficient acceptable 
model 

MoE efficiency 
validaƟon 
harness 

Evaluate MoE 
rouƟng/load-balancing 
strategies for energy 
and throughput in 
realisƟc serving stacks 

Reported energy reducƟons depend on 
system-level design 

Integrate MoE energy 
profiling into 
deployment tests and 
validate claims 

Carbon-aware 
scheduling 
integraƟon 

Use carbon-intensity 
signals to shiŌ non-
interacƟve workloads 

Emissions reducƟons via Ɵming/locaƟon 
shiŌs 

Integrate Carbon 
Aware SDK-style 
scheduling hooks into 
CI/CD and batch 
workloads 

Industrial 
adopƟon 
enablement 

Address organisaƟonal 
barriers through 
evidence, governance, 
and low-fricƟon tooling 

Green tacƟcs oŌen under-adopted due to 
perceived trade-offs 

Provide cost–benefit 
evidence, safe 
defaults, and 
governance-aware 
modes 

IntegraƟon of 
green tacƟcs into 
ML frameworks 

Extend sustainability 
features via 
framework/plugin 
ecosystems. 

PyTorch/TensorFlow integraƟons with 
memory-efficient ops. 

Provide 
extensions/plugins for 
popular ML 
frameworks. 
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Sustainable SoŌware Engineering PracƟces and Developer Impacts 
ContribuƟng Partner(s): TWT, FH Aachen, Digital TacƟcs 

Background 
The acceleraƟng expansion of digital systems and transformaƟon means that sustainable soŌware 
engineering is becoming an increasingly important area of research and industrial pracƟce. Poor 
quality and inefficient soŌware leads to many direct and indirect environmental impacts including 
excess energy usage, infrastructure over-provisioning, accelerated generaƟon of electronic waste and 
addiƟonal support and maintenance burdens. The growing prevalence of AI and large-scale cloud 
deployments has further intensified these challenges, as energy-hungry ML models and data centres 
dominate modern compuƟng infrastructures. 

Several organisaƟons have started to address these concerns at a systemic level. The Green SoŌware 
FoundaƟon (GSF), established in 2021, coordinates cross-industry efforts by major technology firms 
to standardise sustainable soŌware pracƟces, offering resources such as design paƩerns and the 
SoŌware Carbon Intensity (SCI) specificaƟon110. Similarly, the SoŌware Sustainability InsƟtute (SSI) 
provides guidance and training aimed at embedding sustainability into soŌware research and 
pracƟce111, while organisaƟons such as the Green Web FoundaƟon advocate for a carbon-aware 
internet infrastructure112.  

These iniƟaƟves reflect a growing recogniƟon of the developer’s role in sustainability, highlighƟng 
that effecƟve soluƟons require not only infrastructure-level opƟmisaƟon but also improved 
awareness and pracƟces at soŌware design and development stages. Unfortunately, their efforts 
being largely socially focussed (standards, educaƟon) are limited by weight of numbers (size of the 
soŌware industry vs. the reach of the educators, the GSF’s own substanƟal membership accounts for 
<1% of the total industry) and addiƟonal tools and methods of engagement and outreach are needed 
to make an impact at scale.  

 

Current State of the Art 
Green IT and Architecture-Level Sustainability PracƟces 
In a pracƟƟoner-focused study, Verdecchia et al. (2021)140 provide guidance for green IT and soŌware 
engineering by idenƟfying a set of technical, social, and organisaƟonal soluƟons to reduce the energy 
footprint.  

Based on interviews and focus groups with stakeholders from data centres and cloud providers, the 
authors categorise soluƟons across three Ɵmeframes: 

 Short-term soluƟons, such as moving to the cloud (despite energy-measurement opacity), 
energy-aware soŌware opƟmisaƟons, and the adopƟon of green energy sources, which are 
readily available.  
 

 Near-term soluƟons that focus on dynamic resource allocaƟon, and workforce development, 
i.e. sustainable skills training.  
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 Long-term soluƟons that explore hardware breakthroughs, including the adopƟon of 
photonic compuƟng141.  

The paper also discusses the potenƟal of green tesƟng methodologies, where, for instance, AI-
assisted tesƟng achieved double digit reducƟons in energy consumpƟon in industrial tesƟng 
environments. 

Other studies have focused on how soŌware architecture and design decisions can support 
sustainability goals in industry. Lago et al. (2020)142, apply the Sustainability-Quality Assessment 
Framework (SAF) to guide architectural design in four industrial case studies, including energy 
provisioning via IoT (FlexIOT)  and data-sharing systems. SAF enables pracƟƟoners to map quality 
aƩributes, such as adaptability, efficiency, and data quality, to sustainability concerns.  

A key insight from these projects is the importance of social sustainability factors which is oŌen 
overlooked in soŌware pracƟces. Moreover, adopƟon challenges remain, parƟcularly the need for 
training in sustainability, lack of quality models, and integraƟon between SAF decisions and 
tradiƟonal architectural designs. 

 

Green Maintenance and Lifecycle Management 
While green tesƟng has received some aƩenƟon100, sustainable soŌware maintenance remains an 
underexplored area of the state of the art. Legacy systems oŌen accumulate inefficiencies over Ɵme 
(“energy technical debt”), where outdated dependencies, redundant code, or unopƟmised libraries 
gradually increase resource usage. Capilla et al. (2022)119 argue that energy consumpƟon should be 
incorporated into technical debt management frameworks, allowing teams to prioriƟse refactoring 
tasks that have both funcƟonal and environmental benefits. Longitudinal studies of industrial 
systems show that periodic refactoring to adopt energy-efficient libraries, update compilers, and 
remove dead code can yield measurable energy savings120. However, formal methodologies and 
tools for measuring and miƟgaƟng “green debt” are sƟll lacking, limiƟng the systemaƟc adopƟon of 
sustainable maintenance pracƟces. 

AI in the SDLC for Sustainability 
In the context of machine learning systems, Trinh et al. (2024)143 conducted a systemaƟc review on 
integraƟng AI within the soŌware development life cycle, emphasising sustainability, parƟcularly 
energy efficiency and electronic waste reducƟon. Their guidelines for designing sustainable soŌware 
have direct implicaƟons for industrial pracƟces, especially in companies adopƟng AI for automated 
tesƟng and requirements engineering. 

Recent advances in prompƟng techniques for LLMs highlight opportuniƟes for energy-aware code 
generaƟon102. However, results remain inconsistent, with some energy savings offset by increases in 
other scenarios. To move beyond these limitaƟons, research is shiŌing towards embedding 
sustainability heurisƟcs within development environments. Prototypes are emerging that provide 
real-Ɵme recommendaƟons for energy-efficient data structures, library funcƟons, or loop designs. By 
analogy with security linters, such systems could guide developers in producing code that balances 
maintainability, performance, and energy consumpƟon. This represents a promising direcƟon for 
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bridging the skills gap, reducing reliance on ad-hoc prompƟng strategies, and normalising 
sustainability as a measurable aspect of code quality. 

 

Prompt OpƟmisaƟon for Coding LLM’s 
In the context of large language models (LLMs), Cappendijik et al. (2025)144 proposed a framework 
for profiling and opƟmising LLM behaviour during code generaƟon, enabling developers to balance 
accuracy and energy consumpƟon in producƟon environments.  

Five LLMs were tested on three Python problems from LeetCode and prompts were modified to 
request energy-opƟmised soluƟons, encourage library funcƟon use, or prefer for-loops over while-
loops.  

Their results show that prompt modificaƟons someƟmes reduce energy use, with the for-loop 
prompt showing the most frequent improvements. However, effects were inconsistent, and in some 
cases energy consumpƟon increased significantly. The study concludes that prompƟng can influence 
energy efficiency but is highly context-dependent, requiring further research across more models, 
languages, and hardware. 

 

Energy-Aware Coding PracƟces and Developer Tooling 
In a report on the potenƟal of green coding, Junger et al. (2024)145 provide a review of green 
soŌware engineering pracƟces and tools, explicitly addressing their use in industrial seƫngs. The 
authors idenƟfy a few industrial case studies, such as analysis of personal health record soŌware, 
which measured energy consumpƟon and proposed opƟmisaƟon strategies. They also emphasise the 
skills gap among IT professionals in applying sustainable soŌware engineering methods, findings that 
are also shared by Heldal et al. (2024)146  and Lammert et al. (2023)147.  

The report highlights a range of industry-developed tools acƟvely used to monitor and opƟmise 
energy consumpƟon, including Green Metrics Tool, CodeCarbon, Scaphandre, and Kepler. While 
these tools exist the ecosystem remains fragmented as they are designed for discrete contexts such 
as ML training or container-level monitoring97. Unlike security or observability domains, where 
consolidated stacks and standards have emerged, there is no widely accepted “green developer 
toolkit.”  

This fragmentaƟon makes adopƟon challenging, as teams must first be educated and then sƟtch 
together disparate tools and reconcile inconsistent metrics. Industrial case studies to build upon are 
limited and standardisaƟon efforts such as the Green SoŌware FoundaƟon’s SCI specificaƟon110 
(while important) require stronger integraƟon into mainstream development toolchains (e.g., IDEs, 
CI/CD systems, cloud observability plaƞorms) to achieve widespread impact. 

 

Developer Skills, Training, and Workflow Enablement 

A consistent limitaƟon across the literature is the insufficient integraƟon of sustainability 
competencies into soŌware engineering educaƟon and professional training. While frameworks exist 
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to guide sustainability skills, such as those proposed by Heldal et al. (2024)98, current industry 
pracƟce oŌen leaves responsibility for opƟmisaƟon to infrastructure teams rather than embedding it 
within daily development tasks. The SoŌware Engineering Body of Knowledge (SWEBOK), widely 
adopted as a reference for curricula, has yet to incorporate sustainability as a core area of 
competence113. This omission contributes to a lack of awareness among pracƟƟoners about the 
impact of design choices on energy consumpƟon and carbon intensity.  

Closing this skills gap will require updaƟng training programmes, integraƟng sustainability into formal 
engineering standards, and developing IDE-level feedback mechanisms that allow developers to 
anƟcipate if not observe the energy impact of their coding decisions in real Ɵme. 

Technical approaches to energy-aware tesƟng and CI/CD (including examples such as EcoCI and 
pipeline-integrated energy regression detecƟon) are covered in Energy-Aware CompuƟng: Energy-
Aware TesƟng and CI/CD. 

 

Developer-Facing Benchmarks and ValidaƟon PracƟces 
While case studies demonstrate encouraging sustainability improvement results in contexts such as 
IoT and cloud storage107,108, the generalisability of these findings remains limited. SoŌware 
sustainability lacks shared benchmarks and tesƟng suites that provide transparent and repeatable 
comparisons.  

This creates difficulƟes for organisaƟons seeking to measure trade-offs between performance and 
energy use across different architectures or frameworks. Establishing widely recognised benchmarks 
for sustainable soŌware systems would allow companies to demonstrate improvements, jusƟfy 
investments, and align with emerging reporƟng requirements such as CSRD, all of which are currently 
difficult to achieve. 

 

Developer Aƫtudes to Sustainability and Green SoŌware Engineering 
Developer interviews conducted as part of this SotA review indicate that, despite growing acƟvity in 
special interest groups, energy efficiency is not yet a rouƟne driver in day-to-day soŌware 
development; when sustainability benefits occur they are typically incidental, arising from 
performance tuning, good engineering hygiene, and avoiding obvious waste, rather than being 
explicit targets with defined acceptance criteria.  

Developers most oŌen described “sustainable soŌware” in pragmaƟc terms: using fewer resources 
and building systems that are maintainable and long-lived, with broader social dimensions 
menƟoned far less frequently.  

The main barriers are Ɵme pressure and weak incenƟves: opƟmisaƟon is perceived as extra effort, 
customer willingness to pay is unclear, and sustainability work oŌen lacks management sponsorship. 
As a result, pracƟƟoners emphasised that adopƟon depends on low-fricƟon, workflow-naƟve tooling 
that offers clear explanaƟons and quanƟfied impact reporƟng, delivered through familiar 
touchpoints such as IDEs and CI pipelines, and able to scale beyond individual developers to team-
level pracƟce. Aƫtudes to AI are cauƟously posiƟve—developers see value in automaƟon and 
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guidance, but concerns about trust, compliance/IP risk, and whether AI tooling could cost more 
energy than it saves reinforce the need for governance controls and, in many contexts, local/on-prem 
deployment opƟons. 

These interview findings align with wider evidence that adopƟon is constrained by a persistent skills 
and awareness gap.  

Surveys 146, 147 consistently report that most developers lack formal training in energy-aware 
programming, and while industry iniƟaƟves (e.g., the Green SoŌware FoundaƟon’s paƩerns and 
guidance, the SoŌware Sustainability InsƟtute’s training acƟviƟes, and Green Web FoundaƟon 
advocacy) provide important knowledge transfer, uptake remains uneven.  

The gap is amplified by the field’s historic emphasis on performance-first development, with the 
energy–performance trade-off oŌen underexamined in engineering teams, and by tooling 
limitaƟons: although many tools and methods exist, they are frequently tailored to specific research 
contexts and are not always sufficiently scalable, customisable, or seamlessly integrable into exisƟng 
enterprise development workflows. 

 

LimitaƟons and Gaps 
The LimitaƟons and Gaps table below summarises why sustainable soŌware engineering remains 
difficult to adopt consistently in pracƟce, despite a growing body of guidance and tooling. It 
highlights a combined deficit of skills and incenƟves (limited training/awareness), fragmented tooling 
and metrics (hard to integrate into CI/CD and day-to-day workflows), and a lack of repeatable 
industrial validaƟon and benchmarks to jusƟfy investment and compare improvements. It also 
captures longer-horizon challenges that maƩer for GreenCode’s mission, green maintenance/“energy 
debt” in legacy estates, persistent percepƟons of energy–performance trade-offs, organisaƟonal 
resistance, weak SDLC-wide integraƟon (e.g., DefiniƟon-of-Done), and limited mechanisms for green 
regression and post-deploy driŌ control, all poinƟng to the need for evidence-backed, workflow-
integrated approaches. 

 

LimitaƟon/Gap DescripƟon Example/ImplicaƟon ApplicaƟon To GreenCode 

Lack of awareness 
and training 

Many developers lack 
knowledge of 
sustainability principles; 
SWEBOK does not yet 
include sustainability 
competencies. 

Developers unaware of energy 
costs of design choices, leading 
to inefficient defaults. 

Embed sustainability in training 
materials and consider the 
provision of IDE-level feedback 
to developers. 

Tooling 
fragmentaƟon 

Tools such as CodeCarbon, 
Kepler, and Scaphandre 
are not integrated into 
mainstream developer 
workflows. 

Hard for teams to reconcile 
inconsistent metrics or add 
sustainability to CI/CD 
pipelines. 

Develop or integrate a unified 
toolkit into the GreenCode 
plaƞorm. 
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Limited industrial 
validaƟon 

Case studies exist (IoT, 
tourism, cloud storage) 
but results lack 
generalisability across 
domains. 

No widely adopted equivalent 
of MLPerf for soŌware 
sustainability benchmarks. 

GreenCode can serve as an 
industrial testbed and 
contribute benchmark data. 

Lack of green 
maintenance 
strategies 

Energy technical debt 
accumulates over Ɵme in 
legacy systems. 

Inefficient libraries and 
dependencies persist long aŌer 
iniƟal design. 

PosiƟon GreenCode as a 
framework to assess and 
manage “green debt” over Ɵme. 

Performance trade-
offs 

Developers and 
organisaƟons oŌen 
perceive energy efficiency 
as conflicƟng with 
performance. 

Teams may avoid energy-saving 
tacƟcs due to fear of latency or 
throughput degradaƟon. 

GreenCode can provide 
evidence and metrics to 
demonstrate “win-win” cases 
where both performance and 
energy improve. 

OrganisaƟonal and 
cultural barriers 

Resistance to change and 
concerns over costs limit 
adopƟon of sustainable 
pracƟces. 

Green architectural tacƟcs are 
rarely applied in ML-enabled 
systems due to perceived 
overheads. 

GreenCode can highlight cost-
benefit analyses and provide 
incenƟves for adopƟon. 

Neglect of social 
sustainability 

Human and organisaƟonal 
sustainability aspects are 
overlooked compared to 
technical factors. 

SAF case studies show 
adaptability and social 
dimensions are oŌen ignored. 

GreenCode could extend its 
framework to include 
awareness of 
social/organisaƟonal impacts 
alongside technical ones. 

SDLC-wide 
sustainability 
integraƟon gaps 

PracƟces oŌen focus on 
runƟme fixes, not end-to-
end SDLC governance. 

Sustainability not present in 
DoD/acceptance criteria; 
upstream choices persist. 

Add lifecycle evidence flows and 
“definiƟon of done” hooks. 

Green regression + 
post-deploy driŌ 
control 

Energy impact can driŌ 
aŌer release due to config, 
traffic, dependencies. 

Efficiency regressions go 
unnoƟced for months. 

Integrate regression monitoring 
+ release gates + rollback 
triggers. 

Lack of lifecycle 
coverage 

Most tools focus on 
runƟme, not full SDLC 
(design → tesƟng → 
maintenance). 

Misses upstream/downstream 
energy costs. 

Extend GreenCode analysis to 
lifecycle metrics and refactoring 
prioriƟsaƟon. 

Green tesƟng 
underdeveloped 

CI/CD pipelines rarely 
include energy profiling or 
regression tesƟng against 
sustainability metrics. 

Energy-efficient design is 
undone by “energy-blind” 
tesƟng and deployment. 

Extend GreenCode to include 
automated green tesƟng 
modules. 

 

 

Non-PrioriƟes 
The Non-prioriƟes table below clarifies what GreenCode will not aƩempt within the sustainable 
soŌware engineering workstream in order to stay focused on acƟonable outcomes. It excludes 
efforts that would require broad cultural transformaƟon without tooling support, aƩempts to create 
universal “one-size-fits-all” sustainability rules across all organisaƟons and workloads, or duplicaƟng 
established compliance frameworks and generic training programmes.  

Instead, GreenCode prioriƟses intervenƟons that can be operaƟonalised and evidenced, embedding 
sustainability signals into normal engineering workflows with measurable, repeatable improvements, 
rather than treaƟng sustainability primarily as a standalone awareness or policy exercise. 
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Area Reason to De-prioriƟse ImplicaƟon 

Highly domain-specific 
opƟmisaƟon or niche 
programming languages 

Narrow impact compared to cross-
domain pracƟces. 

GreenCode should prioriƟse Python, 
C/C++, Java, and Rust before covering 
niche languages. 

Social sustainability dimensions Important, but less directly measurable 
in early technical prototypes. 

GreenCode should acknowledge but 
focus iniƟally on technical 
sustainability metrics. 

OrganisaƟon-wide language 
rewrites as the default lever 

In most organisaƟons language is 
constrained by skills/legacy; full 
rewrites are rarely feasible. 

Provide guidance and targeted 
migraƟon only where jusƟfied 
(hotspots, lifecycle events). 

Pure awareness campaigns 
without workflow/tooling 
integraƟon 

Training alone rarely changes pracƟce 
without “in the flow” tooling/metrics 
and incenƟves. 

PrioriƟse workflow-integrated 
intervenƟons (CI gates, IDE hints, 
dashboards, DoD). 

 

Summary and Future OpportuniƟes 
Sustainable soŌware engineering is increasingly recognised as important, but it is not yet embedded 
as a rouƟne engineering discipline. In pracƟce, sustainability outcomes are oŌen incidental, arising 
from performance work and general “good engineering”, because teams lack clear incenƟves, 
training, comparable metrics, and workflow-integrated tooling to make energy and carbon a first-
class acceptance criterion.  

Progress depends less on new principles and more on operaƟonalisaƟon: consistent measurement 
boundaries, acƟonable guidance surfaced in familiar touchpoints (IDE/CI), and governance-ready 
evidence that supports trade-offs across quality, performance, cost, and sustainability.  

For GreenCode, this reinforces the need to close the loop from measurement to opƟmisaƟon to 
regression validaƟon, enabling organisaƟons to treat “energy/efficiency debt” as a managed part of 
soŌware lifecycle and legacy modernisaƟon rather than an opƟonal aspiraƟon. 
 

OpportuniƟes 
GreenCode can most effecƟvely accelerate adopƟon of sustainable soŌware engineering by 
improving its own opƟmisaƟon workflow and by producing reusable pracƟces for the wider 
ecosystem. Focussing on making sustainability easy to act on: integraƟng measurement and guidance 
into CI/CD and developer tooling, translaƟng principles into concrete refactoring and architectural 
paƩerns, and enabling green regression (detecƟng energy/performance driŌ) alongside funcƟonal 
and security checks are key opportuniƟes. Strengthening the evidence base through shared 
benchmarks, impact reporƟng that supports business trade-offs, and repeatable governance-ready 
artefacts (e.g., confidence grading, audit trails) so sustainability becomes a managed engineering 
outcome rather than an aspiraƟonal guideline would be valuable. 

Opportunity DescripƟon Example/ImplicaƟon ApplicaƟon To GreenCode 

Unified 
sustainability 
toolkit 

IntegraƟng 
measurement, 
opƟmisaƟon, and 

Equivalent to an 
“observability stack” for 
energy efficiency. 

GreenCode can posiƟon itself as this 
consolidated toolkit. 
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reporƟng tools into a 
single framework. 

Green tesƟng in 
CI/CD 

Embedding energy 
profiling into tesƟng 
pipelines. 

Energy regression tests run 
alongside unit tests. 

Add a GreenCode CI/CD plugin. 

IDE-level 
sustainability 
feedback 

Real-Ɵme developer 
guidance on energy 
costs of code paƩerns. 

Similar to linters flagging 
anƟ-paƩerns; IDE highlights 
inefficient loops or data 
structures. 

Surface sustainability signals through 
exisƟng developer touchpoints (e.g., CI 
reports, code review annotaƟons, 
dashboards), with opƟonal IDE 
integraƟon where it demonstrably 
reduces fricƟon and improves 
adopƟon. 

Green 
maintenance 
frameworks 

IncorporaƟng energy 
into technical debt 
management. 

PrioriƟsing refactoring tasks 
with environmental impact. 

Extend GreenCode analysis to track 
“green debt” across versions. 

Developer skills 
and incenƟves 
at scale 

Make sustainability 
“doable” via training + 
nudges + team 
incenƟves, not just 
awareness. 

Moves pracƟce beyond 
voluntary individual effort. 

Bundle playbooks, team-level 
dashboards, and “definiƟon of done” 
hooks. 
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Energy-Aware CompuƟng 
ContribuƟng Partner(s): ISEP, IrRADIRE, Trier University of Applied Sciences, Digital TacƟcs 

Background 
Energy-aware compuƟng has evolved from low-power design in embedded systems and mobile 
devices toward large-scale applicaƟons in datacentres, cloud, and AI workloads. Early approaches 
emphasized hardware-level opƟmizaƟon, such as dynamic voltage and frequency scaling (DVFS) and 
power gaƟng37, but recent research increasingly highlights the soŌware layer as a criƟcal lever for 
reducing energy demand249. DisƟnguishing between “green IT” (infrastructure-level efficiency), 
“green soŌware engineering” (development pracƟces and design paƩerns), and “energy-aware 
compuƟng” (runƟme, compiler, and code-level intervenƟons) is essenƟal to define the scope of this 
field 140. 

Growing regulatory and industry frameworks have accelerated the focus on energy-aware 
compuƟng. IniƟaƟves such as the EU Corporate Sustainability ReporƟng DirecƟve (CSRD)218 and 
ISO/IEC standards for sustainable IT221 require organizaƟons to report and opƟmize the energy 
footprint of their digital services. Green soŌware pracƟces, such as energy-aware compuƟng aim to 
counter this by making soŌware part of the soluƟon rather than the problem. Fundamentally, an 
energy- or carbon-aware system does more when greener energy sources can be leveraged, and less 
when the energy or carbon emissions are higher.148 This means designing soŌware and systems to 
monitor energy condiƟons (such as grid carbon intensity, workload efficiency, or other similar 
metrics) and adjust their behaviour accordingly, for example delaying non-urgent batch jobs or 
choosing a cloud regions according to energy mix and green energy availability. By incorporaƟng such 
logic, developers can significantly reduce the emissions associated with their systems.149 

Equally as important is promoƟng consideraƟons on energy-awareness during soŌware and system 
development and design processes. This mainly involves dynamically adapƟng computaƟonal 
operaƟons and system load based on real-Ɵme, esƟmated or forecasted energy characterisƟcs based 
on power profiling, workload classificaƟon, or other system-level energy modelling methods.  

This area of research is rapidly evolving as related approaches have shown significant promise for 
miƟgaƟng the energy intensity (and thereby reducing emissions and operaƟonal energy usage) in 
datacentres, cloud compuƟng, and large-scale compute environments.150 151  

Further, it is necessary to not only extend tradiƟonal performance-driven compuƟng with energy 
consideraƟons, but to further connect strategies for energy opƟmizaƟon across all system layers, 
meaning that it should not be addressed in isolaƟon within individual components but instead 
through integrated, system-wide coordinaƟon in alignment with broader system-level goals.152  

 

Current State of the Art 
At the runƟme and operaƟng system level, energy-aware compuƟng techniques aim to reduce the 
energy consumpƟon of soŌware systems without requiring changes to applicaƟon logic, by 
influencing how workloads are scheduled, executed, and placed on underlying hardware. A number 
of mature mechanisms already exist to support such energy-aware execuƟon. Modern Linux kernels, 
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for example, include energy-aware scheduling (EAS) to opƟmise workload placement across 
heterogeneous cores 153.  

At the infrastructure layer, container orchestraƟon plaƞorms such as Kubernetes increasingly expose 
cgroups and quality-of-service (QoS) controls that allow energy usage constraints to be enforced 
alongside CPU and memory limits. Comparable capabiliƟes are also available on other major 
operaƟng systems, including the Windows Energy EsƟmaƟon Engine and macOS Energy Impact 
metrics, which provide developers and operators with visibility into applicaƟon-level energy costs 154.  

Together, these mechanisms demonstrate that energy-aware compuƟng is technically feasible across 
plaƞorms, even if such capabiliƟes are not yet systemaƟcally exploited by soŌware systems or 
development workflows. 

Beyond programming language choice, concrete coding pracƟces also exert a measurable influence 
on soŌware energy consumpƟon. Empirical studies have shown that paƩerns such as busy-wait 
loops, excessive polling, and unnecessary recursion waste CPU cycles and increase energy 
demand130. Likewise, memory-inefficient data structure choices amplify energy costs associated with 
allocaƟon and garbage collecƟon. Conversely, techniques such as caching frequently accessed values, 
reducing unnecessary object creaƟon, and adopƟng lazy evaluaƟon where appropriate have been 
demonstrated to reduce computaƟonal overhead 155.  

These findings highlight that soŌware-level design and implementaƟon decisions play a significant 
role in shaping runƟme energy behaviour, parƟcularly when considered in conjuncƟon with 
underlying runƟme and operaƟng-system mechanisms. However, these pracƟces are not consistently 
taught or reinforced in mainstream curricula, and most IDEs lack feedback mechanisms to guide 
developers toward energy-aware design. 

 

Energy-Aware IT Infrastructure OpƟmizaƟon and ReconstrucƟon 
Datacentres are significant contributors to high energy consumpƟon; however, a root cause of energy 
inefficiency lies in the soŌware and IT infrastructure design choices. For example, green compuƟng 
paƩerns highlighted that inefficient resource uƟlizaƟon, poor workload distribuƟon, and subopƟmal 
placement of services contribute to unnecessary energy consumpƟon 155. Hence, opƟmizing IT 
infrastructure is crucial to reducing environmental impact while maintaining system performance and 
reliability. 

In the following, IT infrastructure opƟmizaƟon is viewed as the sustainable reconfiguraƟon of IT 
infrastructure. Sustainable reconfiguraƟon involves the adaptaƟon of the current IT infrastructure to 
improve its sustainability, using historical data and future trend forecasts. This process consists of two 
main parts: 

1. Sustainable reconfiguraƟon acƟons: These are the acƟons that contribute to improving the 
sustainability of the IT infrastructure 

2. OpƟmizaƟon approaches: These are methods that use historical data and future trends to 
select and choose reconfiguraƟon acƟons through deep reinforcement learning and geneƟc 
algorithms for example. 
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This secƟon explores both parts, starƟng with sustainable reconfiguraƟon acƟons, such as VM 
container relocaƟon, followed by examining generic reconfiguraƟon and opƟmizaƟon approaches for 
IT infrastructures across on-premises, cloud, and hybrid deployments, with and without a specific 
focus on sustainability. 

Sustainable ReconfiguraƟon 
Sustainable reconfiguraƟon acƟons aim to increase the overall sustainability of the IT infrastructure, 
primarily by decreasing energy consumpƟon and reducing the number of required physical resources 
(resulƟng in less embodied carbon). These acƟons focus on soŌware-level and logical changes and do 
not involve physical hardware upgrades, such as replacing cooling equipment with newer versions or 
upgrading GPUs to modern ones, even though these upgrades can yield substanƟal energy savings. 
However, hardware upgrades are only considered if workload migraƟon to an exisƟng newer hardware 
configuraƟon is possible. 

Based primarily on BharanyError! Bookmark not defined., but also considering other sources, three areas for the 
reconfiguraƟon of IT infrastructures can be idenƟfied:  

1. Resource Power Management;  
2. Server consolidaƟon, workload placement, and migraƟon, and;  
3. Thermal management (heaƟng & cooling) 

Firstly, resource power management which deals with the power management of the physical 
resources in the IT Infrastructure. This approach is necessary as not all components are used equally. 
Studies have shown that cloud servers in datacentres are acƟve only 10% to 30% of the Ɵme, while 
they remain idle around 70% of the ƟmeError! Bookmark not defined.. To address this inefficiency, underuƟlised 
resources can be either completely powered down or their energy consumpƟon can be reduced via 
Dynamic Frequency Scaling (DVFS). DVFS works by dynamically adjusƟng the voltage and clock 
frequency of processors, thereby reducing power consumpƟon.  

The second area concerns physical machine consolidaƟon, workload placement, and migraƟon.  

Physical server consolidaƟon addresses the overprovisioning and underuƟlizaƟon of physical hardware 
by reducing the number of acƟve physical servers through virtualizaƟon techniques such as VMs and 
containers. This approach enables mulƟple applicaƟons to share the same physical infrastructure, 
overcoming the inefficient one-to-one applicaƟon-to-server model. Such consolidaƟon decreases 
direct energy consumpƟon and reduces associated cooling requirements, physical space needs, and 
embodied emissions through reduced hardware procurement 156,157,158. 

To realize the benefits of physical server consolidaƟon, a strategic iniƟal workload placement is 
required to avoid hardware underuƟlizaƟon from the start.  

However, aŌer some Ɵme, inefficiencies can sneak into the IT Infrastructure, which requires the 
migraƟon of workloads to different machines. The goal of the migraƟon is to restore higher uƟlizaƟon 
rates, assign workloads to more energy-efficient hardware suited for their specific tasks, and opƟonally 
enable the shuƫng down of over-provisioned servers that are no longer needed. These techniques 
must balance migraƟon costs against energy savings, as the live migraƟon consumes energy and 
creates temporary performance impacts. 



 

GreenCode: State of the Art Review 

 
69 

 

The third and final reconfiguraƟon area addresses thermal management (heaƟng & cooling), because 
cooling systems can account for 30-40 % of a facility’s electricity use. Against this, the EU requires that 
all new data-centre builds from 2026 achieve a Power Usage EffecƟveness (PUE) ≤ 1.2, while the 
current European average is about 1.6 and many legacy sites sƟll exceed 2.0159160. For example, placing 
addiƟonal workloads on an already highly uƟlised server may avoid powering up a new machine, but 
could potenƟally generate thermal hotspots requiring increased cooling energy. 

ReconfiguraƟon Approaches 
Our focus here regards improving an exisƟng IT infrastructure, we do not consider the iniƟal placement 
or scheduling of workloads, as such in the following secƟons we will cover general reconfiguraƟon 
approaches, post iniƟal cloud deployment opƟmisaƟon, and energy-aware opƟmisaƟon approaches.  

An early general reconfiguraƟon approach to IT infrastructures was proposed by Frey et al.161. Their 
approach aims to migrate an exisƟng soŌware system to a cloud plaƞorm. This migraƟon process aims 
to find a cloud deployment opƟon (CDO) that balances response Ɵme, costs, and SLA violaƟons. A CDO 
comprises a target cloud environment, suitable VM instance types, and runƟme configuraƟon rules for 
dynamic resource scaling. To find the opƟmal CDO for a given soŌware system architecture, they 
proposed a geneƟc algorithm that explores the CDO design space and idenƟfies a Pareto-opƟmal 
soluƟon. 

Khan162 proposes an approach for post-deployment opƟmizaƟon of mulƟ-cloud environments, 
focusing on improving performance, availability, and resource uƟlizaƟon while minimizing costs. Their 
opƟmizaƟon approach consists of four main tasks: data gathering, future load predicƟon, opƟmizaƟon, 
and infrastructure adaptaƟon. 

Current data is collected from the infrastructure, including resource usage metrics such as CPU load, 
RAM usage, inbound and outbound traffic, costs, and infrastructure changes. 

Based on this data, a predicƟon component uƟlizing Facebook Prophet163 forecasts the future CPU load 
of the virtual machines (VMs) to idenƟfy those that can be shut down. Using the current infrastructure 
state and these predicƟons, a planning component proposes acƟons to achieve a new opƟmized state. 
This component employs hierarchical task networks for the opƟmizaƟon process and generates the 
following acƟons: opƟmizing the network via caching, opƟmizing storage by compressing data, 
relocaƟng data to cold storage, or cleaning up compressed data. For VMs, possible acƟons include 
turning them on or off based on predicted load, relocaƟng them to a different region, reducing their 
replica count, or deallocaƟng them completely. Finally, an execuƟon component implements these 
generated plans to adapt the current IT infrastructure. 

The following secƟon presents energy-aware opƟmizaƟon methods originally developed for 
datacentre management that may be transferable to IT infrastructures. We explore two main 
categories:  

1. ConsolidaƟon strategies involving migraƟon and load balancing, and shortly  
2. HolisƟc datacentre opƟmizaƟon using reinforcement learning 

To address the inefficient uƟlizaƟon of physical resources in cloud environments, which results in high 
energy consumpƟon and low quality of service, Yao et al.Error! Bookmark not defined. propose an energy-
efficient load-balancing strategy based on virtual machine consolidaƟon (LBVMC). Their algorithm 
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considers mulƟ-dimensional resource uƟlizaƟon, including CPU, memory, and bandwidth, and consists 
of the following three parts. First, based on current and predicted load, physical machines are classified 
into two categories: source Physical Machines (PMs), from which VMs should be moved to avoid 
overloading, and desƟnaƟon PMs, to which VMs can be migrated. In the second part, the migratable 
VMs are selected using a resource-weighted funcƟon that accounts for the mulƟ-dimensional load.  

Finally, the VM placement algorithm evaluates resource fitness, which refers to how well the resource 
profile of the VM matches the available capacity of a physical machine. This step also considers the 
similarity of the VM’s demands to those of the VMs already on the target PM, which helps to avoid 
future overloading and performance degradaƟon caused by resource contenƟon. 

In line with the work of Yao et al.Error! Bookmark not defined., Rezakhani et al.Error! Bookmark not defined. propose a 
similar consolidaƟon algorithm. The goal of their approach is to migrate VMs from overloaded hosts 
to reduce their energy consumpƟon and from underloaded hosts to allow them to be shut down, 
thereby saving energy overall. Similar to the work of Yao et al., their algorithm consists of several 
stages. IniƟally, an arƟficial neural network classifies each host as normal, overloaded, or underloaded. 
Based on this classificaƟon, a reinforcement learning agent selects the VMs to be migrated from the 
overloaded physical machines. Finally, the VMs selected by the RL agent, along with all VMs on the 
underloaded physical hosts, are moved to normal hosts, which are selected via a modified version of 
the best-fit-decreasing algorithm. 

Both Yao et al. and Rezakhani et al. assume that shuƫng down or powering up a physical host is an 
instantaneous process. Furthermore, they implicitly presuppose that "on" and "off" are the only 
possible states for a host and that the transiƟon between them is unaffected by Power Mode TransiƟon 
(PMT). To address this, they propose a Two-Level HeurisƟc-based Virtual Machine ConsolidaƟon 
(TLHVMC) algorithm. The algorithm consists of Time Window-based Centralised Power Model Control 
(TWCC) policies to control the power modes of each host, while the second component, the Greedy 
Strategy-based hybrid heurisƟc placement (GSP) algorithm, is used to improve VM placement. The 
TWCC component suspends hosts that have just been empƟed and those that remain idle aŌer the 
consolidaƟon process is complete. 

AddiƟonally, it wakes up sleeping physical machines based on a moving average to avoid Service Level 
Agreement (SLA) violaƟons. Furthermore, the algorithm detects overloaded physical hosts via a 
threshold and selects migratable VMs based on the shortest migraƟon Ɵme. The GSP algorithm then 
determines the placement of these VMs. Therefore, the GSP algorithm first sorts VMs by their CPU 
needs and categorizes host servers as normal, underuƟlized, or idle. The algorithm then aƩempts to 
place the movable VMs on a normal host and only falls back to underuƟlized or idle hosts when no 
other opƟon is feasible. 

In a recent review, Kahil et al.164 examined how reinforcement learning (RL) approaches can be uƟlized 
to opƟmize the energy efficiency of datacentres in various aspects. They showed that RL can be uƟlized 
to opƟmize cooling systems, including ICT processes such as task scheduling, resource allocaƟon, and 
VM placement and consolidaƟon, as well as datacentre network traffic control and both cooling and 
ICT systems. They thereby idenƟfied that most current studies rely on simulated environments and 
lack real-Ɵme validaƟon. AddiƟonally, more robust mulƟ-scale metrics are needed to reflect the energy 
improvement accurately. Finally, they idenƟfied that mulƟ-agent deep reinforcement learning 
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algorithms are a promising direcƟon for further opƟmizing the increasingly complex cooling and ICT 
systems.     

Infrastructure ReconstrucƟon via IaC 
Infrastructure as Code (IaC) is a pracƟce that automates the provisioning and management of IT 
infrastructure using code instead of manual configuraƟon steps. Modern applicaƟon environments 
consist of various components, such as operaƟng systems, databases, and storage systems, that 
require regular setup, updates, and maintenance, especially during development, tesƟng, and 
producƟon phases. Manual management of this infrastructure is not only Ɵme-consuming but also 
prone to errors, especially in large system landscapes. IaC enables the descripƟon of the enƟre 
required infrastructure, including compuƟng power, storage, and network configuraƟon, in executable 
code. This code can be flexibly adapted, scaled, duplicated, deleted, and versioned, making 
infrastructure reproducible, scalable, and consistently manageable. This significantly enhances 
efficiency and reliability, especially in dynamic or cloud-based environments. Key concepts of IaC 
include the uƟlizaƟon of cloud technologies such as virtualizaƟon and soŌware-defined resource 
handling 165.  

Current Infrastructure as Code (IaC) implementaƟons differ significantly in their approach to defining 
and managing infrastructure. ImperaƟve IaC soluƟons, such as Ansible166 (using YAML and Python 
modules) or Chef167 (using a Ruby-based DSL), provide a step-by-step descripƟon of how the desired 
infrastructure should be created. Developers have complete control over the process, as the order of 
steps is explicitly defined. While this approach offers flexibility, it requires a detailed understanding of 
the processes and is more prone to errors in complex scenarios. In contrast, declaraƟve IaC paradigms, 
as implemented in tools like Puppet168 (using a proprietary declaraƟve DSL), Terraform169 (using 
HashiCorp ConfiguraƟon Language), AWS CloudFormaƟon170 (using JSON or YAML), or Azure Resource 
Manager171 (using JSON), allow developers to simply specify the desired state of the infrastructure. For 
instance, they can define which resources should be available and with which properƟes. The IaC tool 
then automaƟcally calculates and executes the necessary steps to achieve this state. This method is 
oŌen more robust, easier to maintain, and parƟcularly well-suited for repeatable deployments. Recent 
trends in IaC extend beyond purely declaraƟve approaches. Tools like Pulumi172, AWS Cloud 
Development Kit173 (CDK), and CDK for Terraform174 enable developers to define the desired 
infrastructure state using general programming languages such as Python, TypeScript, or Go. 

While Cloud Development Kit approaches ulƟmately generate declaraƟve code (such as 
CloudFormaƟon or Terraform HCL), which may reach their limits, Pulumi executes the operaƟons 
directly. This enables a closer integraƟon of code execuƟon and provisioning logic, allowing 
downstream configuraƟon values of one resource to be used to configure others. Consequently, 
Pulumi results in a more integrated and dynamic user experience that can effecƟvely manage more 
complex dependencies 175, 176.  

A significant challenge in using Infrastructure as Code (IaC) is managing the increasing heterogeneity 
in deployment automaƟon for modern, distributed applicaƟons. These applicaƟons oŌen consist of 
mulƟple components deployed in diverse environments and uƟlizing various deployment 
technologies. Consequently, managing this complex infrastructure becomes challenging, as it may not 
be feasible to use a single IaC tool. For instance, virtual machines in private clouds are provisioned 
using Terraform, while middleware components are installed using Puppet, and containerized services 
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are orchestrated via Kubernetes. The mulƟtude of tools employed hinders a holisƟc view of the 
applicaƟon, making subsequent management tasks, such as backup, scaling, and updates, significantly 
more difficult, especially when these processes span tool boundaries. To address this issue, 
HarzeneƩer et al.177 propose an integrated management system that automates the creaƟon of an 
instance model. This model encapsulates the current state of the running applicaƟon in a standardized 
format using the TOSCA standard (Topology and OrchestraƟon SpecificaƟon for Cloud ApplicaƟons).  

The informaƟon for this model is extracted directly from the APIs of the deployment technologies 
employed. The instance model serves as the foundaƟon for the automaƟc generaƟon of executable 
management workflows, enabling coordinated management of the applicaƟon regardless of the tool 
used for iniƟal deployment. Notably, Terraform, a declaraƟve infrastructure provisioning technology, 
is parƟcularly well-suited for iniƟal virtual machine provisioning. However, Terraform lacks the 
capability to store informaƟon about the soŌware components installed on these virtual machines. To 
gain a comprehensive understanding of the applicaƟon, Terraform integrates addiƟonal informaƟon 
from tools like Puppet or specialized plugins. Moreover, during state-changing operaƟons, changes 
that impact a component’s state, the system ensures that the relevant deployment technology is 
informed about these changes. This prevents unintended overwriƟng of target states enforced by the 
toolsError! Bookmark not defined.. 

  

Programming Language and RunƟme Impacts on Energy Efficiency 
Empirical studies consistently show that programming language choice significantly affects energy 
consumpƟon. Pereira et al. (2017) 249 benchmarked 27 widely used languages across a set of 
computaƟonal problems and observed up to a 79× difference in energy consumpƟon between the 
least and most efficient implementaƟons.  

Research comparing compiled (e.g., C, Rust) and managed languages (e.g., Java, C#) highlights 
orders-of-magnitude differences in performance-per-waƩ243, 249. While the Real-Time SpecificaƟon 
for Java (RTSJ) aimed to support energy-aware execuƟon, mainstream virtual machines do not 
implement it, leaving only niche offerings like JamaicaVM178.  

Emerging languages such as Rust and Go, designed with memory safety and performance trade-offs, 
are increasingly studied for energy-aware applicaƟons. At the runƟme level, advances in garbage 
collecƟon tuning, concurrency models, and memory-efficient data structures remain central to 
opƟmizaƟon128. 

 

Rust and Energy Efficiency 
Programming language choice has a measurable effect on energy consumpƟon. ComparaƟve studies 
of compiled versus managed languages consistently show significant differences, with compiled 
languages such as C and Rust generally outperforming interpreted or virtual machine-based 
environments249. Rust, in parƟcular, offers memory safety guarantees without relying on garbage 
collecƟon, resulƟng in lower runƟme overhead and improved performance-per-waƩ in many 
contexts. Its design enables fine-grained control over resource management, making it aƩracƟve for 
energy-sensiƟve applicaƟons such as embedded systems and high-performance compuƟng. Although 
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Rust adopƟon in enterprise remains limited compared to Java or Python, empirical results highlight 
its potenƟal as a language aligned with sustainability goals. 

Garbage CollecƟon and RunƟme Impacts 
Managed languages like Java and C# rely on garbage collecƟon (GC) for memory management, but 
GC strategies significantly influence energy efficiency. Frequent or poorly tuned collecƟons can cause 
spikes in CPU uƟlisaƟon, leading to higher power draw 179. Research into energy-aware garbage 
collecƟon demonstrates that adapƟve GC policies, which balance throughput with reduced collecƟon 
frequency, can cut energy usage without major performance penalƟes. Despite these advances, 
mainstream runƟmes rarely expose GC-energy trade-offs directly to developers, limiƟng pracƟcal 
adopƟon. This remains a key runƟme-level challenge for energy-aware compuƟng. 

 

Energy-Aware TesƟng and CI/CD 
The integraƟon of energy awareness into soŌware tesƟng and conƟnuous integraƟon and 
deployment (CI/CD) pipelines is an emerging research direcƟon at the intersecƟon of DevOps and 
sustainable soŌware engineering. ConvenƟonal CI/CD workflows primarily prioriƟse funcƟonal 
correctness, reliability, and performance, while sustainability consideraƟons are rarely treated as 
first-class quality aƩributes. Recent research nonetheless demonstrates the feasibility of embedding 
energy measurement and profiling into automated CI workflows, enabling teams to monitor energy 
consumpƟon during build and test phases and to detect energy-efficiency regressions in a manner 
analogous to performance regression tesƟng124. 

Early tooling provides indicaƟve evidence of pracƟcal pathways. For example, EcoCI180 demonstrates 
how energy-aware CI pipelines can produce developer-facing feedback that supports iteraƟve 
opƟmisaƟon and prevents regressions. In parallel, AI-assisted tesƟng approaches have shown 
promise in limited industrial and experimental seƫngs, reducing energy consumpƟon through 
strategies such as opƟmised test selecƟon, prioriƟsaƟon, and execuƟon ordering181. These 
approaches align well with exisƟng tesƟng goals, maintaining coverage and confidence while 
reducing unnecessary computaƟon, but remain far from standard pracƟce. 

Despite this progress, the evidence base remains sparse, tooling maturity is low, and adopƟon in 
producƟon DevOps environments is limited. Open challenges include agreement on standardised 
and comparable metrics, reproducible measurement under variable CI infrastructure condiƟons, 
scalability across heterogeneous workloads and plaƞorms, and low-fricƟon integraƟon into 
mainstream DevOps ecosystems. As a result, energy-aware CI/CD is sƟll under-explored relaƟve to its 
potenƟal impact and represents a clear opportunity for GreenCode-aligned methods that combine 
reliable measurement, automaƟon, and acƟonable developer guidance. 
 

Hardware-SoŌware Co-Design 
Recent work demonstrates that energy efficiency is maximized when hardware and soŌware are co-
opƟmized. Techniques such as heterogeneous scheduling across CPUs, GPUs, and TPUs, near-
memory compuƟng, and runƟme-aware placement of workloads are widely adopted in research 
prototypes85, 86. Compiler-level opƟmizaƟons for ARM182 and RISC-V183, as well as hardware counter–
driven adapƟve scheduling, enable more granular energy savings than tradiƟonal staƟc policies153, . 
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LimitaƟons and Gaps 
Energy-aware compuƟng remains difficult to operaƟonalise at the soŌware layer, even where 
measurement is possible. As the table highlights,  most OSs and runƟmes sƟll treat energy as an 
implicit side effect rather than a managed resource, with few control surfaces exposed to developers 
(e.g., opaque GC/JIT/scheduling behaviours) and limited mechanisms to enforce energy budgets at 
runƟme.  

There is also weak portability of energy behaviour across plaƞorms, dominance of staƟc/offline 
tuning over adapƟve opƟmisaƟon, and a lack of well-defined runƟme trade-off models between 
energy, latency, and throughput. Finally, the table points to foundaƟonal ecosystem gaps, limited 
compiler support for energy objecƟves, noisy/uncertain measurements, fragmented telemetry across 
layers, and the under-uƟlisaƟon of known language/runƟme energy differences in real engineering 
decisions. 
 

LimitaƟon / 
Gap 

DescripƟon Example / ImplicaƟon ApplicaƟon to GreenCode 

Energy not a 
first-class 
runƟme 
resource 

Most operaƟng systems and runƟmes 
treat energy as an indirect side-effect 
rather than a managed resource. 

Schedulers opƟmise for 
latency or throughput, not 
energy. 

GreenCode can promote 
energy as a controllable 
runƟme objecƟve via 
policy and 
recommendaƟons. 

Limited control 
surfaces for 
soŌware 

Developers and applicaƟons have liƩle 
direct influence over energy-related 
runƟme decisions. 
GC, JIT, and scheduling policies are 
opaque or coarse-grained.  
In pracƟce, resource monitoring, 
budgeƟng, and enforcement 
mechanisms are rarely exposed at the 
programming-language level or 
integrated into mainstream 
development environments, meaning 
that energy and resource control is 
typically applied post hoc through 
profiling and operaƟonal tooling rather 
than being expressible directly within 
applicaƟon code. 

GC, JIT, and scheduling 
policies are opaque or 
coarse-grained. 

GreenCode can surface 
tunable runƟme and OS-
level parameters. 

Poor portability 
of energy 
behaviour 

Energy efficiency does not transfer 
predictably across plaƞorms. 

OpƟmisaƟons valid on x86 
may fail on ARM or edge 
devices. 

GreenCode can build 
comparaƟve plaƞorm-
aware energy models. 
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StaƟc 
opƟmisaƟon 
dominates 

Many energy-aware techniques rely on 
staƟc configuraƟon or offline tuning. 

Systems cannot adapt to 
workload or context 
changes. 

GreenCode can support 
adapƟve, runƟme-aware 
opƟmisaƟon loops. 

Lack of energy-
aware 
enforcement 
mechanisms 

Systems can observe energy but rarely 
enforce limits. 

ApplicaƟons exceed energy 
budgets without 
consequence. 

GreenCode can integrate 
enforcement strategies via 
orchestraƟon and runƟme 
policies. 

Unclear trade-
off modelling 
at runƟme 

Energy–performance trade-offs are 
poorly formalised at execuƟon Ɵme. 

Decisions default to 
performance even when 
marginal gains are costly. 

GreenCode can provide 
quanƟfied runƟme trade-
off guidance. 

Limited 
integraƟon of 
energy into 
compilers 

Compilers rarely opƟmise explicitly for 
energy. 

Generated binaries 
prioriƟse speed or size. 

GreenCode can feed 
energy models into 
compilaƟon and 
opƟmisaƟon passes. 

RunƟme 
opƟmisaƟon 
under 
uncertainty 

Energy measurements are noisy, 
delayed, or approximate. 

OpƟmisaƟon decisions may 
be unstable or incorrect. 

GreenCode can use 
probabilisƟc and 
confidence-aware 
adaptaƟon strategies. 

Fragmented 
energy signals 
across layers 

Energy signals are exposed in 
inconsistent ways across OS, 
hypervisors, containers, and runƟmes. 

Hard to correlate energy 
impact with soŌware 
decisions across the stack. 

GreenCode can unify 
cross-layer telemetry and 
aƩribuƟon models. 

Programming 
language 
impacts poorly 
considered 

Large empirical differences exist 
between languages in energy use, but 
rarely influence developer decisions. 

Developers may select 
Python for speed of 
development, despite far 
higher energy costs 
compared to C or Rust. 

Provide guidance or 
automated suggesƟons for 
language and runƟme 
trade-offs. 

Programming 
language 
impacts 
neglected 

Language/runƟme choice significantly 
affects energy use but is rarely 
accounted for. 

Python dominates despite 
higher energy costs; Java 
RTSJ unsupported in 
mainstream JVMs, with 
only niche 
implementaƟons like 
JamaicaVM available; 
profiling tools not 
producƟon-ready. 

GreenCode can provide 
comparaƟve guidance and 
build abstracƟons that 
normalise measurements 
across 
languages/runƟmes. 
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Non-PrioriƟes 
GreenCode will not focus (i) hardware-only benchmarks that are informaƟve but not directly 
acƟonable for developers, (ii) building new low-level power profilers from scratch where mature 
signals already exist and the real gap is integraƟon and standardised “measurement modes,” and (iii) 
aƩempƟng large-scale consumer device profiling, where device heterogeneity makes results hard to 
reproduce and compare. The intent is to leverage exisƟng measurement foundaƟons and invest 
instead in repeatable methods and pipelines that GreenCode can validate and operaƟonalise across 
server, edge, and cloud contexts. 

Area Reason to De-prioriƟse ImplicaƟon 

Hardware-centric innovaƟons 
(e.g., photonic compuƟng, chip 
DVFS) 

These advances are outside 
GreenCode’s remit and depend on 
vendors. 

Focus should remain on soŌware-
level leverage. 

Niche runƟmes (e.g., JamaicaVM) Minimal industry adopƟon makes 
them impracƟcal as a foundaƟon. 

Concentrate on mainstream 
Java/Python/Rust/Go ecosystems. 

End-user device profiling (PCs, 
phones) 

Highly heterogeneous, hard to 
standardise across billions of devices. 

PrioriƟse server, edge, and cloud 
workloads first. 

Generic carbon policy analysis RegulaƟon is context but not the 
project’s direct contribuƟon. 

Treat standards (CSRD, ISO) as drivers 
rather than deliverables. 

AlternaƟve languages with 
marginal adopƟon (e.g., Haskell, 
niche DSLs) 

AlternaƟve languages with marginal 
adopƟon 

Focus on mainstream 
languages/runƟmes. 

 

Summary and Future OpportuniƟes 
Energy-aware compuƟng research demonstrates that substanƟal energy savings are possible by 
treaƟng energy as a managed resource across the stack, but the state of pracƟce remains fragmented 
and difficult to operaƟonalise. Developers typically lack direct, portable control over energy 
behaviour because key decisions are mediated by compilers, runƟmes, operaƟng systems, and cloud 
plaƞorms, while telemetry is inconsistent and aƩribuƟon across layers is weak. As a result, many 
approaches remain hardware- or plaƞorm-specific, rely on offline tuning, and struggle to generalise 
across workloads and deployment contexts.  

For GreenCode, this reinforces the need to focus on pragmaƟc, cross-layer integraƟon: standardised 
measurement modes and baselines, confidence-aware aƩribuƟon from system signals to soŌware 
artefacts, and closed-loop opƟmisaƟon workflows with regression validaƟon, so energy-aware 
decisions become repeatable, comparable, and governable in real engineering environments. 

 

OpportuniƟes 
GreenCode can effecƟvely advance energy-aware compuƟng into pracƟcal, repeatable engineering 
pracƟce, both to reduce the footprint of GreenCode’s own opƟmisaƟon workflow and to provide 
reusable approaches for others by focussing on making energy a more explicit and acƟonable 
runƟme concern by improving cross-layer telemetry integraƟon (hardware > OS/runƟme > container 
> applicaƟon), developing portable measurement and baselining protocols with confidence bounds, 
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and enabling closed-loop opƟmisaƟon that links energy signals to concrete code and configuraƟon 
changes with regression validaƟon.  

The table also captures opportuniƟes to translate research insights (e.g., scheduling, DVFS, batching, 
algorithmic choices, language/runƟme behaviours) into deployable paƩerns and decision support 
that teams can adopt without specialist experƟse, including CI/CD “green regression” gates and 
governance-ready reporƟng. 

Opportunity DescripƟon Example / ImplicaƟon ApplicaƟon to GreenCode 

RunƟme-level 
energy control 
interfaces 

Expose energy as a first-class 
controllable resource 
alongside CPU, memory, and 
I/O. 

ApplicaƟons or 
orchestrators can request 
energy budgets or power 
caps. 

GreenCode can surface runƟme 
and OS-level energy controls via 
unified APIs and 
recommendaƟons. 

Energy-aware 
scheduling and 
workload 
placement 

OpƟmise task scheduling 
based on energy efficiency, 
hardware heterogeneity, and 
carbon intensity. 

ShiŌ workloads to 
efficient cores or lower-
carbon Ɵme windows. 

GreenCode can integrate 
scheduler hints and carbon-
aware execuƟon strategies. 

AdapƟve runƟme 
policies (GC, JIT, 
memory) 

Dynamically tune runƟme 
behaviour for energy 
efficiency rather than peak 
performance. 

Less aggressive GC or JIT 
compilaƟon reduces 
power spikes. 

GreenCode can recommend or 
auto-configure runƟme profiles 
opƟmised for energy. 

Energy budgeƟng 
and enforcement 
mechanisms 

Enforce energy constraints at 
container, VM, or applicaƟon 
level. 

Prevent runaway 
workloads that exceed 
energy or carbon budgets. 

GreenCode can integrate with 
cgroups, Kubernetes QoS, or 
serverless limits. 

Energy-aware 
container and 
serverless 
opƟmisaƟon 

Reduce abstracƟon overhead 
and inefficiencies in 
containerised and FaaS 
environments. 

Consolidate microservices 
or funcƟons to reduce 
orchestraƟon overhead. 

GreenCode can idenƟfy energy-
inefficient deployment paƩerns 
and suggest reconfiguraƟon. 

Hardware–soŌware 
co-design feedback 
loops 

Use hardware telemetry to 
inform soŌware opƟmisaƟon 
decisions. 

SoŌware adapts to DVFS 
states, cache behaviour, 
or memory bandwidth 
constraints. 

GreenCode can close the loop 
between hardware signals and 
soŌware refactoring. 

Energy-aware 
compilaƟon and 
code generaƟon 

Incorporate energy models 
into compiler opƟmisaƟon 
passes. 

Compiler chooses lower-
energy instrucƟon 
sequences over fastest 
ones. 

GreenCode can integrate 
compiler-level insights into its 
opƟmisaƟon pipeline. 

Cross-plaƞorm 
energy portability 
models 

Understand how soŌware 
energy behaviour changes 
across hardware and 
plaƞorms. 

Same code behaves 
differently on ARM vs x86 
or edge vs cloud. 

GreenCode can build 
comparaƟve energy profiles 
across plaƞorms. 
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RunƟme 
adaptaƟon under 
uncertainty 

Adapt execuƟon despite noisy 
or parƟal energy 
measurements. 

Decisions made with 
probabilisƟc energy 
models rather than exact 
values. 

GreenCode can support 
confidence-aware runƟme 
opƟmisaƟon strategies. 
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IT Architecture and Infrastructure Mining, ReconfiguraƟon and ReconstrucƟon 
ContribuƟng Partner(s): University of Augsburg, Trier University of Applied Sciences 

Background 
ISO/IEC/IEEE 42010:2022 (SoŌware, systems and enterprise, Architecture descripƟon) defines 
architecture as the "fundamental concepts or properƟes of an enƟty in its environment and governing 
principles for the realizaƟon and evoluƟon of this enƟty and its related life cycle processes.“ 

In the context of IT, IT-Architecture outlines the fundamental structure and characterisƟcs of the 
relaƟonships between systems and applicaƟons within an organizaƟon’s IT porƞolio184. Building upon 
the structure provided by IT-Architecture, IT Infrastructure comprises the concrete instances of 
hardware, soŌware, and service components that support the realizaƟon of business applicaƟons185. 
To make it more tangible, the IT Infrastructure consists mainly of these three elements:  

1. Hardware elements, such as servers, CPUs, and networking equipment;  
2. Discrete soŌware elements, including full soŌware elements such as VMs, containers, 

operaƟng systems, soŌware applicaƟons and parts of soŌware elements like code snippets, 
soŌware rouƟnes, and funcƟons; 

3. CommunicaƟon flows between soŌware elements. 

Building and maintaining an up-to-date IT architecture and IT infrastructure model is challenging due 
to their dynamic changing nature, lack of detailed documentaƟon, and heterogeneity of systems186. To 
address these challenges, IT architecture and IT infrastructure mining techniques are employed to 
automaƟcally create and maintain an accurate and up-to-date model of the IT architecture and IT 
infrastructure. On the one hand, IT architecture mining focuses on extracƟng and reconstrucƟng 
architectural knowledge from IT systems to perform analysis such as service response Ɵme, change 
impact, and dependency analysis. On the other hand, IT infrastructure mining detects, maps, and 
analyses the infrastructure components, their configuraƟons, and dependencies laying the foundaƟon 
for further monitoring, opƟmizaƟon and reconstrucƟon via IaC. 

IT infrastructure mining and monitoring processes build the foundaƟon that enables the sustainability 
analysis of an IT architecture with appropriate KPIs and paƩerns. For instance, discovery and 
monitoring can idenƟfy available and unused but wasteful resources, such as in the case of TwiƩer 
which rediscovered an idle GPU cluster187. Next, the analysis results can be used to opƟmise the IT 
infrastructure. One opƟmizaƟon, for example, is VM consolidaƟon and opƟmized placement of 
applicaƟons, which can reduce energy consumpƟon by up to 22%188. Finally, the monitoring and 
opƟmisaƟon results can be employed to reconstruct and reconfigure the exisƟng IT infrastructure. 

 

Current State of the Art 
In the following, an overview of current approaches for IT infrastructure mining, monitoring, analysis 
opƟmisaƟon, and reconstrucƟon is given. 

IT Infrastructure Mining and Monitoring 
In academic literature several approaches have emerged for IT infrastructure mining. An early crawler-
based approach for discovering the complete enterprise IT was proposed by Binz et al.189. Their 
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approach introduces a discovery framework architecture that automaƟcally idenƟfies and maintains 
the components of an Enterprise Topology Graph (ETG). An ETG represents a snapshot of an enterprise 
IT landscape, and contains detailed technical informaƟon about each component, such as processes, 
services, soŌware, infrastructure, and their relaƟonships and dependencies190.  

At the core of the proposed framework of Binz et al. is the discovery layer, which iteraƟvely builds the 
ETG by crawling the exisƟng IT infrastructure using specialized plugins. A plugin is a soŌware 
component that retrieves informaƟon from a specific data source, such as a web server. The execuƟon 
order of these plugins is determined by a scheduler, and the final ETG is refined by a reconciliaƟon 
component to ensure data quality. The overall coordinaƟon of the discovery process is handled by a 
discovery manager, which also allows users to specify the starƟng point of the crawl. This approach 
has the advantage that various data sources can be integrated via plugins and, therefore, remains 
expandable. 

In the related domain of Enterprise Architecture Management (EAM), Farwick et al.191 and Holm et 
al.192 each propose a method to create an Enterprise Architecture (EA) model automaƟcally. EAM aims 
to capture the relaƟonship between business processes and underlying IT architecture in an EA model. 
This model is then uƟlized to analyse and opƟmize the IT architecture to align with the overall business 
strategy. To keep the model up-to-date, Farwick et al. propose creaƟng and conƟnuously updaƟng EA 
models by obtaining informaƟon (semi)-automaƟcally from humans and different technical interfaces, 
namely web services and business process management tools. Similar to Farwick et al., Holm et al. 
automate the creaƟon of EA models by scanning the network. They divide the informaƟon obtained 
from a network scan into three categories: System informaƟon in the form of MAC and IP addresses; 
user informaƟon including acƟve hosts; and soŌware informaƟon such as the operaƟng system, its 
version, applicaƟons running on it, and the applicaƟons’ protocols, types, and versions.   

In a more recent approach HarzeneƩer et al.193 propose a method to dynamically create an instance 
model of the running IT infrastructure capturing details such as component configuraƟons, runƟme 
parameters, and their deployment context. An instance model is generated in three steps in their 
approach. First, the instance informaƟon retriever extracts informaƟon about the running applicaƟons 
by querying the APIs of the underlying deployment technologies. This retriever offers a plugin interface 
to support different deployment technologies and to be expandable. Each plugin extracts informaƟon 
for its specified deployment technology, such as Kubernetes or Puppet. Second, the technology-
specific data are converted into a technology and vendor-agnosƟc model format, namely Topology and 
OrchestraƟon SpecificaƟon for Cloud ApplicaƟons (TOSCA). Finally, HarzeneƩer et al. uƟlize the crawler 
approach of Binz et al. to further enrich the model with addiƟonal data. The resulƟng model contains 
technology-agnosƟc deployment data and applicaƟon-specific informaƟon that enable the generaƟon 
of management acƟviƟes, such as backup creaƟon and dependency updates. 

In addiƟon to academic approaches, several tools have been developed in the industry for IT 
infrastructure discovery and monitoring. Discovery focuses on idenƟfying and mapping the 
components and their relaƟonships within the IT infrastructure, while monitoring extends this by 
conƟnuously collecƟng runƟme data from the discovered components, such as performance metrics, 
availability, and usage paƩerns. Common IT infrastructure mining/discovery and monitoring tools are 
listed in below. The tools are compared based on their license, ongoing support, primary user 
interface, and target business size. AddiƟonally, informaƟon is provided about Individual strengths and 
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whether the tool considers sustainability aspects in any form, e.g. captures energy consumpƟon or 
esƟmates CO2e emissions. 
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Tool License Support Primary User 
Interface 

OS Support Target Business Size Sustainability 
Assessment 

Strengths Type 

Qbilon194  Proprietary acƟve web discovers: 
cloud & on-
premises 

small, medium none naƟve, but idenƟfies 
unused and oversized 
asset 

Graph-based,mulƟ-
source connectors 

Discovery / 
IT-
landscape 
mining 

Device42195 Proprietary acƟve web discovers: 
cloud & on-
premises 

small, medium, large OpƟonal Power & 
Environmental module: 
live PDU power, temp, 
rack kW  

Mature DCIM + CMDB, 
broad integraƟons 

Discovery / 
IT-
landscape 
mining 

ServiceNow 
Discovery196 

Proprietary acƟve web discovers: 
Linux, 
windows, 
mac, cloud, 
network, 
mainframe 

medium, large ESG reporƟng possible - Discovery / 
IT-
landscape 
mining 

BMC Helix 
Discovery197 

Proprietary acƟve web discovers: 
cloud & on-
premises 

medium, large none naƟve - Discovery / 
IT-
landscape 
mining 

Faddom198 Proprietary acƟve web discovers: 
cloud & on-
premises 

small, medium, large none naƟve - Discovery / 
IT-
landscape 
mining 

Virima199 Proprietary acƟve web discovers: 
cloud & on-
premises 

small, medium, large none naƟve - Discovery / 
IT-
landscape 
mining 

Lansweeper200 Proprietary acƟve web discovers: IT, 
OT, IoT, and 
Cloud 

small, medium, large none naƟve - Discovery / 
IT-
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landscape 
mining 

Nagios201 Open Source 
GPL  v2.0 

acƟve web monitors: 
windows, 
Linux 

small, medium, large no naƟve support, could 
be integrated via plugins / 
extensions 

open-source, 
community addons, 
established (25+ years)  

monitoring 

Zabbix202 Open Source 
AGPL-3.0 
license 

acƟve web monitors: 
windows, 
Linux, IoT, 
cloud 

small, medium, large no naƟve support, could 
be integrated via plugins / 
extensions 

open-source, 
established (20+ years)  

monitoring 

SolarWinds203  Proprietary acƟve web monitors: 
windows, 
Linux, mac 
os, cloud 

small, medium, large supports EnergyWise 
protocol to obtain energy 
data of network devices 
no naƟve support for 
energy / CO2e esƟmaƟon 
for servers and 
applicaƟons 

established (20+ years),  monitoring 

Datadog204 primarily 
proprietary 
SaaS parts 
Apache-2.0 

acƟve web, mobile monitors: 
windows, 
Linux, cloud, 
IoT, mac os 

small, medium, large integraƟon with 
HardwareSentry to obtain 
data on power 
consumpƟon  electricity 
costs and CO₂ emission, 
not directly applicaƟon / 
process specific 

parts are open-source, 
sustainability 
integraƟon for 
hardware, supports 
NVIDIA DCGM Exporter 

monitoring 

Paessler PRTG205 Proprietary acƟve web monitors:, 
Windows 
(server), 
some 
features via 
SNMP 
probes, 
cloud 

small, medium, large No naƟve 
sustainability/CO₂e 
support; can be extended 
via custom sensors or 
scripts, has support to 
query data from PDUs 
and UPSs 

established, 
customizable 

monitoring 



 

GreenCode: State of the Art Review 

84 
 

Icinga206 GPL 2.0 acƟve web monitors: 
windows, 
Linux, cloud 

small, medium, large No naƟve support for 
energy/CO2e; possible via 
plugins/integraƟons 

open-source, extensible 
via plugins 

monitoring 

Dynatrace207 Proprietary acƟve web monitors: 
Windows, 
Linux, cloud 

small, medium, large supports interfaces like 
IPMI to obtain energy 
consumpƟon of servers, 
Dynatrace Carbon Impact 
app to esƟmate energy 
and CO2e of running 
resources  

security focused, full-
stack, sustainability 
focus 

monitoring 

Netdata208 GPL-3.0+ acƟve web monitors:: 
Windows, 
Linux, 
macOS, 
cloud 

small, medium, large No naƟve 
sustainability/CO2e 
assessment for 
applicaƟons, however 
supports  Sense Energy 
Monitoring for IoT / home 
energy monitoring 

Real-Ɵme, high-
resoluƟon, open-source 

monitoring 

New Relic209 Proprietary acƟve web  monitors: 
Linux, 
windows, 
mac os, 
cloud 

small, medium, large integraƟon with 
HardwareSentry to obtain 
data on power 
consumpƟon  electricity 
costs and CO₂ emission, 
not directly applicaƟon / 
process specific 

established, Full-stack 
observability 

monitoring 

ElasƟc 
Observability210 

ElasƟc 
License 2.0 

acƟve web monitors: 
Linux, 
windows, 
mac os, 
cloud 

small, medium, large No naƟve support; can 
ingest energy/CO2e data 
via custom plugins 

Unified 
logging/metrics/traces 

monitoring 

Kepler211  Apache 
License 
(version 2.0) 
and  GNU 

acƟve CLI, API, 
dashboards 
via Grafana 

monitors: 
Kubernetes 
Cluster 

small Specialized for energy 
monitoring in Kubernetes; 
tracks power/CO2e at 
container level 

open-source, 
specialized for energy 
monitoring 

monitoring 
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General 
Public 
License, 
Version 2 or 
the BSD 2 
Clause 
license 

Scaphandre212 Apache-2.0 
license 

acƟve CLI, API, 
Grafana 
dashboards 

monitors: 
Linux 
(main), 
some 
support for 
Windows 
via WSL 

small  Specialized for energy 
monitoring; tracks 
power/CO2e at process 
and VM level 

open-source, 
specialized for energy 
monitoring 

monitoring 

Amazon 
CloudWatch213 

Proprietary acƟve AWS 
Management 
Console, CLI, 
API 

Linux, 
Windows,  

small, medium, large AWS provides operational 
telemetry that can 
support proxy-based 
sustainability signals, but 
provider-reported 
emissions data is typically 
delivered via separate 
carbon accounting 
dashboards and exports 
(e.g., AWS Customer 
Carbon Footprint Tool in 
the Billing console) rather 
than the monitoring layer 
itself. 

Deep AWS integraƟon, 
scalable metrics, strong 
alerƟng & automaƟon 

monitoring 

Azure 
Monitor214 

Proprietary acƟve Azure Portal, 
CLI, API 

Linux, 
Windows  

small, medium, large Cloud emissions reporƟng 
is provided via dedicated 
sustainability tooling 
(e.g., Emissions Impact 
Dashboard and Azure 

Tight Azure integraƟon, 
powerful log analyƟcs, 
rich dashboards 

monitoring 
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Carbon OpƟmizaƟon 
data/insights), while 
Azure Monitor remains 
primarily an operaƟonal 
telemetry plaƞorm. 

Google Cloud 
Monitoring215 

Proprietary acƟve Google Cloud 
Console, CLI, 
API 

Linux, 
Windows 

small, medium, large Carbon Footprint API, 
sustainability 
recommendaƟons 

Fast setup, 
OpenTelemetry 
support, integrated 
tracing & profiling 

monitoring 

Alibaba 
CloudMonitor216 

Proprietary acƟve Alibaba 
Console, API 

Linux, 
Windows 

small, medium, large Green CompuƟng Reports Cost-effective, 
Prometheus support, 
strong Alibaba 
ecosystem integration 

 

monitoring 
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LimitaƟons and Gaps 
Infrastructure mining and architecture reconstrucƟon rarely translate into sustainability outcomes 
today. As the table shows, most discovery/monitoring tooling sƟll treats sustainability as secondary 
(opƟmising for availability, performance, and cost first), with limited naƟve integraƟon of energy 
telemetry APIs and weak linkage between architecture views and energy hotspots at 
component/flow level. It also highlights trust and deployment barriers, energy esƟmates are rarely 
validated/cerƟfied, opƟmisaƟon strategies oŌen assume homogeneous datacentres rather than 
hybrid enterprise estates, and many tools lack concrete acƟon primiƟves for reconfiguraƟon. 
Emerging constraints that maƩer for modern systems include: insufficient modelling of 
GPUs/accelerators, the need for mulƟ-objecƟve opƟmisaƟon (SLA/cost/energy/cooling), and 
governance/access constraints on telemetry collecƟon in real organisaƟons. 

LimitaƟon / Gap DescripƟon Example / ImplicaƟon ApplicaƟon to 
GreenCode 

Sustainability treated 
as a secondary 
concern in 
infrastructure tooling 

Most infrastructure discovery 
and monitoring tools prioriƟse 
availability, performance, or cost 
over energy and sustainability. 

OpƟmisaƟon focuses on 
datacentre placement rather 
than reducing hardware, 
soŌware, and service 
consumpƟon. 

GreenCode can 
promote sustainability 
as a first-class 
opƟmisaƟon objecƟve. 

Lack of first-class 
integraƟon of energy 
telemetry APIs 

Infrastructure tools rarely 
naƟvely integrate APIs such as 
RAPL, DCMI, NVML, or NVMe 
interfaces. 

Energy metrics are inferred 
indirectly or omiƩed enƟrely. 

GreenCode can 
integrate low-level 
energy APIs directly into 
infrastructure models. 

Weak linkage between 
architecture models 
and energy hotspots 

Architecture views typically lack 
energy annotaƟons at 
component and flow level. 

Energy-intensive subsystems 
remain invisible in system-
level analyses. 

GreenCode can 
augment architecture 
graphs with energy 
hotspot detecƟon. 

Absence of cerƟfied 
and trustworthy 
energy esƟmaƟon 
mechanisms 

Energy esƟmates produced by 
tools are rarely validated or 
cerƟfied. 

Results may not be trusted 
for decision-making or 
reporƟng. 

GreenCode can support 
validaƟon, calibraƟon, 
and cerƟficaƟon of 
energy esƟmates. 

Datacentre-centric 
opƟmisaƟon 
strategies 

Many opƟmisaƟon techniques 
are designed for homogeneous 
datacentres rather than 
heterogeneous IT infrastructures 
Error! Bookmark not defined. 

Enterprise and hybrid 
infrastructures cannot fully 
exploit exisƟng approaches. 

GreenCode can adapt 
opƟmisaƟon strategies 
to broader IT contexts. 

Limited acƟon-level 
opƟmisaƟon 
primiƟves 

Tools idenƟfy inefficiencies but 
offer few concrete 
reconfiguraƟon acƟons. 

OpportuniƟes like caching or 
communicaƟon locality are 
missed. 

GreenCode can propose 
acƟonable 
infrastructure-level 
opƟmisaƟons. 

Insufficient modelling 
of accelerators and 

GPUs and accelerators are oŌen 
ignored or oversimplified in 

AI workloads dominate 
energy usage without 
visibility. 

GreenCode can extend 
models to include GPUs 
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heterogeneous 
resources 

infrastructure models Error! 

Bookmark not defined. 
and specialised 
hardware. 

Lack of mulƟ-
objecƟve, mulƟ-agent 
opƟmisaƟon 
frameworks 

Current approaches struggle to 
balance SLA, energy, resource 
usage, and cooling. 

Local opƟmisaƟons conflict at 
system level. 

GreenCode can explore 
mulƟ-agent, mulƟ-
objecƟve opƟmisaƟon 
strategies. 

Telemetry governance 
and access constraints 

CollecƟng infra telemetry can be 
blocked by security, privacy, and 
organisaƟonal boundaries. 

Incomplete models; blind 
spots in opƟmisaƟon. 

Provide least-privilege 
collecƟon paƩerns + 
evidence-grade audit 
trails. 

 

Non-PrioriƟes 
The direcƟons below are intenƟonally out of scope to keep the workstream focused on GreenCode’s 
differenƟator: sustainability-aware enrichment, acƟonable recommendaƟons, and evidence-backed 
opƟmisaƟon. It de-prioriƟses building a full CMDB/DCIM or pursuing inventory completeness for its 
own sake, as well as one-off snapshot discovery that becomes stale in dynamic estates. It also avoids 
approaches that don’t scale or don’t drive acƟon, manual documentaƟon-first reconstrucƟon, 
visualisaƟon-first “preƩy diagrams,” and performance-only monitoring without sustainability 
annotaƟons. Finally, we explicitly step away from vendor-locked modelling formats, physical facility 
engineering, and fully automated reconfiguraƟon without governance, favouring incremental 
normalisaƟon and explainable recommendaƟons with safe rollout/rollback paƩerns. 

Area Reason to De-prioriƟse ImplicaƟon 

Building a generic 
CMDB/DCIM/discovery product 
“from scratch” 

Mature enterprise products already 
dominate discovery/CMDB/DCIM; 
GreenCode’s differenƟator is 
sustainability-aware enrichment + 
evidence, not replicaƟng full ITAM 
stacks. 

Focus effort on sustainability 
overlays (energy APIs, hotspot 
metrics, cerƟfied esƟmaƟon, 
acƟonable recommendaƟons) 
that can integrate with exisƟng 
inventories. 

Pure “inventory completeness” as 
the primary objecƟve 

Chasing 100% asset enumeraƟon oŌen 
yields diminishing returns and delays 
sustainability impact; for GreenCode, 
acƟonable sustainability signal maƩers 
more than exhausƟve asset detail. 

PrioriƟse “good-enough topology 
for opƟmisaƟon” + conƟnuous 
update loops over perfect 
inventories. 

One-off/snapshot discovery 
outputs without 
reconciliaƟon/change tracking 

StaƟc snapshots rapidly become stale in 
dynamic estates (containers, 
autoscaling, hybrid). This runs counter to 
the secƟon’s emphasis on conƟnuously 
maintained models. 

De-prioriƟse tools/methods that 
cannot support conƟnuous model 
maintenance and provenance; 
prefer pipelines with 
reconciliaƟon and driŌ detecƟon. 

Manual documentaƟon-first 
architecture reconstrucƟon 
(workshops/interviews as the 
main method) 

Doesn’t scale, is slow to update, and 
creates governance fricƟon; also tends 
to miss runƟme realiƟes (deployments, 
dependency driŌ). 

Use humans for validaƟon/intent 
only; rely on automated evidence 
(APIs, logs, traces, IaC state) for 
the model backbone. 
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Vendor-locked, single-plaƞorm 
modelling formats (no 
translaƟon/normalisaƟon) 

The secƟon highlights heterogeneity and 
vendor/tool diversity; locking to one 
vendor model undermines portability 
and cross-layer reasoning. 

Prefer vendor-agnosƟc 
intermediate representaƟons 
(e.g., TOSCA-style normalisaƟon) 
and adapters to/from popular 
sources. 

“PreƩy diagrams” / visualisaƟon-
first architecture mining 

VisualisaƟons can be valuable, but on 
their own they don’t reduce 
energy/carbon; the boƩleneck is 
acƟonable, validated insight (hotspots → 
intervenƟons). 

Invest in diagnosis + 
recommendaƟon + verificaƟon 
loops first; visualisaƟons are 
secondary outputs. 

Performance/availability-only 
mining and monitoring 
(sustainability as an aŌerthought) 

Mature APM/monitoring already covers 
performance/upƟme; GreenCode’s 
unique contribuƟon is making 
sustainability a primary opƟmisaƟon 
lens. 

Avoid duplicaƟng APM; instead 
extend mining outputs with 
energy/carbon annotaƟons, 
hotspot metrics, and 
sustainability-aware 
reconfiguraƟon acƟons. 

AƩempƟng to model physical 
facility upgrades (cooling plant 
redesign, PUE engineering) as a 
core deliverable 

This crosses into faciliƟes engineering 
and datacentre operaƟons; important, 
but outside the soŌware/IT mining 
scope and likely partner capability 
boundaries. 

Keep scope on soŌware/IT 
infrastructure representaƟons 
and decisions that soŌware 
teams can influence (workload 
placement, consolidaƟon, 
configuraƟon). 

Fully automated reconfiguraƟon 
with no governance/approval path 

Infra changes carry risk (SLA, security, 
compliance). “Auto-change” approaches 
are oŌen blocked organisaƟonally. 

PrioriƟse explainable, ranked 
recommendaƟons + safe 
rollout/rollback paƩerns over 
hands-off automaƟon. 

Trying to “standardise everything” 
before delivering value 

Large standardisaƟon programmes slow 
down delivery and adopƟon; beƩer to 
incrementally normalise around a 
minimum viable schema and expand 
with evidence. 

Start with a minimal cross-layer 
schema + adapters; iterate based 
on what drives hotspot detecƟon 
and opƟmisaƟon. 

 

Summary and Future OpportuniƟes 
IT infrastructures are contributors to the ICT sector’s energy consumpƟon, and so their opƟmisaƟon 
presents an opportunity to reduce the environmental impact of the ICT sector. In order to achieve 
this, the exisƟng infrastructure must first be discovered, monitored, and analysed for sustainability 
inefficiencies, such as energy hotspots. Based on this analysis, the IT infrastructure can be opƟmized 
for energy efficiency and finally reconstructed into a more sustainable state. The core problem, 
however, is that the exisƟng tools and pracƟces for these stages are fragmented. To create an end-to-
end framework, several advances are required in the two key areas: first, tools for accurate energy 
esƟmaƟon and hotspot detecƟon in IT infrastructure, and second, mulƟ-objecƟve opƟmizaƟon 
approaches that balance cost, performance, and energy consumpƟon across all layers, including 
hardware and cooling to applicaƟons and their communicaƟon. 
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As a result, three new contribuƟon opportuniƟes are opening up for the GreenCode project. Firstly, 
the creaƟon of new mining and monitoring tools that treat sustainability as a primary focus. This 
would involve integraƟng energy-relevant APIs, such as RAPL, NVIDIA NVML, and IPMI 2.0, and based 
on this, creaƟng new, cerƟfied energy esƟmaƟon models that enable the precise esƟmaƟon of 
energy consumpƟon across all layers of the IT infrastructure. Secondly, based on this, new metrics for 
detecƟng sustainability hotspots can be derived, focusing on energy and related carbon emissions in 
the areas of hardware, soŌware, and communicaƟon. Thirdly, new opƟmizaƟon approaches can be 
developed that balance cost, performance, and energy consumpƟon across all layers of the IT 
infrastructure.  

 

OpportuniƟes 
GreenCode can turn infrastructure mining into an end-to-end sustainability opƟmisaƟon capability. 
By emphasising moving from staƟc discovery to conƟnuous, energy-annotated architecture 
reconstrucƟon, and extending infrastructure representaƟons, energy/carbon can become first-class 
aƩributes across systems, services, and flows. Unifying mulƟ-layer topology (hardware > plaƞorm > 
applicaƟon) and pairing it with acƟonable recommendaƟon engines and scenario-based “what-if” 
analysis to support safe decision-making could also be beneficial. 

Several opportuniƟes directly address modern estate realiƟes, energy-aware workload placement 
across infrastructures, accelerator-aware opƟmisaƟon, mulƟ-objecƟve trade-off frameworks, and 
trustworthy/cerƟfiable assessment, while also enabling cross-stakeholder transparency and dynamic 
resource allocaƟon as governance-ready operaƟonal pracƟces. 

Opportunity DescripƟon Example / ImplicaƟon ApplicaƟon to GreenCode 

ConƟnuous, 
sustainability-aware 
architecture 
reconstrucƟon 

Move from staƟc or periodic 
discovery to conƟnuously 
updated architecture models 
enriched with energy data. 

Architecture views remain 
accurate despite scaling, 
redeployment, or 
workload changes. 

GreenCode can maintain 
live, energy-annotated 
architecture graphs. 

First-class energy-aware 
infrastructure models 

Extend architecture and 
infrastructure representaƟons 
to include energy and carbon 
aƩributes. 

Energy becomes visible at 
system, service, and flow 
level. 

GreenCode can embed 
energy metrics directly into 
system models. 

Unified mulƟ-layer 
system representaƟons 

Integrate hardware, 
infrastructure, plaƞorm, and 
applicaƟon topology into a 
single model. 

Enables end-to-end 
opƟmisaƟon rather than 
siloed improvements. 

GreenCode can act as a 
unifying system-of-systems 
model. 

AcƟonable 
reconfiguraƟon 
recommendaƟon 
engines 

Translate mined insights into 
concrete, system-level 
reconfiguraƟon acƟons. 

Suggest workload 
relocaƟon, consolidaƟon, 
caching, or topology 
changes. 

GreenCode can generate 
ranked, explainable 
opƟmisaƟon 
recommendaƟons. 

Scenario-based “what-
if” sustainability 
analysis 

Simulate architectural changes 
before execuƟon to esƟmate 

Enables safer and more 
ambiƟous infrastructure 
changes. 

GreenCode can support 
decision-Ɵme sustainability 
modelling. 



 

GreenCode: State of the Art Review 

91 
 

energy and performance 
impact. 

Energy-aware workload 
placement across 
infrastructures 

OpƟmise placement based on 
interacƟon paƩerns, resource 
type, and energy efficiency. 

Reduce communicaƟon 
overhead and unnecessary 
data movement. 

GreenCode can guide 
placement strategies across 
datacentres and clouds. 

Heterogeneous 
resource-aware 
opƟmisaƟon 

Incorporate GPUs, 
accelerators, and specialised 
hardware into opƟmisaƟon 
strategies. 

Prevents AI workloads 
from dominaƟng 
infrastructure energy use 
unnoƟced. 

GreenCode can extend 
infrastructure models to 
accelerator-heavy 
environments. 

MulƟ-objecƟve 
infrastructure 
opƟmisaƟon 
frameworks 

Balance energy efficiency with 
SLA, cost, reliability, and 
resilience. 

Avoids single-metric 
opƟmisaƟon failures. 

GreenCode can support 
trade-off-aware 
opƟmisaƟon strategies. 

CerƟfied and 
trustworthy 
infrastructure energy 
assessments 

Develop validated, auditable 
energy esƟmaƟon methods at 
infrastructure level. 

Builds trust for 
procurement, reporƟng, 
and governance. 

GreenCode can support 
calibrated and cerƟfiable 
infrastructure metrics. 

Cross-stakeholder 
system transparency 

Provide shared, sustainability-
aware system views for 
architecture, operaƟons, and 
sustainability teams. 

Reduces misalignment 
between technical and 
sustainability decisions. 

GreenCode can act as a 
shared decision-support 
plaƞorm. 

Dynamic resource 
allocaƟon 

Workload-aware scaling and 
runƟme resource adaptaƟon. 

Energy savings by 
adjusƟng compute 
allocaƟon dynamically. 

Integrate profiling + scaling 
advice into opƟmisaƟon 
pipelines. 
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Standards and CerƟficaƟon for Green SoŌware 
ContribuƟng Partner(s): Digital TacƟcs 

Background 
Today the ICT sector is esƟmated to be responsible for 2-4% of global GHG emissions, rising to ~14% 
by 2040 if uncheckedError! Bookmark not defined.. A computer or server “can only be as energy efficient as the 
soŌware allows” 217  so regardless of physical opƟmisaƟons that may be present in modern  IT 
hardware (e.g. energy efficient CPU’s/GPU’s) or in faciliƟes like datacentres (advanced cooling, 
energy management), if the soŌware they are running is inefficient, the system will remain 
inefficient.  

Poorly opƟmized code causes unnecessary processor load, data transfer, and even shortens 
hardware lifespan, not because the hardware is worn out but because more powerful hardware is 
required to operate the soŌware, driving more frequent upgrades217. Thankfully though due to the 
rapid pace updates can be deployed at, if inefficient soŌware is opƟmised then a step change 
beneficial impact in performance and energy efficiency can be realised on deployment. 

Over the past decade, green soŌware engineering has emerged as a discipline focused on reducing 
the carbon footprint of soŌware through best pracƟcesError! Bookmark not defined. . This is moƟvated by both 
environmental concerns and upcoming regulaƟons.  

Efficient soŌware oŌen runs faster and costs less to operate, dispelling the myth that sustainability 
must come at extra costError! Bookmark not defined.. Furthermore, soŌware teams increasingly recognize 
their responsibility in miƟgaƟng climate change, especially as new laws require organizaƟons to 
report the emissions linked to their digital products and servicesError! Bookmark not defined. .  

Standardizing what consƟtutes “green” soŌware is important not only for consistency and credibility 
in market, but also to enable cerƟficaƟon, compliance, and broad adopƟon of sustainable soŌware 
pracƟces. 
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Current State of the Art 

StandardisaƟon and Regulatory Alignment 
Although the Green SoŌware FoundaƟon’s SCI specificaƟon provides a starƟng point for measuring 
soŌware carbon intensity110, adopƟon is limited and standards remain fragmented. Broader 
regulatory frameworks, such as the EU Corporate Sustainability ReporƟng DirecƟve (CSRD), 
increasingly mandate disclosure of environmental impacts114, yet lack soŌware-specific 
methodologies. Without clear and consistent reporƟng guidelines, developer teams and 
organisaƟons cannot easily benchmark or demonstrate compliance. Future efforts must therefore 
prioriƟse harmonisaƟon between industry-led specificaƟons, academic methodologies, and 
regulatory frameworks, ensuring that sustainability metrics are both technically robust and policy-
relevant. 

Similar regulatory pressures are emerging internaƟonally, including through the European Green 
Deal and in the United States through proposed SEC climate disclosure rules, and are parƟcularly 
pronounced in public sector procurement, where sustainability and reporƟng requirements 
increasingly influence soŌware and IT purchasing decisions 218, 219 

While recent standards such as the SoŌware Carbon Intensity (SCI) specificaƟon represent a 
significant step forward in defining how the carbon impact of soŌware systems can be measured and 
reported, their pracƟcal applicaƟon remains challenging. Most standards focus primarily on 
quanƟficaƟon and disclosure rather than on how soŌware systems should be designed, implemented, 
or operated to reduce emissions. As a result, compliance with emerging standards does not 
necessarily translate into meaningful improvements in soŌware energy efficiency, parƟcularly at the 
level of code, architecture, or runƟme behaviour. 

 

Global Standards and Frameworks  
Several standards and industry frameworks now address soŌware sustainability, either by 
repurposing exisƟng ICT standards or by developing new guidance specific to soŌwareError! Bookmark not 

defined. . In 2024 the Green SoŌware FoundaƟon’s (GSF) SoŌware Carbon Intensity (SCI) specificaƟon, a 
methodology to calculate a soŌware system’s carbon emissions per funcƟonal unit, was adopted as 
ISO/IEC 21031:2024, making it a formal internaƟonal standard220.  

SCI now provides a globally recognized metric for soŌware carbon footprint, enabling organizaƟons 
to measure and track the carbon intensity of soŌware systems in a consistent manner, and to 
compare different configuraƟons or successive versions of the same system under controlled 
assumpƟons220. The SCI metric builds on established GHG accounƟng principles, aligning with 
frameworks like ISO 14064 (which governs quanƟficaƟon and verificaƟon of organizaƟonal GHG 
emissions) and the GHG Protocol220. In essence, ISO 21031:2024 fills a long-standing gap by defining 
how to measure soŌware’s contribuƟon to carbon emissions, helping make soŌware sustainability 
“measurable and manageable” rather than an aŌerthought220. 

Although SCI provides a common language for comparing soŌware carbon intensity, it is largely 
agnosƟc to the internal structure of soŌware systems. The metric does not prescribe how emissions 
should be reduced, nor does it directly integrate with soŌware engineering artefacts such as code 
repositories, architectural models, or CI/CD pipelines. This limits its usefulness as an engineering tool 
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and posiƟons it primarily as a reporƟng and benchmarking mechanism rather than a driver of 
opƟmisaƟon. 

In parallel, general environmental management standards are being applied to soŌware. ISO 14001 
(Environmental Management Systems) provides a framework that organizaƟons can extend to cover 
soŌware-related impacts Error! Bookmark not defined.. The soŌware development process can also draw on 
ISO 14062 (guidance on eco-design) to integrate environmental consideraƟons in design and 
engineering Error! Bookmark not defined..  

TradiƟonal soŌware quality standards like ISO/IEC 25010 already include aƩributes such as 
“performance efficiency”, “resource uƟlizaƟon”, and even the degree to which a system miƟgates risk 
to the environmentError! Bookmark not defined.. Another crucial set of standards come from the ITU 
(InternaƟonal TelecommunicaƟon Union): ITU-T L.1410 provides methods for ICT product life-cycle 
assessmentsError! Bookmark not defined., and ITU-T L.1420 offers an energy and GHG assessment 
methodology at the organizaƟon level Error! Bookmark not defined. .  

Together with ISO 14044 (life-cycle assessment for products)Error! Bookmark not defined., they enable a 
holisƟc evaluaƟon of soŌware’s indirect environmental impacts across its lifecycle (development, 
deployment, usage, and disposal of supporƟng hardware). In fact there are now around 150 ICT 
sustainability standards and recommendaƟons (many from ITU-T) that upcoming policies may draw 
upon for regulaƟng digital technology Error! Bookmark not defined.. This shows that the “greening” of exisƟng 
standards is well underway, even as new,  soŌware-specific standards are introduced, but while this 
is the case they remain far from widescale implementaƟon. 

At the infrastructure and system benchmarking level, addiƟonal standards complement soŌware-
focused sustainability metrics. The ISO/IEC 30134 series defines widely used data centre 
sustainability key performance indicators, including Power Usage EffecƟveness (PUE), Carbon Usage 
EffecƟveness (CUE), and Water Usage EffecƟveness (WUE) 221. For system-level efficiency 
benchmarking, the SPEC SERT suite extends tradiƟonal server performance evaluaƟon by 
incorporaƟng workload-level energy measurements222. In the context of arƟficial intelligence, 
benchmarks such as MLPerf-Energy have recently introduced energy-aware extensions that capture 
both performance and energy efficiency during model training and inference, reflecƟng the growing 
energy impact of AI workloads223. 
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Benchmarks & Standards Snapshot (soŌware-relevant) 
The table below summarises the most relevant soŌware- and system-level standards and 
benchmarks currently used to assess energy efficiency and environmental performance across 
different layers of the soŌware stack. 

 

Name ClassificaƟon Scope Primary 
FuncƟon 

Energy 
Coverage 

Comparability Maturity / 
Status 

SoŌware 
Carbon 
Intensity (SCI) 
/ ISO/IEC 
21031:2024 

InternaƟonal 
standard 
(metric 
framework) 

SoŌware 
system 

CalculaƟon and 
reporƟng of 
soŌware 
carbon 
intensity 

Direct 
(esƟmated via 
energy & 
carbon factors) 

Within-system (across 
configuraƟons/iteraƟon
s) 

ISO 
standard 

Green 
SoŌware 
FoundaƟon – 
Measurement 
Guidance 
(non-SCI) 

Industry 
framework 
(guidance) 

SoŌware 
systems 

Guidance on 
sustainability 
metrics and 
reporƟng 
pracƟces 

Indirect / 
methodological 

Not intended for 
comparison 

De facto, 
evolving 

ISO/IEC 30134 
(PUE, CUE, 
WUE) 221 

InternaƟonal 
standard 
(infrastructur
e KPIs) 

Data centre / 
infrastructur
e 

Facility-level 
energy, carbon, 
and water 
efficiency KPIs 

Indirect 
(context/proxy) 

Cross-facility ISO 
standard 

SPEC SERT 
Suite222 

Benchmark 
suite 

Server / 
system 

ComparaƟve 
evaluaƟon of 
system-level 
energy 
efficiency 
under defined 
workloads 

Direct 
(measured 
energy) 

Cross-system 
(controlled workloads) 

De facto 
industry 
benchmark 

MLPerf-
Energy 

Benchmark 
suite 

AI training & 
inference 
systems 

Joint 
benchmarking 
of AI 
performance 
and energy 
efficiency 

Direct 
(measured 
energy) 

Cross-system 
(benchmark-specific) 

De facto 
industry 
benchmark 

Carbon Aware 
SDK  

Developer 
tooling / 
operaƟonal 
framework 

Deployment 
& operaƟons 

Carbon-aware 
scheduling / 
workload 
shiŌing using 
grid carbon 
signals 

Indirect (grid 
carbon 
intensity) 

Not intended for 
comparison 

ProducƟon
-ready 
tooling 
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MLCO₂224  and 
Hugging Face 
emissions 
reporƟng 225 

Transparency 
& reporƟng 
framework 
(voluntary) 

AI model 
training & 
publishing 

Voluntary 
esƟmaƟon and 
disclosure of 
training 
emissions 
(oŌen via 
model cards) 

Indirect 
(esƟmated 
energy & 
carbon via 
CodeCarbon 
and similar) 

Not intended for 
comparison 

Widely 
used, 
voluntary 

DIMPACT Measuremen
t framework 
(industry-led) 

Digital 
services / 
media 
supply 
chains 

CalculaƟon of 
environmental 
impacts across 
digital value 
chains 

Indirect (model-
based) 

Not intended for 
benchmarking 

Industry 
iniƟaƟve 

ISO/IEC 25010 
(Performance 
Efficiency 
characterisƟcs
) 

InternaƟonal 
standard 
(soŌware 
quality 
model) 

SoŌware 
product 
quality 

Defines 
performance 
efficiency 
aƩributes 
(Ɵme/resource 
uƟlisaƟon) 

Indirect (proxy) Not intended for 
comparison 

ISO 
standard 

ISO 14040 / 
ISO 14044 
(Life Cycle 
Assessment) 

InternaƟonal 
standard (LCA 
methodology
) 

Products & 
services 
(cross-
sector) 

Lifecycle-based 
environmental 
impact 
assessment 
method 

Indirect 
(methodological
) 

Depends on study 
design 

ISO 
standard 

AFNOR SPEC:– 
General 
framework for 
frugal AI 

Pre-standard 
/ 
specificaƟon 
(guidance) 

AI systems Guidance to 
measure/reduc
e AI 
environmental 
impact across 
lifecycle 

Indirect 
(principles & 
pracƟces) 

Not intended for 
benchmarking 

Pre-
standard 
(AFNOR 
SPEC) 

 

IniƟaƟves and OrganizaƟons 
IniƟaƟves led by organisaƟons such as the Green SoŌware FoundaƟon, the SoŌware Sustainability 
InsƟtute, and the Green Web FoundaƟon have played a criƟcal role in raising awareness, establishing 
shared terminology, and promoƟng best pracƟces. However, their impact is constrained by their 
emphasis on guidance, educaƟon, and voluntary adopƟon. Given the scale and heterogeneity of the 
global soŌware industry, standards and principles alone are insufficient to drive widespread 
behavioural change without complementary tooling that embeds sustainability directly into 
engineering workflows. 

The Green SoŌware FoundaƟon 
The GSF was established in 2021 and has become a key driver in coordinaƟng industry efforts. It has 
grown to dozens of member organizaƟons (including major tech firms like Google, Intel, MicrosoŌ, 
and Salesforce) dedicated to advancing sustainable soŌware pracƟcesError! Bookmark not defined.. They have 
published open resources such as Green SoŌware Design PaƩerns and a Carbon Aware SDK. The 
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Carbon Aware SDK is an open toolkit that enables applicaƟons to run workloads at Ɵmes or locaƟons 
where electricity is cleaner (i.e. with lower carbon intensity) 220, an example of carbon-aware 
compuƟng in acƟon.  

They target three main principles in their work: SoŌware energy efficiency reflecƟng the use of less 
power for the same work; Hardware efficiency reflecƟng the use of less physical equipment; and 
Carbon awareness which reflects scheduling and load shiŌing to use greener energyError! Bookmark not 

defined.. They also offer training (e.g. a Green SoŌware PracƟƟoner course) and foster knowledge 
exchange in the community.  

Through such iniƟaƟves, industry is aƩempƟng to supplement formal standards with pracƟcal tools 
and best pracƟces, acceleraƟng what companies can do now while standards bodies catch up. 

However, while their work is admirable in terms of coordinaƟng large players in soŌware engineering 
and deriving some consensus on standards, its members account for a small proporƟon of the total 
soŌware industry226 and outside of specialist communiƟes, a significant proporƟon of the soŌware 
industry is not impacted or engaged by their work.  

Significant effort needs to be applied to make a real difference through educaƟon and 
standardisaƟon, and it may be the case that, like security, accessibility and other topics, full (or even 
close to full) engagement is never achieved.  

This is where tools like GreenCode will make a key difference in the applicaƟon of green soŌware 
standards. By abstracƟng the responsibility for the applicaƟon of green soŌware principles away 
from the specific developer and onto the system at large the need for every developer to be 
adequately educated is removed. It is beneficial of course if the developer is educated on these 
topics but the requirement and burden of this is reduced. GreenCode will create educaƟonal 
feedback loops and materials for developers based on the acƟon it has taken on their codebases also 
spreading the reach of the green soŌware message into areas where it may not otherwise naturally 
occur.  

 

The SoŌware Sustainability InsƟtute 
The SoŌware Sustainability InsƟtute (SSI), predates the GSF by over 10 years and was the world’s first 
dedicated organizaƟon for academic research soŌware sustainability. It has become a global leader 
in promoƟng beƩer pracƟces. Based at UK universiƟes including Edinburgh, Manchester, and 
Southampton, and funded by major research councils (EPSRC, ESRC, BBSRC, UKRI, JISC, NERC), the SSI 
has received more than £17 million to date in cumulaƟve funding. 

Its acƟviƟes span training, consultancy, and community building: it has supported more than 210 
fellows, trained over 8,000 researchers, and partnered with iniƟaƟves like The Carpentries to scale 
naƟonal training capacity. Crucially, SSI pioneered the Research SoŌware Engineer (RSE) movement, 
co-founding the UK RSE AssociaƟon and supporƟng the formaƟon of the Society of Research 
SoŌware Engineering, thereby transforming the recogniƟon and professionalizaƟon of research 
soŌware work. 

At SSI has advanced sustainability in research soŌware by embedding sustainability as a recognized 
quality aƩribute, promoƟng reproducibility and maintainability, and developing frameworks to assess 
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and improve soŌware health. Its workshops and reports (e.g., WOSSS19) help set agendas for 
sustainable soŌware research, while its consultancy and collaboraƟve projects provide real-world 
validaƟon across disciplines and countries.  

Like the GSF the SSI’s impact lies in cultural change: normalizing the idea that research soŌware is a 
first-class research output requiring long-term stewardship. In this sense, SSI not only shapes 
academic discourse but also provides infrastructure and policy influence. 

 

The Green Web FoundaƟon 
Founded in 2006, the Green Web FoundaƟon (GWF), predates both the SSI and GSF. It is a non-profit 
organizaƟon dedicated to decarbonizing the internet by promoƟng transparency and accountability 
in web hosƟng and digital infrastructure. Its most widely used service is the Green Web Dataset, an 
open and conƟnuously updated directory of web hosts and services that are verified green providers. 
This dataset underpins the popular “green check” tool, which allows users and developers to quickly 
verify whether a website runs on sustainable infrastructure. GWF also offers APIs and browser 
extensions that integrate green checks into everyday workflows, thereby normalizing carbon-aware 
decision-making for developers, organizaƟons, and end-users alike. 

Beyond hosƟng verificaƟon, the FoundaƟon has broadened its acƟviƟes to educaƟon, community-
building, and tooling for carbon-aware soŌware development. IniƟaƟves include training programs 
on sustainable web pracƟces, open-source libraries for carbon-aware operaƟons, and partnerships 
with organizaƟons like the Climate AcƟon Tech community.  

It plays a unique role by bridging grassroots developer communiƟes and sustainability advocates 
with industry efforts, complemenƟng broader frameworks like the Green SoŌware FoundaƟon. At 
the state of the art, GWF provides pracƟcal, lightweight intervenƟons—APIs, badges, and open 
data—that make sustainability acƟonable for the wider developer ecosystem, parƟcularly SMEs and 
civil society groups that are oŌen outside the scope of larger corporate consorƟa. 

 

The Sustainable Games Alliance 
An oŌen-overlooked area of the IT and soŌware sector is the video gaming. Like TV and film 
producƟon it tends to be categorised under creaƟve industries but is at its heart as much enterprise 
soŌware as it is creaƟve endeavour. Moreso in some cases given the demands and expectaƟons of its 
audience. 

The Sustainable Games Alliance (SGA) is a member-governed non-profit cooperaƟve, founded by 
game industry veterans and environmental researchers, with the mission of making the games sector 
a sustainability leader by establishing ambiƟous, industry-specific standards that go beyond mere 
compliance227 228.  

Recognizing the inadequacy of one-size-fits-all frameworks, the SGA has developed the SGA 
Standard—a comprehensive, open-access toolkit tailored to the unique needs of game producƟon. 

Based on the GHG Protocol, the standard simplifies compliance with diverse regimes (e.g., EU 
CSRD/ESRS; California’s SB 253/SB 261; and emerging UK Sustainability ReporƟng Standards (UK SRS) 
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based on ISSB/IFRS S1/S2 through acƟonable templates, benchmarking, emissions assessment 
methodologies (including Scope 1, 2, and refined Scope 3 calculaƟons), and sector-relevant data 
collecƟon guidance 228 229. This iniƟaƟve is informed by ongoing research e.g. from the EU-funded 
STRATEGIES project, which ensures the standard’s robustness and credibility through expert review 
228. 

SGA occupies a pivotal role in the state-of-the-art for sustainable soŌware by bridging the 
sustainability gap within a high-impact creaƟve industry. It provides tailored compliance pathways, 
allowing developers to benchmark, report, and reduce emissions effecƟvely and cost-efficiently. Its 
focused scope on industry-specific emissions (like employee commuƟng, home-working energy use, 
digital distribuƟon, and gaming hardware life cycles) enables meaningful intervenƟons that 
tradiƟonal general-purpose ESG frameworks miss 229.  

By aggregaƟng data across members, promoƟng shared methodologies, and grounding the approach 
in research-backed validaƟon, SGA is pioneering an acƟonable, scalable, and sector-aligned model 
for embedding sustainability into the operaƟonal DNA of game development studios worldwide. 

 

IEEE CommuniƟes on Sustainable CompuƟng and Green ICT 
The InsƟtute of Electrical and Electronics Engineers (IEEE) has been instrumental in formalizing 
sustainability within compuƟng through its technical socieƟes, conferences, and standards iniƟaƟves. 
Two major communiƟes lead this space: IEEE Sustainable CompuƟng (within the IEEE Computer 
Society) and IEEE Green ICT IniƟaƟve. Together, they provide an academic and industrial plaƞorm for 
advancing research, educaƟon, and standardizaƟon on environmentally responsible ICT.  

The IEEE Green ICT IniƟaƟve, launched in 2015, coordinates across IEEE socieƟes to address ICT’s 
environmental footprint, covering areas such as energy-efficient networking, green cloud compuƟng, 
and lifecycle assessments of digital systems. Meanwhile, IEEE Sustainable CompuƟng focuses more 
narrowly on algorithmic efficiency, low-power architectures, and soŌware-hardware co-design, 
producing publicaƟons and organizing tracks at flagship conferences like IEEE e-Energy and IEEE 
Sustainable CompuƟng. 

These IEEE efforts are notable in the state of the art because they connect fundamental research, 
standardizaƟon, and policy influence. They are closely involved in the development of IEEE standards 
(e.g., IEEE 1680 series on environmental assessment of electronics) and collaborate with ISO and ITU 
on internaƟonal green ICT metrics. Importantly, IEEE communiƟes also frame sustainability as a 
cross-cuƫng concern: embedding energy efficiency and environmental performance alongside 
tradiƟonal concerns like reliability, performance, and security. This posiƟons IEEE as a key knowledge 
broker—translaƟng research breakthroughs into globally recognized standards and disseminaƟng 
best pracƟces across academia, industry, and government. While their reach is strongest in scholarly 
and professional communiƟes, their outputs (conferences, standards, publicaƟons) directly influence 
the broader ICT sustainability ecosystem. 
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CerƟficaƟon Schemes  
CerƟficaƟon schemes and assurance mechanisms play a complementary role to standards, 
benchmarks, and measurement frameworks by providing independent validaƟon of sustainability 
claims rather than defining how energy or environmental performance is calculated or compared. 
Whereas standards and benchmarks establish metrics, methodologies, and controlled evaluaƟon 
condiƟons, cerƟficaƟon schemes focus on verifying compliance against defined criteria, supporƟng 
trust, procurement decisions, and regulatory alignment. 

In the context of green soŌware, cerƟficaƟon and assurance iniƟaƟves typically operate at the level 
of organisaƟons, services, or products, and oŌen rely on underlying measurement standards or 
lifecycle assessment methods without prescribing specific soŌware engineering techniques. This 
subsecƟon covers formal ecolabels, assurance bodies, and closely related pre-standardisaƟon efforts 
that shape emerging cerƟficaƟon pracƟces, while remaining disƟnct from the benchmarking and 
tooling ecosystems described earlier.  

 

Blauer Engel (Blue Angel) 
Formal cerƟficaƟon programs for green soŌware are sƟll nascent, but a few pioneering schemes 
have emerged. In Germany, the government-backed Blue Angel (Blauer Engel) ecolabel, the world’s 
first environmental product label, introduced criteria for “Resource and Energy-Efficient SoŌware 
Products” (award criterion DE-UZ 215) in 2020 217,230.  

This Blue Angel cerƟficaƟon assures that a soŌware product meets stringent requirements for low 
energy consumpƟon, frugal use of hardware resources, and user-transparency. For example, Blue 
Angel-cerƟfied soŌware must demonstrate that it uses hardware in an especially efficient manner, 
saves energy, and can extend hardware lifespan by remaining performant on older devices217. It also 
forbids pracƟces like excessive data collecƟon, adverƟsing bloat, or unnecessary network use that 
would waste energy230 . IniƟally limited to desktop applicaƟons, the criteria were recently expanded 
(in 2024) to cover mobile and server soŌware as well217.  

Being first, the Blue Angel serves as a de facto internaƟonal benchmark for green soŌware products. 
However, adopƟon has been limited so far, the first soŌware to earn it was the KDE Okular PDF 
reader in 2021217, and only a handful of products (including an open-source cloud server and a web 
analyƟcs tool) have followed217. The updated criteria aim to encourage broader uptake, offering 
more flexible tesƟng methods and requiring ongoing annual re-measurement of energy use to 
ensure soŌware updates remain efficient217. Observers note that making such sustainability 
achievements visible via labels like Blue Angel is important to drive awareness and accountability in 
the soŌware industry217. 

Numérique Responsable 
Another notable cerƟficaƟon is France’s “Numérique Responsable” (Responsible Digital) label, 
launched in 2019 by the InsƟtut du Numérique Responsable with government support231. Rather 
than cerƟfying a specific soŌware product, this label recognizes organizaƟons (companies, public 
agencies, etc.) for implemenƟng a broad responsible IT strategy covering environmental, social, and 
economic aspects of digital technology231.  
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ParƟcipaƟng organizaƟons undergo an audit and commit to conƟnuous improvement in areas like 
energy efficiency of IT operaƟons, electronic waste reducƟon, digital inclusion, and so on 231. The 
French NR label has mulƟple levels and is becoming a naƟonal benchmark for sustainable IT 
management, with large enterprises and even ciƟes achieving cerƟficaƟon 231,232. While its scope 
goes beyond just soŌware development, it highlights that at an organizaƟonal level, sustainable 
soŌware pracƟces are part of a larger digital responsibility framework 231. Companies like CGI and 
Pierre Fabre in France have publicized obtaining this label as proof of their commitment to greener 
IT232. 

General Framework for Frugal AI (AFNOR SPEC) 
The “General framework for frugal AI”, published as an AFNOR SPEC, represents a recent and notable 
effort to address the environmental impacts of arƟficial intelligence systems through structured 
guidance rather than formal cerƟficaƟon. As a pre-standardisaƟon specificaƟon, the AFNOR SPEC 
does not consƟtute a binding standard or cerƟficaƟon scheme, but instead provides a shared 
reference framework intended to inform future standards, best pracƟces, and assessment 
methodologies. 

The specificaƟon focuses on the concept of frugality in AI, encompassing not only energy 
consumpƟon during model training and inference, but also broader consideraƟons such as data 
efficiency, hardware uƟlisaƟon, deployment choices, and lifecycle impacts. Importantly, the AFNOR 
SPEC emphasises the need to consider environmental impacts across the full AI system lifecycle, 
rather than treaƟng energy efficiency as a narrow performance opƟmisaƟon problem. In the context 
of green soŌware, this framework highlights the growing convergence between AI governance, 
sustainability objecƟves, and soŌware engineering pracƟces, and illustrates how pre-standardisaƟon 
efforts can shape the evoluƟon of future cerƟficaƟon schemes and regulatory expectaƟons for 
environmentally responsible AI systems. 

Carbon Trust (CerƟficaƟon and Assurance) 
The Carbon Trust is a well-established, independent organisaƟon that provides carbon measurement, 
assurance, and cerƟficaƟon services across a wide range of sectors, including digital and ICT systems. 
In the context of soŌware and digital services, the Carbon Trust plays a key role in translaƟng high-
level sustainability reporƟng requirements into verifiable claims, supporƟng organisaƟons in 
measuring, disclosing, and validaƟng the environmental impacts of their products and services. 

Carbon Trust cerƟficaƟons and labels are typically grounded in lifecycle assessment (LCA) 
methodologies and internaƟonally recognised standards, and are oŌen used to demonstrate 
credibility to customers, regulators, and procurement bodies. While the Carbon Trust does not 
prescribe specific soŌware engineering pracƟces, its schemes exert indirect influence on soŌware 
development and operaƟon by incenƟvising organisaƟons to adopt measurable, auditable 
approaches to emissions reducƟon. As such, Carbon Trust cerƟficaƟon funcƟons as an important 
market signal and assurance mechanism, complemenƟng more technically detailed soŌware-level 
metrics and engineering frameworks by providing external validaƟon of sustainability claims. 

DIMPACT 
DIMPACT is an industry-academic collaboraƟon, led by the University of Bristol, that provides a 
standardized methodology and toolkit for assessing the carbon footprint of digital media services. 
Originally developed with partners including BBC, Neƞlix, ITV, and Sky, DIMPACT focuses on the 
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emissions associated with content delivery, adverƟsing, publishing, and video streaming—sectors 
with rapidly growing digital footprints. Rather than being a cerƟficaƟon in itself, DIMPACT provides a 
boundary-spanning accounƟng framework that translates complex supply chains and infrastructure 
dependencies into measurable greenhouse gas emissions. By offering a transparent, sector-specific 
approach grounded in the GHG Protocol, DIMPACT has been recognized as a de facto benchmarking 
tool in the media industry. Its existence highlights how sustainability standards are emerging through 
coaliƟons of industry stakeholders around shared measurement challenges, seƫng useful precedents 
for other digital domains, including soŌware development and cloud-based services. 

Community Labels 
Apart from official labels, community-driven badges have appeared. For example, the Green Web 
FoundaƟon maintains a directory of websites hosted on renewable energy and offers a badge for 
websites that are “running on green energy.” Similarly, tools like EcoGrader and Website Carbon 
Badge allow web developers to assess and display the carbon footprint of their sites.  

These are not formal cerƟficaƟons, but they contribute to a culture of transparency. They also 
complement emerging Web-specific standards, the W3C’s Sustainable Web Design guidelines 
(draŌed in 2023) provide best pracƟces for creaƟng low-carbon web applicaƟons, covering 
everything from efficient UX/design to green hosƟng choicesError! Bookmark not defined.. This kind of 
guidance may eventually translate into cerƟficaƟon criteria for web services. 

 

Policy and Regulatory Developments 
Thus far, no country has explicit energy-efficiency regulaƟons for soŌware products217, but policies 
are trending toward including soŌware in broader climate accountability. The EU’s Digital Product 
Passport iniƟaƟve and Green Deal discussions hint at incorporaƟng digital services into ecodesign 
and circular economy regulaƟons in the future. Importantly, the EU’s Corporate Sustainability 
ReporƟng DirecƟve (CSRD) (effecƟve 2024) mandates large companies to report detailed 
environmental data, including IT usage impacts and product-use phase emissionsError! Bookmark not defined..  

SoŌware-related emissions (e.g. from cloud usage or end-user devices) would fall under scope 3 
(indirect) emissions which firms must quanƟfy220. In fact, studies find that in ICT companies, 
applicaƟons and soŌware services account for 67-93% of total ICT GHG emissions, making it a crucial 
focus for reporƟng and reducƟon220 . This regulatory pressure is driving companies to adopt the new 
measurement standards and tools. For instance, European firms like banks and IT consultancies have 
started to apply the SCI ISO standard internally to compute baseline emissions for their soŌware 
porƞolios220.  

They are also pairing it with code-level sustainability analysis, the Object Management Group (OMG) 
released an Automated Source Code Resource Sustainability Measure (ASCRSM) standard in 2023 to 
idenƟfy common coding issues that waste energy or resources233. By using SCI for high-level carbon 
accounƟng and ASCRSM for code-quality scanning, organizaƟons can set targets per applicaƟon and 
pinpoint inefficiencies in source code (such as algorithmic paƩerns that cause excessive CPU or 
memory use)233 . These concrete methodologies and standards, backed by industry consorƟa and 
now ISO/IEC and OMG, represent the state-of-the-art toolkit for making soŌware greener. 
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Academic and CompeƟƟve Benchmark 
In academia, research on soŌware energy opƟmizaƟon and measurement has flourished, yielding 
tools like energy profilers, IDE plug-ins for efficiency, and algorithms for energy-aware scheduling. 
While not formal standards, these research outputs oŌen inform industry best pracƟces. We also see 
compeƟƟons and benchmarks highlighƟng what is achievable. For example, the earlier Green Code 
Lab Challenge (2013-2015, later evolved into the internaƟonal Design4Green compeƟƟon) brought 
together student and professional teams to build the most energy-efficient web applicaƟons under 
Ɵme constraints234.  

Such contests illustrate techniques for drasƟc energy reducƟon in code and have helped raise 
awareness in the developer community. In high-performance compuƟng, the Green500 ranking (a 
counterpart to the Top500 supercomputers list) has, since 2007, spurred compeƟƟon for 
performance per waƩ in supercompuƟng, effecƟvely a benchmark for soŌware-hardware co-
opƟmizaƟon.  

The lessons from these arenas (e.g. using efficient algorithms, tuning code to hardware, avoiding 
computaƟon that doesn’t add user value) are increasingly being codified into mainstream guidelines 
(for instance, the Green SoŌware FoundaƟon’s paƩern catalogue captures many of these ideas for 
general soŌware developmentError! Bookmark not defined.). 

 

LimitaƟons and Gaps 
The LimitaƟons and Gaps table below summarises why standards and cerƟficaƟon, while rapidly 
evolving, sƟll struggle to drive measurable reducƟons in real soŌware estates. It highlights 
fragmentaƟon and scope constraints (overlapping schemes, niche cerƟficaƟons), weak market/legal 
drivers, and the pracƟcal difficulty of robust measurement and aƩribuƟon, parƟcularly in modern 
cloud and mulƟ-tenant seƫngs where allocaƟon rules materially affect results. It also surfaces 
adopƟon and credibility risks, including limited SME accessibility and greenwashing potenƟal where 
independent verificaƟon is weak, reinforcing the core gap between “being able to report” and “being 
able to opƟmise.” 

LimitaƟon/Gap DescripƟon Example/ImplicaƟon ApplicaƟon To GreenCode 

Fragmented 
Standards 
Landscape 

Many overlapping standards, 
no unified baseline 

Efforts remain “formaƟve and 
fragmented”  

GreenCode can align and 
integrate with SCI (ISO 21031) 

220to reduce fragmentaƟon 

Narrow or 
Specialized Scope 

CerƟficaƟons cover limited 
domains 

Blue Angel iniƟally only desktop GreenCode can broaden 
applicability across mobile, 
cloud, AI 

Lack of 
Legal/Market 
Drivers 

No legal requirement for 
soŌware efficiency  

Sustainability de-prioriƟzed 
unless voluntary 

GreenCode can anƟcipate 
regulatory shiŌs (EU CSRD) 

Measurement 
Complexity 

Energy aƩribuƟon is difficult Tools immature; inconsistent 
results 

GreenCode can focus on 
automated, robust 
measurement 

Academic-
Industry Gap 

Research not adopted in 
pracƟce 

ASCRSM sƟll niche GreenCode can bridge by 
operaƟonalizing research 
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Lack of SME 
Engagement 

Most cerƟficaƟon schemes 
are designed for large 
enterprises; SMEs and indie 
developers find them too 
complex or costly. 

Small studios or open-source 
projects cannot realisƟcally 
pursue Blue Angel or CSRD 
alignment. 

GreenCode could provide a 
lightweight cerƟficaƟon 
toolkit or automated 
reporƟng tailored for SMEs. 

Risk of 
Greenwashing 

Voluntary schemes without 
independent verificaƟon can 
lead to symbolic compliance 
rather than substanƟve 
improvement. 

Large vendors “badge” 
products without real 
reducƟons. 

GreenCode could provide 
evidence-backed metrics via 
automated measurement, 
reducing the risk of 
superficial claims. 

Compliance acƟon 
gap in green 
soŌware 
standards 

ExisƟng standards primarily 
support the measurement 
and reporƟng of soŌware-
related emissions but 
provide limited guidance on 
how to achieve measurable 
reducƟons. 

OrganisaƟons can be compliant 
with reporƟng requirements 
while making liƩle or no 
progress in reducing energy use 
or carbon impact. 

GreenCode can help bridge 
this gap by linking 
standardised metrics to 
concrete, evidence-based 
opƟmisaƟon acƟons. 

Conflicts between 
funcƟonal 
requirements and 
sustainability 
goals 

Standards don’t resolve real 
trade-offs in delivery 
contexts. 

Sustainability is waived under 
performance/SLA pressure. 

Provide trade-off paƩerns + 
decision records + evidence-
based excepƟons. 

MulƟ-tenant 
aƩribuƟon and 
shared-cost 
allocaƟon 

In shared cloud and plaƞorm 
environments, per-service 
energy/emissions aƩribuƟon 
depends on allocaƟon rules 
(idle sharing, contenƟon, 
baseline assumpƟons) that 
materially affect results. 

Two teams can report different 
“footprints” for the same 
service depending on whether 
they allocate idle energy by 
CPU Ɵme, memory reservaƟon, 
request share, or fixed 
baselines. 

GreenCode should define 
explicit allocaƟon rules and 
confidence grading for mulƟ-
tenant seƫngs, and link the 
resulƟng evidence to 
compliance reporƟng 
requirements described in 
the Standards and 
CerƟficaƟon secƟon. 

 

Non-PrioriƟes 
GreenCode should avoid the following items to remain focused on soŌware-centred cerƟficaƟon 
value. We de-prioriƟse duplicaƟng mature hardware/facility schemes (EnergyStar, PUE, OCP), relying 
on offsets as a primary strategy, creaƟng new ad-hoc metrics that increase fragmentaƟon, and 
making non-soŌware domains (embodied hardware, broader supply-chain topics) the core of a 
soŌware cerƟficaƟon effort. We also regard consumer-facing eco-label approaches and full 
regulatory alignment as premature for an early-stage plaƞorm, favouring instead interoperability 
with exisƟng standards (notably SCI) while building pracƟcal evidence automaƟon. 

Area Reason to De-prioriƟse ImplicaƟon 

Hardware-only efficiency 
standards (Energy Star, PUE, OCP, 
EU Ecodesign) 

Already mature; not the differenƟator 
for GreenCode soŌware cerƟficaƟon. 

Focus on soŌware-level metrics and 
evidence. 

Carbon offsets as the primary 
strategy 

Offsets don’t improve soŌware 
efficiency and complicate assurance 
narraƟves. 

PrioriƟse real reducƟons; offsets are 
out-of-scope for GreenCode 
deliverables. 
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Ad-Hoc Metrics FragmentaƟon risk if invenƟng new 
metrics 

Align with ISO 21031 (SCI) 

Non-ICT sustainability domains 
(e-waste, supply chain, embodied 
hardware) as cerƟficaƟon core 

Data-intensive; outside soŌware 
cerƟficaƟon focus. 

Acknowledge links; keep cerƟficaƟon 
centred on soŌware energy/carbon 
evidence. 

Highly Experimental Academic 
TacƟcs 

Some green architectural or ML 
tacƟcs (e.g., EcoMLS adaptaƟons) lack 
industrial proof and may be 
premature 

GreenCode should avoid over-
invesƟng in unvalidated methods; 
instead, track them unƟl mature 

Non-soŌware Sustainability 
Dimensions 

Social sustainability or hardware 
lifecycle topics are important but 
outside a soŌware cerƟficaƟon focus 

Keep scope narrowed to emissions 
and energy efficiency of soŌware, 
while acknowledging links 

Hardware Efficiency Standards Already well-covered by exisƟng 
programs (EnergyStar, OCP, EU 
Ecodesign). 

GreenCode should focus on 
soŌware-level efficiency, not 
duplicate established work. 

Consumer-Facing Eco-Labels High cost and limited credibility 
without regulatory backing. 

Focus instead on developer and 
enterprise cerƟficaƟon, where 
impact is larger and measurable. 

Narrow Niche CerƟficaƟons Sector-specific schemes (e.g., for 
media streaming or games) may not 
generalize. 

GreenCode should build a broadly 
applicable plaƞorm, while remaining 
interoperable with niches. 

Full regulatory alignment (at this 
stage) 

RegulaƟon is in flux. 
Track CSRD/SCI etc., but don’t over-
invest in compliance tooling before 
core evidence automaƟon is solid. 
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Summary and Future OpportuniƟes 
Looking forward, standards and cerƟficaƟon schemes have the potenƟal to act as powerful market 
mechanisms, parƟcularly in procurement, regulaƟon, and customer trust. However, the current 
standards landscape remains primarily focused on the measurement and reporƟng of soŌware-
related emissions, with limited support for translaƟng compliance into concrete, system-level 
opƟmisaƟon acƟons. Frameworks such as the SoŌware Carbon Intensity (SCI) specificaƟon provide a 
structured methodology for assessing the carbon intensity of a soŌware system and for comparing 
different configuraƟons or successive iteraƟons of the same system over Ɵme, rather than serving as 
a universal comparator across heterogeneous applicaƟons or deployment contexts. 

As a result, a persistent gap remains between compliance and impact, where organisaƟons may be 
able to calculate or disclose emissions without having clear, evidence-based pathways to reduce 
them. While exisƟng iniƟaƟves and organisaƟons have been effecƟve in establishing shared 
principles and raising awareness, their emphasis on guidance, educaƟon, and voluntary adopƟon 
highlights the need for complementary tooling that embeds sustainability directly into soŌware 
engineering and operaƟonal workflows.  

GreenCode can play a complementary role by operaƟonalising sustainability requirements at the 
level of soŌware systems themselves. By linking architecture models, runƟme behaviour, and 
empirical energy measurements to standardised reporƟng frameworks such as SCI, GreenCode 
enables cerƟficaƟon to evolve from passive disclosure towards acƟve, validated, and evidence-based 
opƟmisaƟon. 

 

OpportuniƟes 
GreenCode can turn the current standards landscape into an engine for real-world change presenƟng 
opportuniƟes to (i) reduce fragmentaƟon through standard consolidaƟon and reference 
implementaƟons, (ii) expand cerƟficaƟon pathways beyond niche schemes, (iii) automate 
sustainability reporƟng alignment with ESG/regulatory pressures (e.g., CSRD), and (iv) shiŌ 
cerƟficaƟon from periodic audits to conƟnuous improvement tooling embedded in CI/CD and 
operaƟons. It also has the strategic opportunity to align product-level and organisaƟon-level labels, 
connect soŌware metrics into broader corporate frameworks, and use AI/automaƟon to produce 
governance-ready evidence at scale. 

Opportunity  DescripƟon Example/ImplicaƟon ApplicaƟon To GreenCode 

Standard 
ConsolidaƟon 

 Shape and unify emerging 
standards 

ISO 21031 (SCI) could 
become universal metric 

GreenCode can serve as 
reference implementaƟon 

CerƟficaƟon 
Expansion 

 Scale cerƟficaƟon beyond 
niche 

Blue Angel + potenƟal new 
domains  

GreenCode can support 
cerƟficaƟon pathways 

IntegraƟon into 
ESG 

 Mandatory sustainability 
reporƟng 

EU CSRD (2024) GreenCode can automate 
reports 

ConƟnuous 
Improvement 
Tooling 

 From staƟc audits to CI/CD 
monitoring 

Blue Angel requires annual 
remeasurement  

GreenCode can embed 
runƟme/DevOps tools 
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OrganizaƟonal 
Label Alignment 

 Align with org-level schemes 
(e.g., Numérique 
Responsable). 

Companies prefer org-wide 
vs product-only. 

Ensure compaƟbility across 
product + org schemes. 

OrganizaƟonal 
Label Alignment 

 Growth of org-level 
cerƟficaƟons like France’s 
Numérique Responsable 

Companies may prefer org-
wide over product-only 
cerƟficaƟon  

GreenCode can ensure 
compaƟbility with both 
soŌware and organizaƟonal 
schemes 

Cross-Sector 
CerƟficaƟon 
Convergence 

 Link soŌware sustainability 
with other established 
cerƟficaƟons (ISO 14001, 
ESG audits). 

SoŌware sustainability 
included in corporate ESG 
reports. 

GreenCode could bridge 
soŌware metrics with broader 
corporate reporƟng 
frameworks. 

AI and AutomaƟon 
in CerƟficaƟon 

 Using AI to dynamically 
assess compliance and 
generate sustainability 
reports. 

Automated generaƟon of 
CSRD-aligned disclosures. 

GreenCode can be a 
compliance automaƟon 
engine, saving companies 
Ɵme/cost. 

Community 
Standards 
Influence 

 Shaping emerging standards 
in collaboraƟon with GSF, 
IEEE, and naƟonal bodies. 

GreenCode insights feed into 
ISO/IEC guidelines. 

Opportunity to disseminate 
methods and findings into the 
standards pipeline. 
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Sectorial Review 
This secƟon outlines the state-of-the-art with respect to specific applicaƟon domains and use cases. 

SotA of Energy-efficient CompuƟng for AutomoƟve Systems 

ContribuƟng Partner(s): Kings College London, KAN Engineering, TWT 

Background 
AutomoƟve systems represent a highly constrained and safety-criƟcal compuƟng environment in 
which energy efficiency has historically been driven by hardware and powertrain consideraƟons 
rather than by soŌware behaviour. However, the rapid transformaƟon of vehicles into complex, 
soŌware-defined systems—characterised by increasingly centralised electronic/electrical (E/E) 
architectures, high-performance compute plaƞorms, and extensive sensing and connecƟvity—has 
significantly elevated the role of soŌware in determining overall energy consumpƟon. Modern 
vehicles now integrate dozens of electronic control units (ECUs) or domain controllers execuƟng 
mixed-criƟcality workloads, ranging from real-Ɵme control funcƟons to data-intensive advanced 
driver assistance systems (ADAS) and in-vehicle infotainment. 

Energy efficiency in automoƟve compuƟng is Ɵghtly coupled with stringent non-funcƟonal 
requirements, including funcƟonal safety (ISO 26262), real-Ɵme determinism, reliability, and thermal 
constraints. Unlike general-purpose or cloud compuƟng environments, automoƟve soŌware must 
oŌen meet hard Ɵming guarantees under worst-case operaƟng condiƟons, limiƟng the applicability 
of aggressive dynamic power-management strategies commonly used elsewhere. As a result, energy 
opƟmisaƟon has tradiƟonally focused on staƟc, design-Ɵme decisions such as hardware selecƟon, 
task allocaƟon, and scheduling policies, with limited visibility into fine-grained runƟme energy 
behaviour aƩributable to soŌware. 

The shiŌ toward soŌware-defined vehicles, over-the-air (OTA) updates, and increasingly autonomous 
funcƟonality has intensified the need for more systemaƟc, soŌware-aware energy opƟmisaƟon 
approaches. Centralised compute plaƞorms, heterogeneous processors (including CPUs, GPUs, and 
AI accelerators), and service-oriented soŌware architectures introduce new opportuniƟes for 
workload consolidaƟon and adapƟve resource management, while also increasing the risk of energy 
inefficiencies emerging from soŌware design, integraƟon, and evoluƟon over a vehicle’s lifeƟme. 
These characterisƟcs place automoƟve systems at the intersecƟon of embedded systems 
engineering, real-Ɵme compuƟng, and energy-aware soŌware design. 

From a green soŌware perspecƟve, the automoƟve domain exemplifies many of the challenges that 
GreenCode seeks to address: long-lived, safety-criƟcal soŌware systems operaƟng under strict 
performance and reliability constraints, where architectural decisions, runƟme behaviour, and 
energy consumpƟon are Ɵghtly coupled. Addressing energy efficiency in this context therefore 
requires holisƟc approaches that integrate soŌware architecture, runƟme execuƟon, and empirical 
energy measurement, seƫng the stage for the state-of-the-art techniques and research direcƟons 
discussed in the following secƟons. 
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Current State of the Art 
The current state of the art in energy-efficient compuƟng for automoƟve systems is characterised by 
a strong emphasis on conservaƟve, design-Ɵme opƟmisaƟon combined with Ɵghtly controlled 
runƟme behaviour, reflecƟng the safety-criƟcal and real-Ɵme nature of the domain. In producƟon 
automoƟve environments, energy efficiency is typically addressed through architectural decisions, 
task allocaƟon, and scheduling strategies implemented within established plaƞorms such as 
AUTOSAR Classic and AdapƟve, running on automoƟve-grade real-Ɵme operaƟng systems and 
increasingly heterogeneous system-on-chip (SoC) plaƞorms used for central vehicle compute and 
ADAS. Industry pracƟce prioriƟses predictability, cerƟficaƟon, and worst-case guarantees, with 
energy opƟmisaƟon techniques carefully validated to ensure they do not compromise funcƟonal 
safety, Ɵming constraints, or system reliability. As a result, the automoƟve SotA is defined less by 
aggressive dynamic opƟmisaƟon and more by proven methodologies for consolidaƟon, workload 
placement, and lifecycle-aware soŌware evoluƟon, informed by empirical measurement and 
extensive integraƟon tesƟng across long-lived vehicle plaƞorms. 

 

QuanƟfying SoŌware-Level Energy Demands 
Autonomous vehicles (AVs) are a rapidly developing class of intelligent transportaƟon systems (ITSs) 
being deployed in selected ciƟes. Connected vehicles conƟnuously collect and transmit various types 
of data, such as speed, real-Ɵme locaƟon, acceleraƟon, state of charge in electric vehicles (EVs), and 
diagnosƟcs, from one vehicle to another. These data are essenƟal for analyzing vehicle performance 
and road condiƟons, helping the drivers to make beƩer decisions and managing the traffic 
condiƟons235. AVs hold significant potenƟal to enhance road safety by reducing accidents caused by 
human error. They can also improve traffic efficiency and producƟvity, while minimizing 
environmental impacts through opƟmized driving paƩerns that lower fuel consumpƟon and support 
sustainability236. 

Achieving high levels of autonomy requires AVs to comprehensively understand their environment by 
processing extensive data from sensors like cameras, radars, and LiDARs through a soŌware stack 
heavily reliant on machine learning (ML) algorithms236. The data generated from an average hour of 
driving can reach up to 20 Terabytes, depending on sensor specificaƟons and data rates237. 
Processing this massive volume of data in milliseconds necessitates significant computaƟonal power 
onboard the vehicle235 236. This reliance on high-performance compuƟng units integrated inside the 
vehicle, which deploy AI models and algorithms, acts as the "brain" of the AV 237. 

Many review papers focus on the environmental benefits of AVs, such as opƟmized driving strategies, 
improved route selecƟon, fewer stops, and platooning. However, they oŌen overlook the substanƟal 
energy demands imposed by essenƟal hardware systems, including sensors, computers, and 
cameras235. The power required by these components increases the energy consumpƟon235. Previous 
studies have also not thoroughly examined the data processing requirements in these vehicles235. 
This compuƟng power required onboard AVs has the potenƟal to yield emissions comparable to 
those of all data centres today, based on a scenario with one billion AVs driving one hour per day 
with an average computer power of 0.84 kW238. Characterizing the carbon emissions from compuƟng 
onboard AVs is a relaƟvely new area of research238. 
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The energy consumpƟon of compuƟng onboard AVs is part of the broader environmental footprint of 
digiƟzaƟon and InformaƟon and CommunicaƟon Technologies (ICT) (Sudhakar, Sze and Karaman, 
2022) 239. While the final energy consumpƟon and associated carbon footprint of ICT are relaƟvely 
well-studied, other environmental factors and certain phases of the equipment life cycle (like raw 
material extracƟon, manufacturing, maintenance, and end-of-life) are less understood239. New 
connected equipment and services, including edge compuƟng relevant to AVs, add complexity to 
these assessments239. 

 

Methods to OpƟmise SoŌware Energy Demands 
The increasing demand for higher autonomy levels, parƟcularly Level 5 self-driving, requires enabling 
AI at the edge devices within the vehicle in an energy-efficient manner237. Challenges exist in 
applying and integraƟng technological innovaƟons, despite advancements in sensor technologies, 
wireless communicaƟons, compuƟng, and AI/ML algorithms, to achieve energy efficiency in 
autonomous driving services237. 

ApproximaƟon techniques and energy-efficient methods are being explored for autonomous driving 
services237. This includes communicaƟon-efficient approaches and soŌware approximaƟon 
techniques, such as low-rank approximaƟon, pruning, quanƟzaƟon, and sparsificaƟon, which aim to 
reduce the parameters of staƟsƟcal models for inference237. Energy-efficient deployment of AI 
applicaƟons on resource-constrained devices can also uƟlize allocaƟon schemes, heterogeneity-
aware mechanisms, and federated learning237.  

Edge AI approaches and vehicular frameworks focus on energy efficiency237. Datasets play a crucial 
role in developing machine/deep learning-based autonomous driving services and tasks237. Various 
datasets have been made available, oŌen categorized by sensors used and potenƟal driving 
applicaƟons, including commonly used ones like KITTI, Cityscapes, and PASCAL VOC 237. Frameworks 
for autonomous driving are also being developed, categorized as driving task/assist oriented, 
independent applicaƟon/service oriented, or compute-communicaƟon oriented 237. 

Research trends in autonomous driving have shown primary focus areas such as percepƟon 
(specifically object detecƟon and segmentaƟon), SLAM (Simultaneous LocalizaƟon and Mapping), 
and vehicular communicaƟon237. While energy-efficient approaches are gradually increasing in 
popularity as research topics, the number of publicaƟons on these methods is sƟll relaƟvely less 
compared to other subjects237.  

 

IntegraƟng Sustainable PracƟces into Vehicle Development Workflows 
However, research gaps and open problems remain, such as data management and processing 
techniques on edge devices, categorizing autonomous driving use-cases by real-Ɵme and energy 
implicaƟons, and hierarchically categorizing autonomous driving tasks and their energy impacts 237. A 
significant challenge is handling the high-volume data from vehicle sensors, especially during 
collaboraƟve inference, as current edge frameworks may not propose modules for offloading or 
aggregaƟng sensed data at the edge, which can lead to data floods and repeƟƟve computaƟon237. 
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The environmental effects of digiƟzaƟon are categorized into direct effects (from the life cycle of 
equipment) and indirect effects (posiƟve or negaƟve outcomes from digiƟzing other sectors)239. 
Indirect effects can include efficiency gains or rebound effects239. A rebound effect occurs when a 
posiƟve impact (like increased efficiency) leads to increased demand or consumpƟon239. Different 
types of rebound effects exist, including direct, backfire, indirect, Ɵme, and macro-level rebounds239. 
Macro-level rebounds are oŌen ignored in the literature239. CriƟcally, assessments of indirect effects 
are complex because they are influenced by external factors like regulaƟons, prices, and socio-
cultural contexts, making extrapolaƟons highly uncertain239. ExisƟng literature tends to focus on 
posiƟve indirect effects while potenƟally ignoring or minimizing negaƟve ones239. Addressing these 
gaps requires further research and improved methodologies for assessing the complex interplay of 
direct and indirect environmental impacts of digiƟzaƟon, including the computaƟonal demands of 
autonomous vehicles239. 

 

LimitaƟons and Gaps 
In current automoƟve soŌware engineering pracƟce, formal analysis and assurance acƟviƟes are 
heavily centred on safety and risk assessment, supported by well-established standards, processes, 
and artefacts. While this focus is both necessary and appropriate for safety-criƟcal systems, it leaves 
sustainability largely outside the scope of systemaƟc assessment. Although some of the data and 
models used in safety, Ɵming, and performance analysis could potenƟally be leveraged to reason 
about energy consumpƟon and environmental impact, exisƟng assessment frameworks do not treat 
sustainability as a first-class concern. This raises an open quesƟon as to whether sustainability 
consideraƟons can be integrated into current automoƟve assessment and assurance processes, or 
whether new, complementary frameworks are required to evaluate and evidence soŌware 
sustainability alongside safety and risk. 

LimitaƟon / Gap DescripƟon ImplicaƟon for Energy 
Efficiency 

Relevance to GreenCode 

Energy not a first-
class opƟmisaƟon 
objecƟve 

AutomoƟve soŌware 
opƟmisaƟon remains 
dominated by safety, Ɵming, 
and reliability requirements, 
with energy efficiency treated 
as a secondary or derived 
concern. 

Energy inefficiencies persist 
when trade-offs are resolved 
conservaƟvely in favour of 
worst-case guarantees rather 
than energy-opƟmal 
behaviour. 

Highlights the need for 
approaches that integrate 
energy awareness without 
compromising safety or 
determinism. 

Predominance of 
staƟc, design-Ɵme 
opƟmisaƟon 

Most energy-related decisions 
are made during architecture 
design, task mapping, and 
scheduling, with limited 
adaptaƟon at runƟme. 

Inability to respond to 
changing workloads or 
operaƟng condiƟons leads to 
sub-opƟmal energy use over 
the vehicle lifecycle. 

MoƟvates lifecycle-aware 
analysis and feedback 
mechanisms aligned with 
GreenCode principles. 

Limited runƟme 
energy visibility at 
soŌware level 

Fine-grained aƩribuƟon of 
energy consumpƟon to 
soŌware components, tasks, or 

Developers lack acƟonable 
feedback linking soŌware 
behaviour to energy impact. 

Reinforces the need for 
soŌware-level 
observability and 
measurement integraƟon. 
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services is rarely available in 
producƟon vehicles. 

Constrained 
applicability of 
dynamic power 
management 

Aggressive DVFS, task 
migraƟon, or dynamic 
consolidaƟon techniques are 
oŌen restricted by real-Ɵme 
and safety constraints. 

Many energy-saving 
techniques used in cloud or 
consumer systems cannot be 
safely applied in automoƟve 
contexts. 

Underscores the 
importance of domain-
specific energy 
opƟmisaƟon strategies. 

Heterogeneous 
compute under-
exploited for energy 
efficiency 

Increasing use of CPUs, GPUs, 
and AI accelerators is driven by 
funcƟonality rather than 
energy-opƟmal workload 
placement. 

Workloads may execute on 
sub-opƟmal processing units 
from an energy perspecƟve. 

Points to opportuniƟes for 
architecture- and 
workload-aware 
opƟmisaƟon across 
heterogeneous plaƞorms. 

Fragmented 
toolchains and 
limited cross-layer 
integraƟon 

Energy analysis, Ɵming analysis, 
safety verificaƟon, and soŌware 
architecture are handled using 
largely separate tools and 
workflows. 

Energy consideraƟons are 
difficult to propagate across 
development stages and 
organisaƟonal boundaries. 

Aligns with GreenCode’s 
goal of unifying 
architecture, runƟme 
behaviour, and 
sustainability analysis. 

Limited support for 
long-term soŌware 
evoluƟon and OTA 
effects 

Energy impacts of over-the-air 
updates and incremental 
soŌware growth are rarely 
assessed systemaƟcally. 

Energy consumpƟon may 
increase over Ɵme as 
funcƟonality accumulates. 

Highlights the need for 
conƟnuous assessment 
across the soŌware 
lifecycle. 

Lack of automoƟve-
specific energy 
benchmarks 

There are few widely accepted 
benchmarks for evaluaƟng 
soŌware energy efficiency 
under automoƟve workloads 
and constraints. 

Comparability across 
plaƞorms and soluƟons 
remains limited. 

Supports GreenCode’s 
emphasis on context-
aware, system-specific 
evaluaƟon rather than 
global benchmarking. 

 

Summary and Future OpportuniƟes 
While autonomous driving offers numerous potenƟal benefits, the energy consumpƟon and 
environmental impact of the extensive compuƟng and data processing required onboard AVs present 
significant challenges that need further research, parƟcularly in developing energy-efficient 
hardware and soŌware soluƟons and beƩer understanding the broader environmental implicaƟons 
within the context of digiƟzaƟon. 

Despite growing awareness of the energy and environmental implicaƟons of onboard compuƟng in 
Electric / Autonomous vehicles, there remains a lack of systemaƟc tools and methodologies to 
quanƟfy and reduce the soŌware-level energy footprint of ADAS/AD/EV applicaƟons. Current 
frameworks largely neglect the role of soŌware opƟmisaƟon and green coding pracƟces in miƟgaƟng 
energy use at the algorithmic, subsystem, system and vehicle levels.  

To address this gap, our work within GreenCode introduces a novel approach that integrates energy 
profiling, sustainability benchmarking, and soŌware opƟmisaƟon directly into the ADAS/AD/EV 
development workflow. By enabling fine-grained visibility into the energy consumpƟon of AI models 
and soŌware components, our contribuƟon empowers developers and system architects to make 
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informed decisions that align with both performance and environmental goals. This represents a 
criƟcal step toward embedding environmental sustainability into the core of ADAS/AD/EV systems 
and products. 

 

OpportuniƟes 
The table below summarises the key opportunity areas for advancing energy-efficient compuƟng in 
automoƟve systems, focusing on intervenƟons that are compaƟble with safety, real-Ɵme constraints, 
and heterogeneous in-vehicle compute. It highlights where research and tooling can move from 
isolated opƟmisaƟons to repeatable, engineering-workflow-friendly pracƟces, spanning 
measurement and aƩribuƟon, design-Ɵme trade-offs, and bounded runƟme adaptaƟon, alongside 
the enablers needed to operaƟonalise these improvements at scale. 

Opportunity Area DescripƟon Expected Impact on 
Energy Efficiency 

Alignment with 
GreenCode 

Energy as a first-
class design 
objecƟve 

IntegraƟng energy efficiency explicitly 
into automoƟve soŌware architecture, 
scheduling, and trade-off analysis 
alongside safety and Ɵming constraints. 

Enables systemaƟc 
reducƟon of energy 
consumpƟon without 
undermining funcƟonal 
safety or determinism. 

Directly supports 
GreenCode’s aim to 
embed sustainability 
into core soŌware 
engineering decisions. 

Cross-layer energy 
observability 

Development of tooling that links 
soŌware components, tasks, and 
services to runƟme energy 
measurements across OS, middleware, 
and hardware layers. 

Provides acƟonable 
feedback to developers, 
enabling targeted 
opƟmisaƟon and 
regression detecƟon. 

Aligns with 
GreenCode’s focus on 
architecture–runƟme–
measurement 
integraƟon. 

Safety-aware 
runƟme 
adaptaƟon 

ExploraƟon of constrained, cerƟfiable 
runƟme adaptaƟon techniques (e.g., 
bounded DVFS, mode-based 
scheduling) compaƟble with 
automoƟve safety requirements. 

Allows limited but effecƟve 
runƟme energy 
opƟmisaƟon under 
controlled condiƟons. 

Supports GreenCode’s 
principle of domain-
aware, evidence-based 
opƟmisaƟon. 

Energy-aware 
workload 
placement on 
heterogeneous 
plaƞorms 

SystemaƟc mapping of workloads to 
CPUs, GPUs, and AI accelerators based 
on both funcƟonal and energy 
characterisƟcs. 

Improves uƟlisaƟon of 
heterogeneous compute 
resources and reduces 
unnecessary energy 
expenditure. 

Reinforces 
GreenCode’s system-
level opƟmisaƟon 
perspecƟve. 

Lifecycle-aware 
energy assessment 
for OTA updates 

EvaluaƟng the cumulaƟve energy 
impact of over-the-air updates and 
incremental feature addiƟons across 
the vehicle lifeƟme. 

Prevents gradual energy 
degradaƟon as soŌware 
evolves post-deployment. 

Strongly aligned with 
GreenCode’s lifecycle 
and conƟnuous 
assessment goals. 

Integrated 
toolchains for 
energy, safety, and 
Ɵming analysis 

Closer integraƟon of energy analysis 
with exisƟng automoƟve toolchains for 
safety verificaƟon, Ɵming analysis, and 
architecture modelling. 

Reduces fricƟon in 
adopƟng energy-aware 
pracƟces within 
established workflows. 

Advances GreenCode’s 
vision of unified, 
developer-facing 
sustainability tooling. 
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AutomoƟve-
specific energy 
benchmarks and 
reference 
workloads 

Development of representaƟve 
workloads and evaluaƟon 
methodologies reflecƟng automoƟve 
constraints and use cases. 

Enables more meaningful 
comparison and validaƟon 
of energy opƟmisaƟon 
techniques. 

Complements 
GreenCode’s emphasis 
on context-aware 
evaluaƟon over generic 
benchmarks. 

Sustainability-
aware assessment 
alongside safety 
and risk 

ExploraƟon of approaches to assess 
soŌware sustainability in parallel with 
established automoƟve safety and risk 
assessment processes, either by 
extending exisƟng frameworks (e.g. 
safety cases, V-model artefacts) or by 
introducing complementary 
sustainability assessment mechanisms. 

Enables systemaƟc 
consideraƟon of energy 
and environmental impacts 
during design and 
validaƟon, rather than 
relying on ad hoc or post 
hoc opƟmisaƟon. 

Directly aligned with 
GreenCode’s goal of 
embedding 
sustainability into core 
soŌware engineering 
and assurance 
pracƟces. 
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SotA of EvaluaƟng the Energy Efficiency of Embedded Plaƞorms in Aerospace 
ContribuƟng Partner(s): ZAL 

Background 
The energy efficiency of embedded systems plays an increasingly important role in aviaƟon. With the 
shiŌ away from fossil fuels toward hydrogen or baƩery-electric systems, electrical energy 
consumpƟon demands will also increase. This can affect the power consumpƟon of electrical 
components in drones and other aerospace applicaƟons as much as it will commercial aircraŌ. 

OpƟmizing soŌware on embedded plaƞorms (e.g., microcontrollers) in such a way that energy can be 
saved while maintaining the same system funcƟonality is an important goal for the sector, enabling 
exisƟng systems to be more efficient while also unlocking the potenƟal for ever more complex 
soŌware or even AI to operate in significantly energy constrained systems. 

In principle, this can be achieved either by opƟmizing algorithms or by using dedicated hardware 
resources, but to quanƟfy and understand the energy consumpƟon of soŌware as accurately as 
possible, appropriate measurements are necessary. Embedded plaƞorms provide good access to 
hardware and power supplies and can be well controlled in terms of soŌware and operaƟng systems.  

 

Current State of the Art 
A state-of-the-art review was conducted to examine which methods and technologies have already 
been used to carry out similar measurements. The analysis of the state of the art is primarily 
intended to help opƟmize our own approach to measuring electrical power consumpƟon or energy 
usage in these contexts. 

The following secƟon describes selected scienƟfic studies evaluaƟng the efficiency of different 
soŌware components or algorithms. These and other works serve as guidance for the demonstrator 
to be developed within the project for automated energy consumpƟon measurement. 

 

ALEA: Fine-Grained Energy Hotspot Profiling for Embedded SoŌware 
The paper by Mukhanov et al.240 introduces ALEA (AbstracƟon-Level Energy AccounƟng), a 
lightweight, staƟsƟcal profiler for fine-grained energy consumpƟon esƟmaƟon at the basic block level 
of soŌware. The aim is to help developers understand where energy is consumed inside programs 
and how to opƟmize code for energy efficiency beyond just execuƟon Ɵme.  

ALEA captures energy metrics at basic block level (a basic block is a straight-line code sequence with 
no branches). It uses random sampling to minimize performance overhead (<3.5%) compared to 
instrumentaƟon-based profilers. It also uses general-purpose performance counters and external 
power measurement (does not require architectural modificaƟon). A linear regression model was 
build between performance counter values (e.g., instrucƟons reƟred, cache misses) and energy 
consumpƟon. 
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The runƟme state was sampled as follows: At fixed intervals (e.g., every 10 ms), ALEA captures the 
currently execuƟng basic block. It simultaneously logs performance counters and system-level power 
readings. It maps observed execuƟon metrics to energy samples to learn the energy cost per block 
(regression analysis). The output parameters of ALEA are “Energy per basic block” (joules) and 
“RelaƟve energy distribuƟon over the codebase”.  

Two different case studies were evaluated, one of them was k-means clustering. ALEA showed that a 
small number of basic blocks consumed a disproporƟonate amount of energy (20% of execuƟon Ɵme 
but 40% of energy). Developers used this insight to refactor memory access and loop bounds, 
reducing energy without affecƟng accuracy. Another case study involved the POP Ocean Model 
Kernel. ALEA idenƟfied energy-inefficient basic blocks in numerical loops involving floaƟng-point 
operaƟons. Using insights from ALEA, the developers applied loop unrolling and data layout 
transformaƟons. It achieved up to 18% reducƟon in energy consumpƟon with negligible performance 
overhead. 

One key finding was that energy does not equal Ɵme: The profiler proves that opƟmizing for runƟme 
does not always lead to opƟmal energy use. Some blocks consume more energy due to memory 
intensity or I/O stalls, not just execuƟon cycles. Also, hotspots Are Not Always Obvious: Even in high-
performance code, energy hotspots may reside in less obvious places (e.g., memory prefetch 
instrucƟons or branch mispredicƟon penalƟes). 

 

Energy-Aware RunƟme Algorithm SelecƟon for Power-Constrained Embedded Systems 
The study by Bunse et al.241 explores how soŌware-level choice of sorƟng algorithms impacts energy 
consumpƟon, parƟcularly in baƩery-powered, mobile and embedded systems. It proposes a runƟme 
opƟmizer that dynamically selects between algorithm implementaƟons to balance energy use versus 
performance.  

For their evaluaƟon, an AVR microcontroller (ATmega128) with external SRAM was used, connected 
over Bluetooth (BlueSmirf modules), used in a communicaƟon node that receives datasets, sorts 
them, and transmits results.  

Different sorƟng algorithms were implemented: Bubble Sort, InserƟon Sort, Quick Sort (iteraƟve and 
recursive), Merge Sort (iteraƟve and recursive), Heap Sort, Shell Sort, SelecƟon Sort.  

The energy consumpƟon was esƟmated via baƩery voltage drop over Ɵme, used as an indirect 
indicator of system energy usage. Trend funcƟons were empirically derived mapping input array size 
to esƟmated energy for 1,000 runs. 

Energy vs. Performance Trade-offs: InserƟon Sort is the most energy-efficient for small-to-moderate 
dataset sizes, despite poorer Ɵme complexity (O(n²)). It is memory-efficient and in-place, thus saving 
power. Quicksort, although faster, consumes more energy due to increased memory and CPU 
uƟlizaƟon. For larger datasets where Ɵme is prioriƟzed, Quicksort becomes preferable, especially 
when the energy difference falls within a small threshold242  

AdapƟve Algorithm Switching: A dynamic system that chooses sorƟng strategy at runƟme based on 
data size and energy/performance trade-offs. AdapƟve behavior matched or improved energy 
savings compared to energy-opƟmal non-adapƟve variant, while maintaining beƩer throughput than 
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purely energy-opƟmized oŌen slow algorithms (InserƟon Sort). Non-adapƟve Quicksort provides 
high throughput but drains baƩery quickly; non-adapƟve InserƟon Sort extends baƩery life but limits 
throughput; the adapƟve system strikes a middle ground based on policy thresholds. 

In conclusion, an energy-aware strategy choice at runƟme can outperform fixed implementaƟon 
policies—vital for embedded/mobile systems where upƟme and responsiveness maƩer. Right-sizing 
algorithm based on input size and desired trade-off yields significant gains in baƩery life without 
compromising performance unduly. Memory footprint and data movement maƩer more to energy 
use than raw algorithmic complexity; in-place, low-overhead algorithms can outperform higher-
complexity ones under energy constraints. This is echoed in database join studies as well.  

Empirical modeling with power measurement (even via voltage tracking) can deliver acƟonable cost 
funcƟons for embedded systems. This approach can be extended to sorƟng or algorithm variants on 
plaƞorms like the Intel NUC: derive energy models under controlled measurements, then 
dynamically select the implementaƟon suited to data size and performance-uƟlity needs. Highlights 
that pure performance opƟmizaƟon does not equal energy efficiency, underscoring the importance 
of custom energy profiling at the implementaƟon level. 
 

Bridging Research and PracƟce in Energy-Efficient SoŌware Engineering  
The arƟcle by Wysocki, Miciuła, and Plecka (2025)243 presents a systemaƟc literature review on 
methods for improving the energy efficiency of soŌware and examines their actual applicaƟon in 
industrial pracƟce. The moƟvaƟon for the study stems from the growing importance of sustainable 
soŌware development, as soŌware now represents a significant part of global energy use, both 
directly through computaƟonal workloads and indirectly via the large-scale infrastructures that 
execute it. The central research quesƟons addressed by the authors were threefold: (1) what 
methods and pracƟces for reducing the energy consumpƟon of soŌware have been reported in the 
literature, (2) what the current level of adopƟon of these methods in pracƟce is, and (3) what 
barriers and opportuniƟes exist for promoƟng more energy-efficient soŌware engineering. 

The review idenƟfies and categorizes exisƟng methods into five broad groups. The first group, 
resource management and parallelizaƟon opƟmizaƟon, focuses on controlling how compuƟng 
resources are allocated and scheduled. Well-established techniques such as Dynamic Voltage and 
Frequency Scaling (DVFS) and thread shuffling are highlighted. These approaches can lead to 
substanƟal energy reducƟons, with some studies reporƟng savings of up to 56% when applied 
effecƟvely. The HERMES framework, which combines voltage and frequency adjustment with 
workload tuning, was also discussed, though it delivered more modest improvements of 3–4%. 

The second group of methods involves communicaƟon opƟmizaƟon, where the main goal is to 
reduce the energy overhead of data transfers and network interacƟons. This is parƟcularly relevant in 
distributed and mobile compuƟng environments where communicaƟon oŌen consumes more power 
than computaƟon. Although not elaborated in detail, the review emphasizes that opƟmizing 
communicaƟon paƩerns can yield significant benefits in systems where energy efficiency is 
constrained by I/O operaƟons. 



 

GreenCode: State of the Art Review 

118 
 

The third category, automaƟc energy tuning, relates to adapƟve approaches that adjust soŌware 
parameters at runƟme to balance energy consumpƟon and performance. These techniques rely on 
dynamic monitoring and intelligent control strategies to opƟmize energy efficiency under varying 
workloads. Such methods are especially promising in heterogeneous and cloud environments, where 
workloads can fluctuate significantly over Ɵme. 

A parƟcularly impacƞul category of techniques is approximaƟon methods. Approximate compuƟng 
reduces energy usage by deliberately relaxing precision or accuracy where exact results are not 
criƟcal. Examples include EnerJ, a Java-based framework for approximate data types, which has 
demonstrated energy reducƟons between 10% and 50%. Other strategies, such as using single-
precision instead of double-precision arithmeƟc, hybrid precision computaƟons, or memoizaƟon 
(reusing previously computed results), can achieve even greater savings, with memoizaƟon showing 
reducƟons of up to 74% in certain cases. The review highlights that approximaƟon offers some of the 
most significant opportuniƟes for improving energy efficiency, if soŌware correctness and quality 
requirements are not compromised. 

The fiŌh and final group comprises programming pracƟces, refactoring, and design paƩerns. Here 
the review emphasizes that good soŌware engineering pracƟces, such as minimizing I/O operaƟons, 
preferring bulk operaƟons over iteraƟve calls, selecƟng energy-efficient data structures, applying 
loop transformaƟons, and adopƟng the “race to idle” strategy, can collecƟvely lower energy 
consumpƟon. Refactoring tools and pracƟces also contribute: automaƟc refactoring for mobile 
plaƞorms led to energy reducƟons of around 5%, while broader refactoring efforts were found to 
offer further, though more context-dependent, improvements. 

In addiƟon to categorizing methods, the review sheds light on the current state of adopƟon in 
industry. Surveys of soŌware developers and architects indicate that energy efficiency remains a low 
priority in pracƟce. Only 18% of developers reported that they considered energy consumpƟon 
during development, and just 10% had measured soŌware energy use. Similarly, only 17% of 
soŌware architects have addressed energy-related challenges in recent years. The main barriers 
idenƟfied include a general lack of awareness, limited client demand for energy-efficient soluƟons, 
insufficient tool support, and organizaƟonal prioriƟes that focus more on performance, cost, and 
Ɵme-to-market. A follow-up survey conducted in 2023 by the authors reinforced these findings: 
while developers oŌen lacked formal knowledge of energy-saving techniques, they showed 
considerable interest and willingness to adopt them if supported by appropriate incenƟves and 
educaƟon. 

Finally, the review outlines several opportuniƟes for improvement. Key enablers include increasing 
developer awareness through educaƟon and training, providing beƩer tooling and profiling support 
to make energy consumpƟon visible, and establishing incenƟves or client-driven requirements for 
energy-efficient soŌware. The authors propose a conceptual framework that links these enablers 
with technical methods, highlighƟng synergies between academic research and industrial pracƟce. 

In conclusion, the systemaƟc review by Wysocki et al. provides a comprehensive overview of the 
state of research and pracƟce in soŌware energy efficiency. It idenƟfies promising technical 



 

GreenCode: State of the Art Review 

119 
 

approaches, especially approximaƟon techniques and resource management strategies—while 
highlighƟng the gap between research findings and their applicaƟon in real-world soŌware 
development. Addressing the awareness and adopƟon barriers idenƟfied in this study could 
significantly enhance the role of soŌware in achieving broader sustainability goals. 

 

LimitaƟons and Gaps 
The LimitaƟons and Gaps table below outlines the main challenges that currently limit robust 
evaluaƟon of energy efficiency on embedded plaƞorms. It captures common sources of 
measurement uncertainty and non-comparability (differences in instrumentaƟon, operaƟng 
condiƟons, and workload design), the difficulty of aƩribuƟng plaƞorm-level energy signals to specific 
soŌware components, and the pracƟcal constraints of embedded environments (restricted access to 
counters, low overhead budgets, and high device heterogeneity). Together, these issues explain why 
results are oŌen hard to reproduce or generalise, and why evaluaƟon methods that work in 
controlled research seƫngs frequently struggle to scale to real product development and 
cerƟficaƟon contexts. 

LimitaƟon / Gap DescripƟon ImplicaƟon for Energy 
EvaluaƟon 

Relevance to GreenCode 

Energy evaluaƟon 
dominated by 
hardware-level 
metrics 

Energy efficiency is commonly 
assessed at the level of boards, 
chips, or power rails, with limited 
linkage to soŌware execuƟon. 

SoŌware-induced 
energy inefficiencies 
remain hidden, limiƟng 
acƟonable opƟmisaƟon. 

Highlights the need for 
soŌware-centric 
aƩribuƟon and analysis. 

Limited soŌware-
level energy 
aƩribuƟon 

Fine-grained aƩribuƟon of energy 
consumpƟon to tasks, funcƟons, or 
components is rarely available on 
embedded plaƞorms. 

Developers lack insight 
into how specific 
soŌware design choices 
affect energy use. 

Reinforces GreenCode’s 
focus on linking soŌware 
behaviour to energy 
outcomes. 

Fragmented 
evaluaƟon tooling 
and workflows 

Power measurement, performance 
profiling, and soŌware analysis are 
typically performed using separate 
tools and workflows. 

Energy evaluaƟon is 
costly, manual, and 
difficult to integrate into 
development cycles. 

Aligns with GreenCode’s 
goal of unifying analysis 
across layers and tools. 

Lack of standardised 
evaluaƟon 
methodologies 

There is no widely accepted 
protocol for evaluaƟng and 
comparing embedded plaƞorm 
energy efficiency across vendors or 
domains. 

Results are difficult to 
reproduce or compare, 
limiƟng knowledge 
transfer. 

MoƟvates GreenCode’s 
emphasis on repeatable, 
evidence-based 
assessment. 

Reliance on syntheƟc 
benchmarks 

Many evaluaƟons use 
microbenchmarks or arƟficial 
workloads that do not reflect real 
embedded applicaƟons. 

Energy behaviour under 
real operaƟng condiƟons 
is poorly understood. 

Supports GreenCode’s 
focus on runƟme-aware 
and workload-
representaƟve analysis. 
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Limited consideraƟon 
of RTOS and 
middleware effects 

The energy impact of RTOS 
scheduling policies, middleware 
stacks, and inter-task 
communicaƟon is oŌen under-
analysed. 

Significant energy costs 
may arise from system 
soŌware rather than 
applicaƟon logic. 

Highlights an opportunity 
for runƟme- and 
orchestraƟon-aware 
evaluaƟon. 

Challenges evaluaƟng 
heterogeneous 
embedded plaƞorms 

Increasing use of DSPs, GPUs, and 
accelerators complicates energy 
evaluaƟon and comparison. 

Workloads may be 
placed on sub-opƟmal 
processing units from an 
energy perspecƟve. 

Reinforces the need for 
system-level, 
heterogeneous-aware 
analysis. 

Poor support for 
lifecycle and 
firmware evoluƟon 
analysis 

Energy impacts of firmware 
updates, configuraƟon changes, and 
feature growth are rarely assessed 
over Ɵme. 

Long-lived devices may 
become progressively 
less energy efficient. 

Strongly aligned with 
GreenCode’s lifecycle-
aware sustainability 
objecƟves. 

Limited traceability 
for cerƟficaƟon or 
compliance 

Energy evaluaƟon results are oŌen 
not produced in a form suitable for 
audit, cerƟficaƟon, or procurement. 

Limits the use of energy 
evidence beyond 
internal opƟmisaƟon. 

Supports GreenCode’s role 
in generaƟng traceable, 
auditable evidence. 

 

Summary and Future OpportuniƟes 
Current systems are limited both by the accuracy of measurements and by a lack of automaƟon. Our 
approach is therefore twofold: first, to enable measurements with the highest possible precision (i.e., 
high temporal resoluƟon as well as high resoluƟon of the recorded physical parameters, primarily the 
electric current). In addiƟon, the enƟre measurement process is to be fully automated. 

The underlying concept is that the user uploads the code to be tested into a designated repository 
(e.g., GitHub or GitLab), where the code is then automaƟcally compiled for a specific target plaƞorm 
and executed on that plaƞorm. In parallel with the execuƟon, the measurement of the electrical 
parameters is iniƟated. Upon compleƟon of the measurement, the recorded data (Ɵme series) is 
likewise stored in a repository for subsequent analysis. 
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OpportuniƟes 
The table below summarises the main opportuniƟes for improving how the energy efficiency of 
embedded plaƞorms is evaluated in pracƟce. It highlights direcƟons for making measurement more 
accurate and comparable across heterogeneous devices and workloads, strengthening aƩribuƟon 
from plaƞorm-level signals to soŌware behaviour, and improving the repeatability of evaluaƟon 
protocols so results can be trusted, reused, and applied within real engineering and cerƟficaƟon 
workflows. 

Opportunity Area DescripƟon Expected Impact on 
Energy Efficiency 

Alignment with 
GreenCode 

SoŌware-level energy 
aƩribuƟon on 
embedded plaƞorms 

Development of methods to 
aƩribute energy consumpƟon to 
specific soŌware components, 
tasks, or funcƟons running on 
embedded plaƞorms. 

Enables targeted 
opƟmisaƟon by linking 
soŌware behaviour directly 
to energy use. 

Directly supports 
GreenCode’s goal of 
soŌware-centric energy 
visibility. 

Integrated hardware–
soŌware energy 
evaluaƟon 

Closer integraƟon of hardware 
power models, on-chip sensors, 
and soŌware execuƟon models 
for holisƟc energy assessment. 

Improves accuracy of 
energy evaluaƟon and 
avoids isolated hardware-
only or soŌware-only 
analysis. 

Aligns with GreenCode’s 
cross-layer measurement 
philosophy. 

Standardised 
evaluaƟon 
methodologies for 
embedded energy 
efficiency 

Establishment of common 
evaluaƟon protocols, workloads, 
and metrics for embedded 
plaƞorms across domains and 
vendors. 

Improves reproducibility 
and comparability of 
energy efficiency claims. 

Supports GreenCode’s 
emphasis on evidence-
based and repeatable 
assessment. 

RunƟme-aware energy 
evaluaƟon under real 
workloads 

Moving beyond syntheƟc 
benchmarks to evaluate energy 
consumpƟon under 
representaƟve, real-world 
embedded workloads. 

Produces more realisƟc 
insights into operaƟonal 
energy behaviour. 

Reinforces GreenCode’s 
focus on runƟme 
behaviour and empirical 
measurement. 

Energy-aware 
evaluaƟon of RTOS 
scheduling and 
middleware 

SystemaƟc assessment of how 
RTOS scheduling policies, 
middleware, and communicaƟon 
stacks influence energy 
consumpƟon. 

Enables opƟmisaƟon of 
scheduling and 
communicaƟon choices for 
energy efficiency. 

Complements 
GreenCode’s interest in 
runƟme and 
orchestraƟon effects. 

EvaluaƟon support for 
heterogeneous 
embedded plaƞorms 

Improved methods to assess 
energy efficiency across 
heterogeneous embedded 
systems combining CPUs, DSPs, 
GPUs, and accelerators. 

Enables energy-opƟmal 
workload placement and 
uƟlisaƟon of specialised 
hardware. 

Aligns with GreenCode’s 
system-level opƟmisaƟon 
perspecƟve. 

Lifecycle-aware 
evaluaƟon of 
embedded soŌware 
evoluƟon 

Assessing how firmware updates, 
configuraƟon changes, and 
feature growth affect energy 

Prevents gradual energy 
degradaƟon in long-lived 
embedded systems. 

Strongly aligned with 
GreenCode’s lifecycle-
aware sustainability 
goals. 
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consumpƟon over device 
lifeƟmes. 

Toolchain integraƟon 
and developer-facing 
feedback 

IntegraƟng energy evaluaƟon 
capabiliƟes into exisƟng 
embedded development 
toolchains and IDEs. 

Lowers adopƟon barriers 
and encourages energy-
aware development 
pracƟces. 

Supports GreenCode’s 
aim to embed 
sustainability into 
everyday engineering 
workflows. 

CerƟficaƟon- and 
compliance-ready 
evaluaƟon evidence 

Producing traceable, auditable 
energy evaluaƟon results suitable 
for cerƟficaƟon, procurement, or 
regulatory reporƟng. 

Strengthens trust in energy 
efficiency claims for 
embedded products. 

PosiƟons GreenCode as a 
bridge between 
engineering evidence and 
sustainability 
governance. 
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SotA of Energy-efficient CompuƟng for Web/SaaS Systems 
ContribuƟng Partner(s): Digital TacƟcs 

Background 
Modern web and SoŌware-as-a-Service (SaaS) applicaƟons contribute significantly to global IT energy 
consumpƟon and carbon emissions. Datacentres alone consumed an esƟmated 240-340 TWh in 2022 
(about 1-1.3% of global electricity)244, and the broader ICT sector (including networks and user devices) 
is responsible for roughly 1.5-4% of worldwide greenhouse-gas emissions245. This footprint is 
comparable to the aviaƟon industry and is poised to grow as digital services expand246.  

With over half of Fortune 500 companies and many naƟons seƫng carbon-reducƟon targets by 2030, 
improving soŌware energy efficiency has become an important aspect of corporate sustainability 
strategies. Web and SaaS systems, from enterprise applicaƟons to online services, are a key focus, since 
every user interacƟon (page load, API call, transacƟon) consumes energy across servers, networks, and 
devices. Enhancing the energy efficiency of soŌware can therefore yield both environmental benefits 
and cost savings. 

TradiƟonal efforts to green IT oŌen focused on hardware (improving server hardware efficiency, 
cooling, and using renewable power in datacentres), and indeed hyperscale cloud providers have made 
datacentre efficiency gains (e.g. improved PUE and 100% renewable energy commitments). However, 
soŌware efficiency is emerging as an equally criƟcal lever: as hardware improvements plateau, ever-
growing soŌware complexity can negate hardware gains246. WriƟng cleaner, more performant code 
and intelligent system design can dramaƟcally cut the number of servers or CPU cycles needed for the 
same task, translaƟng to lower energy use. For web/SaaS systems that scale to millions of users such 
as widely-used SaaS tools like Canva or Xero, or e-commerce plaƞorms like eBay and shopify through 
to widely deployed website plaƞorms like WordPress, even minor per-transacƟon savings can 
accumulate to substanƟal energy and carbon reducƟons. Reducing just 1 MB of data transfer in an 
online service handling 150 million orders per year could save on the order of 4 metric tons of CO₂ 
annually247. 

Energy-efficient compuƟng for web and SaaS is about building applicaƟons that deliver the same 
funcƟonality and user experience with fewer computaƟonal resources and less data movement. This 
not only lowers operaƟonal costs for providers (as energy bills and hardware requirements drop) but 
also helps organizaƟons meet sustainability goals.  
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Current State of the Art 
Today, soŌware teams address energy efficiency through both engineering pracƟces and specialized 
tools. Many opƟmizaƟons align with exisƟng goals of performance and cost reducƟon, since faster, 
leaner code inherently uses less energy. In this secƟon we will discuss the key approaches defining the 
current state of the art. 

 

Efficient Coding and Architecture 
Thanks to educaƟon efforts by the Green SoŌware FoundaƟon and the Green Web FoundaƟon 
amongst others, sustainability trained developers are increasingly factoring the energy impact of 
design choices into their work. This starts with selecƟng efficient algorithms and minimizing 
unnecessary computaƟons and extends through to architectural decisions such as avoiding overly 
chaƩy microservices or excessive data duplicaƟon. Focusing on three areas, communicaƟon, 
computaƟon, and user experience, can significantly cut soŌware energy footprints.  

Concretely, reducing data transfer (communicaƟon) by eliminaƟng redundant payloads or merging 
services has big payoffs. OpƟmizing computaƟon means trimming abstracƟon layers and avoiding 
bloated code, e.g. using efficient data structures, caching results, and removing features that are not 
valuable to users.  

Rethinking user experience requirements can also save energy (for example, not everything needs 
ultra-low latency or real-Ɵme updates if a slightly slower update would allow more energy-efficient 
processing or server scheduling). These pracƟces are increasingly recognized by industry as part of 
sustainable soŌware design. 

 

Choice of Programming Language and Framework  
The stack used for a web backend or SaaS can greatly influence energy consumpƟon. Recent empirical 
research confirms that different web frameworks and languages have varying efficiency. For instance, 
an experiment comparing popular backend frameworks (Django in Python, Laravel in PHP, Express in 
Node.js, and Spring Boot in Java) found that under high load, the Node.js and Java frameworks were 
far more energy-efficient than the PHP and Python ones248. Specifically, with large numbers of 
concurrent users, Express (Node) and Spring Boot handled requests with the lowest energy usage and 
fastest response Ɵmes, whereas Django and Laravel consumed significantly more energy and had 
slower responses. The clear implicaƟon is that “heavier” frameworks or less opƟmized runƟme 
environments can waste energy at scale.  

Similarly, studies at the programming language level (e.g. Pereira et al.) have shown languages like 
C/C++ or Go tend to be more energy-efficient than languages like Python or PHP, in part due to 
differences in memory usage and execuƟon speed249. While choosing a tech stack is usually driven by 
funcƟonality, developer skill, or ecosystem, these results suggest that energy efficiency is an important 
aƩribute to consider, especially for large-scale SaaS deployments. It’s worth noƟng that efficient 
frameworks oŌen correlate with beƩer performance and hardware uƟlizaƟon, aligning sustainability 
with business performance needs. 
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Front-end Efficiency  
Although the server side is a major focus, the front-end (client side) of web apps also impacts energy 
usage. Complex, heavy client-side scripts not only strain user devices (draining baƩery and drawing 
more power) but also cause more data transfer. Industry best pracƟces for web sustainability echo 
long-standing web performance guidelines: use lightweight frameworks, opƟmize and lazy-load 
images, minimize JavaScript, and leverage staƟc content where possible.  

Sending fewer bytes and doing less work in the browser (e.g. avoiding overly feature-rich frameworks) 
can significantly reduce total energy. Tools like Google’s PageSpeed Insights and sustainable web 
design checklists (e.g. The Green Web FoundaƟon’s guidelines) are now used to audit front-end bloat 
in terms of carbon impact, not just speed. 

 

Cloud Infrastructure and Scaling PracƟces 
The move to cloud-naƟve architectures has enabled more dynamic and efficient use of compuƟng 
resources for SaaS. Two notable trends here are containerizaƟon (Docker/Kubernetes) and serverless 
compuƟng or “FuncƟon as a Service” (FaaS). Containers package applicaƟons in a more lightweight 
fashion than tradiƟonal virtual machines, allowing higher density of workloads per host. This improves 
uƟlizaƟon (fewer idle servers) and thus can reduce energy per applicaƟon.  

However, containers do introduce a modest overhead. Academic tests found Docker containers incur 
a slight increase in energy consumpƟon compared to running the same workload on bare metal, largely 
due to I/O virtualizaƟon overhead 250. In pracƟce, this overhead is usually small relaƟve to the gains 
from consolidaƟon, but it highlights that container runƟme efficiency (and avoiding unnecessary 
container layers) maƩers. OrchestraƟon tools (Kubernetes, Docker Swarm) can aid efficiency by bin-
packing workloads onto servers and shuƫng down unused instances. 

Serverless compuƟng pushes this further by abstracƟng servers enƟrely, code runs on-demand and 
scales to zero when not in use. This model inherently aims to eliminate idle capacity and maximize 
resource-use efficiency. Studies and industry reports indicate that well-architected serverless 
applicaƟons can significantly reduce energy consumpƟon. For example, one 2023 empirical study 
showed serverless deployments reduced energy usage by up to 70% compared to equivalent always-
on services 251.  

The fine-grained scaling and pay-per-request model means you aren’t powering resources that aren’t 
acƟvely doing work, a clear win for efficiency. Major cloud providers (AWS Lambda, Azure FuncƟons, 
etc.) automaƟcally handle mulƟ-tenancy and resource opƟmizaƟon behind the scenes, benefiƟng from 
economies of scale. That said, serverless is not a silver bullet, it can have sustainability downsides if 
misused. Cold start overhead (spinning up containers for funcƟons) and short-lived funcƟons that 
don’t fully uƟlize their allocated CPU Ɵme can lead to inefficiencies 251. However, research into 
miƟgaƟng these issues such as IBM’s EcoFaaS project show that smart scheduling can  cut cluster 
energy use by up to 42% 252.  

Many organizaƟons are now exploring “sustainable serverless” design paƩerns: for instance, using 
caching to avoid repeated cold starts, and bundling small funcƟons to reduce inter-funcƟon calls, all 
with the aim of maximizing the energy proporƟonality of the system (using resources only exactly as 
needed). 
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Tools for Measurement and Transparency  
As developers have begun to wake up to the challenge of energy efficiency increasing numbers of tools 
to measure and track soŌware energy usage at various levels are emerging. This is criƟcal because 
“you can’t improve what you don’t measure.” On the low-level end, developers and researchers use 
profiling tools such as Intel RAPL (for measuring CPU energy) and soŌware like Perf, PowerStat, and 
PowerTop to measure the energy consumed by code running on a machine 248.  

Academic projects like GreenScaler and JouleScope also help profile code energy usage for 
opƟmizaƟon. In the context of web apps, new tools integrate these measurements into development 
workflows. For example, GreenFrame (formerly Argos) is a tool that automates end-to-end tesƟng of 
a web applicaƟon (including front-end, backend, and database) inside instrumented Docker containers, 
and produces an energy/carbon report. GreenFrame’s model, developed in collaboraƟon with 
researchers at CNRS in France, converts metrics like CPU Ɵme, memory, and network I/O into an 
esƟmated energy consumpƟon and even carbon emissions for a given user journey. This can be 
integrated into CI pipelines, meaning a development team can get feedback on how a code change 
affects the energy usage of the whole system, and even idenƟfy which component (frontend vs 
backend vs database) is the biggest contributor. Such tooling is analogous to performance tesƟng or 
security tesƟng in the pipeline, showing steps towards carbon-aware CI pracƟces. 

 

Similarly, the Green Web FoundaƟon has introduced open APIs and libraries for esƟmaƟng web carbon 
footprints such as CO2.js, an open-source JavaScript library that esƟmates the CO₂ emissions from data 
transfer and energy usage of websites and apps 253.  

CO2.js uses established models (like the “Website Carbon” model and the Sustainable Web Design 
model) to translate bytes transferred and Ɵme used into carbon emissions, factoring in regional 
electricity carbon intensity. Developers can use it to display emissions per page view to users or to 
monitor their applicaƟon’s carbon budget 254.  Today CO2.js is becoming integrated into various website 
analyƟcs and performance tools such as  SiteSpeed.io’s sustainability plugin and the dev tools interface 
of the Firefox web browser to make carbon metrics a first-class performance metric.  

There are also web services like WebsiteCarbon.com and Ecograder that allow anyone to input a URL 
and get an esƟmate of energy and CO₂ per page view, raising awareness and encouraging opƟmizaƟon 
(e.g. compressing images to lower bytes and thus emissions). These tools, while based on models, 
have spurred compeƟƟon among websites to be “low-carbon” just as they compete to be low-latency. 

 

Industry IniƟaƟves and Benchmarks 
Leading tech companies and coaliƟons are acƟvely defining standards and best pracƟces. The Green 
SoŌware FoundaƟon (GSF), founded in 2021 by companies like MicrosoŌ, Accenture, and 
ThoughtWorks, has published a SoŌware Carbon Intensity (SCI) specificaƟon, essenƟally a 
standardized method to score an applicaƟon’s carbon efficiency which is now an accepted ISO 
standardError! Bookmark not defined..  
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SCI considers the energy used by the soŌware, the hardware it runs on, and the carbon intensity of 
the electricity (accounƟng for cloud region, etc.), yielding a single metric (a “carbon score per 
funcƟonal unit”). The idea is to enable structured comparison across different deployments or 
configuraƟons of a soŌware system, and to track improvements when code or deployment changes, 
provided that funcƟonal scope and underlying assumpƟons are clearly defined. 

Alongside SCI, GSF curates a PaƩerns Catalogue of green soŌware pracƟces and offers training (a 
pracƟƟoner course) to spread knowledge. These efforts reflect an emphasis systemaƟc approaches 
and educaƟon over ad-hoc opƟmisaƟon, enabling sustainability to become a core soŌware quality 
aƩribute (just like security or reliability). 

Moving on from soŌware specific measurement, cloud providers now provide carbon tracking tools 
for their customers. For example, AWS, Azure, and Google Cloud each have dashboards that show the 
emissions associated with a customer’s cloud resource usage (oŌen using regional data on energy mix). 
This is prompƟng SaaS companies to consider when and where their workloads run but is oŌen 
criƟcised for inaccuracy and opaqueness around absolute direct emissions data). 

Data like this across the soŌware and the infrastructure has enabled the concept of carbon-aware 
compuƟng to emerge. This involves scheduling compute jobs in regions or Ɵmes when electricity is 
cleaner (lower carbon intensity), for instance, running batch jobs in a datacentre that currently has 
surplus renewable energy255. MicrosoŌ’s open-source Carbon Aware SDK256 (released via GSF) and 
projects like Carbond 257,258 (an OS-level carbon-aware daemon) facilitate this by providing signals on 
grid carbon intensity that applicaƟons can use to adjust behaviour. While primarily used for batch 
processing and flexible workloads, such approaches could extend to SaaS, e.g. non-urgent data 
analyƟcs might be delayed unƟl renewable generaƟon is high. 

Finally, as iniƟaƟves like the Sustainable Web Design movement and organizaƟons like the Green Web 
FoundaƟon have started to mature they have begun to set informal benchmarks (e.g. target of <0.5 
grams CO₂ per page view for a well-opƟmized site) and promote the concept of “carbon budgets” for 
websites (similar to performance budgets) to guide developers towards what “good” looks like. This is 
increasingly visible in the web industry’s conferences and literature, showing that sustainability is 
slowly becoming a consideraƟon on par with accessibility, data privacy and user experience in the 
minds of developers259, though as with these peer topics, they can oŌen be neglected by commercial 
development teams if the client does not mandate their consideraƟon, or if legislaƟon does not 
demand it. 
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LimitaƟons and Gaps 
The LimitaƟons and Gaps table below summarises why energy-efficient web and SaaS engineering remains hard to operaƟonalise at scale, despite growing 
awareness and guidance. It highlights persistent legacy inefficiencies in code and architecture, low developer awareness and incenƟves, and the ongoing 
difficulty of measuring and aƩribuƟng energy/carbon across distributed, cloud-naƟve systems (backend, network/transit, and client). It also captures the 
lack of standardised, comparable frameworks and the pracƟcal challenge of turning sustainability intent into repeatable engineering acƟons across 
heterogeneous stacks and deployment environments. 

LimitaƟon/Gap DescripƟon  Example/ImplicaƟon ApplicaƟon To GreenCode 

Legacy 
Inefficiencies 

Many Web and SaaS systems sƟll run on legacy 
code and infrastructure that were not designed 
with energy efficiency in mind, leading to 
wasteful resource usage. These older systems 
oŌen consume more power than necessary to 
accomplish the same tasks. 

A legacy monolithic applicaƟon might conƟnuously 
run unused services or use inefficient algorithms, 
drawing far more energy than a modern opƟmized 
microservices-based equivalent260. In fact, legacy IT 
infrastructure can account for over one-third of an 
organizaƟon’s power consumpƟon. These legacy 
inefficiencies persist due to a lack of incenƟves or 
knowledge to address them. 

GreenCode will directly addresses legacy code 
opƟmizaƟon. Its pipeline will analyse exisƟng 
codebases, detect energy-intensive code paths, 
suggest and auto-generate more efficient 
implementaƟons, enabling legacy systems to gain 
sustainability benefits without total rewrites. 
ParƟcularly important for enterprises that can’t 
afford large-scale migraƟons. 

Lack of 
Developer 
Awareness 

Developers and architects oŌen lack awareness 
or training regarding soŌware energy 
efficiency261, so it is rarely a priority during 
development. This knowledge gap means code 
may be wriƩen without considering energy 
impact, contribuƟng to “soŌware bloat” and 
higher power consumpƟon over Ɵme. 

Many teams focus on features and performance, 
assuming hardware improvements will cover 
inefficiencies; as a result, unnecessary computaƟons 
or heavy libraries remain in producƟon, wasƟng 
energy across millions of user interacƟons. 
Overreliance on ever-faster hardware has led to 
complacency about opƟmizaƟon. 

GreenCode will provide insights and visibility by 
reporƟng on and generaƟng training 
documentaƟon from the changes it makes. 
Through this process it  raises awareness, flags 
inefficient code paƩerns, and shows concrete 
savings in energy and CO₂, helping to educate 
teams through pracƟcal examples. 

Difficulty 
Measuring 
SoŌware Energy 
Use 

It remains challenging to measure how much 
energy soŌware consumes, especially in complex 
cloud or distributed environments. Breakdown 
of which components contribute  most 
significantly to the applicaƟons’ carbon footprint 
across backend, transit, and frontend is highly 

OrganizaƟons may not realize which parts of their 
applicaƟon are the most energy-hungry. For instance, 
gauging the energy impact of a new feature might 
require specialized hardware measurements or 
elaborate benchmarks, making it cumbersome to 
opƟmize and iterate on energy efficiency. 

GreenCode needs accurate energy performance 
data to funcƟon and will generate this by 
automaƟng stress tesƟng and benchmarking 
while monitoring energy expenditure. 
This simplifies measurement for soŌware owners 
and development teams by deferring the process 
to an independent assessment (similar to an 
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context dependant. Without easy-to-use metrics 
or tools to isolate soŌware power usage, teams 
struggle to idenƟfy inefficiencies or track 
improvements in energy use over the soŌware 
lifecycle. 

automated code review and penetraƟon test in 
the security world). Developers will be able to 
receive clear, per-component esƟmates of energy 
and carbon impact for a codebase and any 
subsequent code change.  

Lack of 
Standardized 
Frameworks 

There are no universally adopted standards or 
frameworks for evaluaƟng and guiding soŌware 
energy efficiency within the SDLC. This lack of 
consensus makes it difficult to benchmark 
sustainability or cerƟfy soŌware as “green,” and 
developers have few official guidelines or 
metrics to follow during design. 

With no common metric (analogous to an “Energy 
Star” raƟng for soŌware), organizaƟons rely on ad-hoc 
methods. Efforts like the SoŌware Carbon Intensity 
(SCI) specificaƟon are emerging to fill this gap by 
defining a standard measure of soŌware carbon 
emissions, but widespread industry uptake is sƟll 
pending. 

GreenCode will contribute to standards and 
cerƟficaƟon by acƟvely developing measurement 
methodologies and metrics that could become 
part of industry standards. By working on Green 
SoŌware CerƟficaƟon it will provide 
organizaƟons concrete ways to prove and 
communicate sustainable soŌware pracƟces. 

Trade-offs with 
Other SoŌware 
QualiƟes 

OpƟmizing for energy efficiency can conflict with 
other prioriƟes such as performance, reliability, 
security, privacy, accessibility or development 
speed. Teams oŌen face trade-offs: for example, 
the fastest or most feature-rich soluƟon might 
consume more power, forcing difficult choices 
between user experience (or service quality) and 
energy use. 

Enabling aggressive energy-saving modes can slow 
response Ɵmes or reduce reliability. Consequently, 
product owners might choose a design that uses more 
servers or high-performance seƫngs to ensure speed 
and resilience, at the cost of higher energy 
consumpƟon and carbon footprint. 

GreenCode will quanƟfy and help manage trade-
offs. By measuring both energy and performance 
impacts, it will help developers make informed 
choices. Such as opƟmizaƟons that maintain 
acceptable performance and user experience 
while reducing emissions. 

Tooling Gaps Energy profiling can be Ɵme-consuming. 
Mainstream developer tools and cloud plaƞorms 
oŌen lack built-in support for monitoring or 
opƟmizing the energy consumpƟon of soŌware. 
Without accessible profilers or energy analyƟcs 
integrated into development workflows, energy 
use remains “out of sight, out of mind” during 
soŌware design and tesƟng. 

Many developers have never used an energy profiler. 
For instance, a team might push inefficient code to 
producƟon simply because their performance tools 
flag CPU and memory issues but provide no feedback 
on energy usage, causing them to miss opportuniƟes 
to reduce power draw and operaƟng costs. The Ɵme 
required to profile for energy use can further 
discourage developers from engaging with this task. 

GreenCode aims to close the tooling gap through 
automated analysis, reporƟng, and opƟmizaƟon 
recommendaƟons. This means sustainability 
checks can become as rouƟne as security 
scanning, enabling green pracƟces without 
requiring separate specialized tools. 
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Procurement  Current regulaƟons also focus on reporƟng and 
transparency, they don’t directly mandate 
efficiency improvements (though recent shiŌs in 
procurement approaches are starƟng to drive 
this kind of thinking as a way of supporƟng non-
technical purchasers in addressing these 
requirements).  
 

It has been recognised that bridging this gap will 
require greater demand from stakeholders 
(customers, regulators) for energy transparency, and 
embedding sustainability as a first-class concern in 
soŌware engineering educaƟon and process, but 
measuring the deliverables are a challenge for non-
expert procurement professionals. 

GreenCode will help procurement officers and 
others responsible for purchasing soŌware and IT 
soluƟons to make informed choices through its 
independent green soŌware cerƟficaƟon. 

Containerised 
and serverless 
obfuscaƟon  

Because serverless abstracts the infrastructure, 
developers might be even less aware of resource 
usage (each funcƟon invocaƟon seems 
ephemeral and cheap). This can lead to 
architectures that trigger mulƟple funcƟon calls 
where one could suffice, or transfer far more 
data between funcƟons than needed, hidden 
inefficiencies that add up in energy expenditure. 

There’s a knowledge gap in industry on how to best 
opƟmize serverless for sustainability. Similarly with 
containers: organizaƟons may spin up hundreds of 
microservices for modularity, but each carries 
overhead. The state-of-pracƟce oŌen prioriƟzes 
developer convenience and speed to market over 
energy opƟmizaƟon.  

GreenCode may be able to recommend where 
serverless funcƟons or microservices might be 
merged back together, following more tradiƟonal 
applicaƟon architectures for lower financial and 
environmental cost and sustainability.  

Rebound effects It is hard to qualify the global system impact of 
opƟmisaƟon. If we make a service 50% more 
efficient, the cost may drop, and more users 
might use it. Similarly, there might be increased 
scope for including new features within the 
same infrastructure and performance budget, 
potenƟally eroding the carbon savings. 

Without careful planning, digital efficiency gains can 
lead to more consumpƟon elsewhere262. These socio-
technical factors form a gap in our understanding of 
true net impact. 

GreenCode will help miƟgate the impact of  
rebound effects that soŌware and AI 
intervenƟons can cause263. By ensuring soŌware 
and AI climate intervenƟons are themselves are 
opƟmised to be as green as possible the climate 
benefit of other intervenƟons uƟlising them will 
be boosted. 
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Summary and Future OpportuniƟes 
It is possible to drasƟcally cut soŌware energy use but the current SotA falls short of a comprehensive soluƟon. We lack broad adopƟon, precise measurement 
in many contexts, and fully developed processes to make green soŌware rouƟne. This is analogous to where security was decades ago, recognized as 
important, with some tools available, but not yet baked into every developer’s workflow. GreenCode can begin to plug many of these gaps by creaƟng an 
automated system that improves soŌware performance with minimal impact on developers already busy workloads. 

 

OpportuniƟes 
The OpportuniƟes table below outlines where the field is most ready to move from principles to repeatable pracƟce in web and SaaS systems. It focuses on 
embedding sustainability into exisƟng delivery mechanisms, especially CI/CD “green regression” checks, verifiable measurement and reporƟng, and the 
emergence of cerƟficaƟon/labels that create demand signals and accountability. It also highlights opportuniƟes to scale impact through AI-assisted 
opƟmisaƟon and workflow automaƟon (parƟcularly for legacy estates), enabling measurable reducƟons in energy/carbon without requiring teams to 
become sustainability specialists. 

Opportunity DescripƟon Example/ImplicaƟon ApplicaƟon To GreenCode 

CI/CD Pipeline 
IntegraƟon 

Embed energy-efficiency checks and opƟmizaƟons into 
ConƟnuous IntegraƟon/ConƟnuous Deployment 
pipelines. This involves automaƟcally measuring the 
energy or carbon impact of code changes and alerƟng or 
gaƟng builds when regressions occur. By integraƟng 
sustainability into DevOps, every code commit can be 
evaluated for its environmental impact alongside 
funcƟonality and performance. 

A CI pipeline might run energy consumpƟon tests for 
each new feature, flagging a build if a change causes a 
noƟceable increase in CPU or memory usage. Some 
leading organizaƟons already employ such “green 
pipelines” that automaƟcally opƟmize deployments 
for lower energy use and carbon footprint by default. 
This is a trend that could be expanded by GreenCode. 

GreenCode’s mission is to decarbonise the 
IT sector at scale, by integraƟng 
sustainability and energy efficiency into the 
SDLC. It could  provide automated energy 
analysis tools that fit directly into CI/CD, 
delivering feedback on energy impacts 
alongside exisƟng tests, making green 
soŌware a rouƟne part of modern DevOps 
workflows. 

Green 
CerƟficaƟon & 
Labels 

Establish cerƟficaƟon programs or eco-labels to 
recognize soŌware that meets defined sustainability 
criteria. A formal “green soŌware” cerƟficaƟon would 
signal that a Web/SaaS applicaƟon has been opƟmized 
for low energy use and minimal carbon emissions. These 

The Blue Angel eco-label in Germany is being 
extended to soŌware products, cerƟfying applicaƟons 
that achieve high resource and energy efficiency. In 
the future, a SaaS provider might proudly display a 
sustainability badge (akin to an Energy Star raƟng for 

GreenCode could build on its  
measurement and opƟmizaƟon tools to 
underpin green cerƟficaƟon programs by 
producing verifiable metrics and reports264, 
enabling companies to earn sustainability 
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labels can drive compeƟƟon and provide incenƟves (and 
accountability) for companies to adopt greener 
development pracƟces. 

soŌware) to demonstrate its applicaƟon’s low carbon 
footprint and aƩract environmentally conscious 
customers. 

labels based on actual data rather than 
markeƟng claims265. 

AI-Assisted 
Code 
OpƟmizaƟon 

Leverage AI to idenƟfy and fix energy inefficiencies in 
code. AI models can analyse large codebases to detect 
“code smells” or subopƟmal paƩerns that lead to higher 
computaƟonal demand. By automaƟcally suggesƟng 
more efficient algorithms or refactoring resource-heavy 
code paths, AI tools can help reduce soŌware power 
usage without extensive manual effort. 

An AI-driven analyser flags a frequently called funcƟon 
that uses an inefficient algorithm and suggests a more 
efficient approach, cuƫng that funcƟon’s energy 
consumpƟon up to 30%. Experiments have shown that 
AI can pinpoint hidden inefficiencies: SogeƟ (part of 
Capgemini) demonstrated AI tools that detect and 
refactor code smells to reduce energy usage in data 
centre applicaƟons, and Groza et al. have shown 
similar in Android mobile applicaƟons266  

GreenCode plans to create AI-driven 
opƟmizaƟon tools to drive sustainability 
and energy efficiency. By using AI to 
analyse paƩerns, detect energy code 
smells, and propose greener soŌware, 
GreenCode can automate improvements 
that would otherwise require expert 
review—unlocking efficiency gains at scale. 

Carbon-Aware 
CompuƟng 

Design soŌware and scheduling systems to be “carbon-
aware,” i.e. to adapt their operaƟon based on the real-
Ɵme carbon intensity of the electricity grid. Carbon-
aware compuƟng involves shiŌing compute workloads 
to Ɵmes or locaƟons where the energy supply is cleaner 
(lower-carbon). By intelligently Ɵming or geo-locaƟng 
certain processes, Web/SaaS systems can reduce the 
carbon emissions associated with their energy 
consumpƟon without necessarily reducing the amount 
of work done. 

MicrosoŌ, in partnership with others, developed a 
Carbon-Aware SDK that allows cloud applicaƟons to 
run tasks when and where the grid’s carbon intensity 
is lowest. A SaaS plaƞorm might delay non-urgent 
batch jobs unƟl nighƫme when wind or solar energy 
is plenƟful, or route requests to data centres in 
regions with greener energy, thereby cuƫng 
emissions significantly while maintaining service for 
users. 

GreenCode can provide carbon signals for 
decision-making. By integraƟng regional 
carbon intensity data into its pipeline, it 
could enable apps to schedule workloads 
dynamically for lower emissions.  

New 
Sustainability 
Assessment 
Frameworks 

Develop and adopt robust frameworks for measuring 
and improving soŌware sustainability. This includes 
standardized metrics and tools (e.g., a “soŌware 
sustainability score”) to evaluate an applicaƟon’s energy 
usage and carbon footprint in a consistent way. Such 
frameworks would provide architects and developers 
with clear targets and guidelines, making sustainability a 

The Green SoŌware FoundaƟon’s SoŌware Carbon 
Intensity (SCI) specificaƟon offers a formula to 
calculate the carbon emissions per user operaƟon of a 
soŌware system. In the coming years, companies 
could incorporate SCI scores or similar metrics into 
their development cycle, for instance, requiring that a 
new feature stays within a certain energy budget, and 

GreenCode could define and implement 
new frameworks. It is developing 
methodologies and metrics for measuring 
soŌware energy and carbon impact that 
could feed into future ISO standards or 
sustainability frameworks. GreenCode can 
act as both a tool and thought leader 



 

GreenCode: State of the Art Review 

133 
 

first-class quality aƩribute in soŌware design alongside 
performance, security, etc. 

use these scores in reporƟng and internal 
benchmarking to drive conƟnual energy efficiency 
improvements. 

shaping how green soŌware is assessed 
and cerƟfied. 
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SotA of Energy-efficient CompuƟng for Media/Gaming 
ContribuƟng Partner(s): Digital TacƟcs 

Background 
Green soŌware and sustainable IT are rising prioriƟes for the gaming and media sectors. Over 3 billion 
people (one-third of humanity) play video games267, and the electricity consumed by their consoles, 
PCs, and mobile devices exceeds that of some midsize countries268; In the United States alone, gaming-
related energy use produces more annual greenhouse emissions than 5 million cars269; and globally 
video streaming contributes around 1% of global greenhouse gas emissions270.  

Designing and opƟmizing games, media producƟon tools, and streaming services to minimize energy 
consumpƟon and carbon emissions requires an understanding of the full producƟon and consumpƟon 
lifecycle from development (e.g. coding, rendering, build processes) to runƟme (energy draw of 
games/apps on user devices, servers, and networks). Efficient code, opƟmized algorithms, and smarter 
use of hardware resources can directly translate to lower electricity use, reduced costs, reduced 
environmental impact and reduced heat generaƟon which helps improve performance (by avoiding 
thermal throƩling) a key ask of the gaming sector. 

Hardware advances have made each generaƟon of GPUs, consoles, and datacentres both more 
performant and energy efficient, but total power consumpƟon conƟnues to rise with increasing 
demand, both in terms of units of games and consoles sold per capita and in terms of the features 
required by gamers (super high-quality graphics, advanced gameplay experiences, responsive real Ɵme 
interacƟons, et cetera). 

Similarly, UHD streaming video, and AI-driven media applicaƟons can strain both devices and cloud 
infrastructure. Without intervenƟon, the “upgrade treadmill” (incessant pushes for higher fidelity and 
frequent hardware refreshes) lead to an unsustainable cycle of rising energy use and e-waste271. 

Awareness is growing that green soŌware pracƟces are vital to break this cycle. Industry groups and 
regulators have started to respond. The Sustainable Games Alliance (SGA) is developing a standard for 
measuring and reporƟng game industry emissions, aligned with frameworks like the GHG Protocol and 
new EU rules272. On the media side, studios and broadcasters are exploring virtual producƟon and 
other tech-driven methods to cut down on physical resource use and travel. AddiƟonally, sweeping 
regulaƟons such as the EU’s Corporate Sustainability ReporƟng DirecƟve (CSRD)273 now legally require 
large companies, importantly including large digital companies, to report their carbon footprint and 
environmental impacts274. 

Similar disclosure rules are emerging in the UK (SDR)275 and US (SEC climate disclosure rules, though 
these are being challenged and adapted at present)276. These policies create strong incenƟves for 
gaming and media companies to prioriƟze energy efficiency in soŌware development and IT 
operaƟons, as they must account for emissions across their whole value chain, including how users 
consume their digital products. 

Improving soŌware energy efficiency in gaming and media is very much a growing industry imperaƟve 
promising win-win benefits: lower climate impact, compliance with regulaƟons, cost savings, reduced 
waste and improved user experiences. 
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Current State of the Art 

Gaming Industry: PCs, Consoles, Mobile, and Cloud Gaming 
In gaming, energy efficiency efforts cover both hardware and soŌware consideraƟons. Player 
experience is key and most of gaming’s carbon emissions come from the electricity consumed by their 
devices (consoles, PCs, and mobiles) during gameplay. This far outweighs the footprint of 
manufacturing or even the cloud servers for online services 277. Front-end (user-side) opƟmisaƟon is 
therefore a major topic for user experience as well as energy efficiency and we will focus our discussion 
here.  

 

Efficient Console Hardware & Idle Power Management 
The latest generaƟon of consoles (PlayStaƟon 5, Xbox Series X for example) are designed to be more 
energy-efficient per unit of performance than prior models. They also implement aggressive low-
power modes. In 2023-2024, both Xbox and PlayStaƟon released updates to dramaƟcally cut 
standby/idle power, addressing the fact that consoles oŌen sit idle or in menus. Xbox also  introduced 
“carbon-aware” updates, scheduling game patch downloads for Ɵmes when the local power grid is 
cleaner (higher renewable energy availability)278.  

These opƟmizaƟons have significant impact 279,280. AddiƟonally, manufacturers have voluntarily agreed 
(through the EU’s Games Console Voluntary Agreement 281) to conƟnue improving energy and resource 
efficiency, e.g. seƫng power caps for media playback, introducing auto-power-down features, and 
providing repairability to extend device life which is projected to save 41 TWh of electricity over the 
lifeƟme of the newest consoles. 

 

Mobile and Handheld Gaming OpƟmizaƟon 
Mobile games (smartphones, tablets, and hybrid devices like the Nintendo Switch) are inherently 
constrained by baƩery and thermal limits. This has forced developers to prioriƟze energy efficiency to 
avoid draining baƩeries or overheaƟng. The Nintendo Switch uses under one-tenth277 the power of a 
PlayStaƟon or Xbox console while sƟll delivering a compelling experience. Its success proved that 
gameplay innovaƟon and fun do not always require maxing out hardware, inspiring rivals to consider 
efficiency. Mobile game developers rouƟnely opƟmize frame rates, reduce background acƟvity, and 
use energeƟcally cheap graphics techniques to ensure smooth play without rapid baƩery drain. These 
pracƟces represent a de facto state-of-art in mobile: energy efficiency is treated as a first-class 
performance metric because it directly impacts user experience (baƩery life). 

  

SoŌware Tweaks in Games to Save Energy  
The patching of games with regular updates is a common pracƟce and since 2023 major game studios 
have patched  Ɵtles to eliminate unnecessary power draw without compromising player experience. 
For example: 

 Halo Infinite developers discovered their game was fully rendering 3D scenes behind pause 
menus that players couldn’t see, significantly wasƟng GPU cycles. They implemented a fix to 
dynamically lower graphics resoluƟon when the game is paused, cuƫng that mode’s energy 
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usage by 15% 282. In its opening month alone this would have saved an esƟmated 38 GWh, the 
same monthly energy use as approximately 130, 000 European homes (esƟmate based on 
reported peak of 20M+ players and 211Wh draw of an Xbox series X during Halo Infinite 
gameplay, PC versions draw yet more energy).   
 

 Fortnite introduced an update to reduce graphics quality in the matchmaking lobby (where 
players wait for a match to start). This change saves an esƟmated 73 GWh of electricity per 
year globally (roughly the combined annual energy use of 20, 800 European homes), with 
negligible impact on player experience 283.   
 

 Elder Scrolls Online developers report that throƩling graphics when players go idle or open 
menus led to a 5% drop in overall game energy consumpƟon which for Xbox players alone 
means an approximately 1GWh/year reducƟon284. 

These cases have helped shine a light on the need for gaming studios to scruƟnize every aspect of 
game loops (menus, loading screens, low-acƟon scenes) for opportuniƟes to scale down processing 
and save energy where user experience is not impacted. MicrosoŌ’s has since released tooling for Xbox 
developers to profile and measure their games’ power usage in different scenarios 285 which enables 
them to idenƟfy energy hot-spots (like unneeded background rendering) for opƟmisaƟon. However, 
sustainability sƟll remains a secondary thought over user experience and speed of delivery today.  

 

Game Engines and OpƟmizaƟon Technologies 
Modern game engines (Unity, Unreal, etc.) are also under the microscope for energy efficiency. A 
comparison of Unity vs. Unreal Engine 286 found significant differences (up to 3-4× in certain physics or 
rendering scenarios) in energy consumpƟon between engines. This implies that engine developers 
have room to improve and that choosing the right engine and seƫngs can impact a game’s carbon 
footprint. State-of-the-art engines now offer features that indirectly aid efficiency: for instance, 
dynamic resoluƟon scaling and AI-based upscaling (like DLSS) allow maintaining high frame rates by 
rendering fewer pixels when possible, thereby reducing GPU workload and power draw. GPU 
manufacturers have also introduced driver-level features (e.g. NVIDIA’s WhisperMode, AMD Chill) that 
cap frame rates or opƟmize graphics to save power on gaming laptops. These tools exemplify current 
best pracƟce: giving users or developers the opƟon to trade a bit of excess performance or fidelity for 
a large reducƟon in energy usage, especially useful on thermally limited or older devices. 

 

Cloud Gaming 
Cloud gaming services like NVIDIA GeForce Now, Xbox Cloud Gaming and similar defer the heavy 
rendering from user’s machines to server GPUs in datacentres, with streaming video being sent to the 
user’s device instead. While this shiŌs the gaming load from the user’s device (potenƟally reducing 
their device’s energy use), it adds substanƟal energy overhead in datacentres and network transit 287.  

While energy and cooling are arguably beƩer managed from a centralised perspecƟve in datacentres, 
cloud gaming can consume far more total energy per hour than local device gaming, due to the 
inefficiencies of streaming and running a dedicated high-end GPU per stream. As such current efforts 
focus on the use of clean energy in datacentres, improving the efficiency of video encoding, and 
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sharing GPUs among mulƟple users when possible. In its current state GaaS is convenient but not 
energy-efficient, unless the datacentres involved are near-100% renewable-powered and highly 
opƟmized.  

 

Gaming as a Service (GaaS) & Live Ops 
While iniƟated almost 25 years ago through games like EverQuest, Counter Strike, and World of 
WarcraŌ, since 2015 a significant number of games have now migrated to a “games- as-a-service” 
model with conƟnuous online features, updates, and live events being sold as add-ons to core 
gameplay. 

These GaaS deployments follow similar sustainability challenges to other SaaS products where 
opƟmisaƟon of the server-side architecture has been the focus to date. This means using scalable 
cloud infrastructure in “green” datacentres that can spin servers up and down vs. peak usage, 
developing efficient code to handle thousands of players per server with minimal overhead, and 
deploying servers closer to players (edge compuƟng) to reduce data transfer loads and response Ɵme. 
AddiƟonally, scheduling compute-intensive background tasks (like analyƟcs or AI model training for 
games) for Ɵmes of day when renewable energy is abundant is an emerging pracƟce in line with 
carbon-aware soŌware principles. 

 

Media ProducƟon and Streaming Services 
Film/TV producƟon, animaƟon, and video streaming are known to be hugely wasteful sectors from 
many different perspecƟves but see the implementaƟon of digital technologies as we will discuss here 
as soluƟons to various issues in the producƟon process. Here we will focus on the soŌware and 
compute side of modern producƟon processes.  

 

Virtual ProducƟon in Film/TV 
Virtual producƟon involves the use of LED wall backdrops and real-Ɵme 3D engines (e.g. Unreal Engine) 
to create sets and environments and vs. tradiƟonal staging. It has rapidly gained tracƟon in high-end 
producƟons because it offers creaƟve flexibility, as well as cuƫng carbon emissions by up to 50% 
compared to tradiƟonal filming methods 288.  

The savings come primarily from reducing the need for physical set construcƟon, on-locaƟon shoots, 
and the associated travel of crew and transport of equipment. Instead of flying a crew to mulƟple 
global locaƟons (with diesel generators, trucks, etc.) for example, a producƟon can film locally with 
dynamic digital backgrounds. Similarly AI ediƟng tools might in future allow a director to virtually 
“reshoot” a scene or fix footage without expensive re-shoots, thus avoiding yet further travel and 
logisƟcs.  

Major studios like Disney and Neƞlix are invesƟng in virtual producƟon stages not only for efficiency 
but also as a step toward their net- zero targets. Challenges here include careful consideraƟon of the 
energy usage of large volumes of LED panels in LED walls and energy expensive rendering hardware.  
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As such producers are opƟmizing render engine seƫngs, depth of point-clouds, reusing virtual sets, 
and leveraging off-peak or renewable energy for rendering workloads but there is a need for precise 
carbon accounƟng of virtual producƟon (power, hardware manufacturing) and support needed to 
assist creaƟves in using these technologies in energy efficient ways. 

 

AI and Machine Learning in Content CreaƟon 
AI is increasingly used in media and game content creaƟon, from AI-assisted animaƟon and VFX to 
generaƟve music or dialogue, but it’s a double-edged sword. While AI can streamline workflows (e.g. 
automaƟng labour-intensive tasks like tweening animaƟon frames or enhancing video upscaling, 
saving Ɵme and avoiding some resource usage, training and running large AI models for these tasks is   
an energy and water (for cooling) intensive process.  

Media companies are trying to miƟgate training impacts by using pre-trained models, leveraging 
specialised efficient and renewably powered AI infrastructure from cloud providers, and improving 
algorithmic efficiency in their soŌware and producƟon workflows. This can mean that for short videos 
today, AI content generaƟon can have a (someƟme significantly) reduced carbon footprint vs. 
tradiƟonal producƟon methods, but as video and model complexity rises the impact of training and 
inference rapidly begins match and may even outweigh the climate benefit of this approach. 

 

Rendering and AnimaƟon Efficiency  
AnimaƟon studios and VFX houses operate large render farms, historically consuming huge amounts 
of power 24/7 to meet deadlines. For this reason current research and development focuses on 
rendering opƟmizaƟon and cloud rendering using green energy.  

Studios like DreamWorks and Pixar have invested in opƟmizing their renderers, through beƩer 
algorithms that, for example converge to a noise-free image faster (fewer sample computaƟons), and 
scheduling non-urgent render jobs for Ɵmes when renewable energy supply is high or when cloud 
compuƟng prices (oŌen Ɵed to energy cost) are low.  

Some producƟon pipelines now use real-Ɵme game engines for final animaƟon output, skipping  
energy-intensive offline rendering for certain content styles. AddiƟonally, studios are exploring 
intelligent power management in render farms: turning off idling servers when not in use, and using 
modern CPU/GPU features that reduce power at low uƟlizaƟon.  

All major animaƟon companies track power usage in their datacentres and many purchase carbon 
offsets or direct renewable power for them. While the fundamental physics of rendering (high 
compute loads) hasn’t changed, the efficiency per frame rendered is improving in line with soŌware 
and hardware advancement. Another common strategy is to take advantage of cloud hyperscalers 
efficient faciliƟes (very low PUE and high renewable mix) rather than operaƟng older in-house render 
farms. 

 

Streaming Services and Content Delivery Networks (CDNs)  
Video streaming the way the modern world consumes its media boyed by services like Neƞlix, 
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YouTube, and Twitch, as well as on demand TV services provided by tradiƟonal broadcasters. Efficiency 
efforts instreaming media typically fall into one of two camps reducing the bitrate and data needed for 
streaming, or improving the efficiency of the streaming infrastructure (from CDN networks through to 
user devices).  

Considering bitrate and data, the development of advanced video codecs like AV1 (as used by Neƞlix 
and YouTube) mean that streaming companies can deliver video quality at 30-50% lower bitrates than 
older alternaƟves like HEVC289, significantly cuƫng the data load per stream. Lower data transfer 
directly saves energy in network transmission and reduces load on datacentre caches.  

Newer codecs can be more computaƟonally heavy to encode/decode, but increasingly have hardware 
acceleraƟon support in modern (last 5 years) machines, and studies indicate that the energy savings 
from reduced data transfer outweigh the slight increase in CPU/GPU work on modern devices .  

Neƞlix’s engineering reports note that opƟmizing encoding recipes and deploying efficient codecs at 
scale is a priority for both quality and sustainability, as seen in gaming, their adapƟve streaming 
algorithms aim to minimize bits delivered without disrupƟng user experience, reducing energy use 
across the delivery chain. 

A common way of miƟgaƟng load, reducing latency, buffering and improving user experience in media 
delivery operaƟons has been to use Content Delivery Networks (CDNs) which place video and other 
resources on content endpoints (servers) geographically closer to the  user. This means that rather 
than every user pulling video from a distant datacentre (with mulƟple redundant hops), they obtain a 
local copy of the content faster and more directly. Today this process has the added value of reducing 
transit energy.  

Modern CDNs use high-performance servers that can serve more streams per waƩ. They also turn off 
or idle caches during low demand. Technologies like mulƟcast ABR (adapƟve bitrate) are state-of-art 
for live streaming, sending one stream to many viewers simultaneously, smoothing out peak loads and 
avoiding the need to operated extra servers for popular live events 290. 

TradiƟonal streaming infrastructure had to be provisioned for peak load and ran conƟnuously. Today, 
cloud-based streaming stacks championed but AWS, Google and others can scale dynamically, if 
viewership dips at 3 AM for example, cloud servers can scale down, saving energy, then scale up at 
peak evening hours. This elasƟcity, combined with running on energy-efficient cloud datacentres, 
means reduces energy waste.  

However, even today, network equipment tends to draw power nearly constantly, whether fully 
uƟlized or not. And research focusses on designing smarter networking gear that can enter low- power 
states when traffic is light. 

Despite these advances however, streaming media remains an energy expensive operaƟon and while 
all the major streaming plaƞorms Neƞlix, Google/YouTube, Amazon/Prime Video, etc. have corporate 
sustainability pledges consumpƟon drives demand and carbon neutrality has to be managed through 
renewables energy and carbon offsets. 

Furthermore, user devices are now recognized as the largest energy component of streaming’s 
footprint 291 with modern Smart TVs drawing 100W+ and running for hours, meaning the industry is 
moving towards beƩer TV energy standards and features like adapƟve brightness detecƟon to dim 
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screens and save power as well as providing specific energy saving modes. Some streaming apps also 
provide seƫngs to cap resoluƟon or frame rate to save data and thereby energy. 
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LimitaƟons and Gaps 
As with many other sectors the current state-of the-art reflects organisaƟons addressing “low-hanging fruit”, tackling obvious inefficiencies like rendering 
invisible frames or unopƟmized standby modes, but many deeper or systemic inefficiencies remain. There is a need for more robust tools, cultural shiŌs in 
user and development prioriƟes, and possibly structural changes (in business models or regulaƟon) to overcome these limitaƟons. Some specific 
shortcomings and unsolved challenges include: 

 

LimitaƟon/Gap DescripƟon Example/ImplicaƟon ApplicaƟon To GreenCode 

Lack of Energy 
Profiling Tools 

Developers have limited tools and standardized 
metrics to measure or opƟmize soŌware energy 
usage, making it difficult to pinpoint 
inefficiencies292. 

For instance, unlike performance and memory profilers, 
energy profilers are rare, a game or streaming app team 
may not easily see how code changes impact power draw, 
leading to undetected waste in power consumpƟon. 

GreenCode can add value by developing 
user-friendly tools that integrate energy 
analysis into everyday developer 
environments, making energy impacts 
visible and acƟonable during coding and 
tesƟng. 

Legacy SoŌware 
Inefficiencies 

Many media and gaming systems rely on legacy 
code, content  or engines not designed with 
energy efficiency in mind, resulƟng in wasteful 
resource usage. Reworking or patching old Ɵtles 
for efficiency is rarely prioriƟzed (unless there is a 
business case like a remaster), leaving a long tail of 
popular soŌware that conƟnues running 
inefficiently.   

Older game engines or streaming workflows may ignore 
modern low-power hardware features, causing higher 
energy draw. An outdated video processing module might 
use heavy CPU loops instead of efficient GPU acceleraƟon, 
needlessly burning energy.  
Legacy game engines and code may have inefficient loops or 
assume unlimited resources, but they persist in current 
games or backward-compaƟbility modes.  
 

GreenCode could analyse legacy 
codebases using AI and recommend and 
automate precise code-level refactoring to 
improve energy efficiency, helping 
companies modernize products without 
full rewrites. 

Legacy Hardware 
Inefficiencies 

Older streaming devices or set-top boxes might 
not support new efficient codecs, causing services 
to fall back to less efficient delivery for those.  

This is counter to the general benefits of extending device 
longevity through opƟmisaƟon, and means improvements 
may only apply to new releases or hardware, while 
significant energy drain conƟnues from older systems sƟll in 
use. 

 

User Devices In media streaming, the energy use of user 
devices (TVs, consoles, phones) can be a big factor. 

The soŌware industry can opƟmize code and streams, but if 
a TV’s backlight is a power hog, the overall footprint 

GreenCode may be able to support 
beneficial forced obsolescence of 
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However, manufacturers of TVs or monitors have 
historically prioriƟzed display quality over energy, 
and while there are power regulaƟons (e.g. EU 
energy labels for TVs), new features like 4K HDR 
and 120Hz screens can negate gains. 

remains high. This is a cross-industry gap requiring 
collaboraƟon between soŌware, hardware, and standards 
bodies to ensure that as we roll out advanced media 
experiences, the devices are not unnecessarily inefficient. 

inefficient hardware by providing factual 
data to regulators and suppliers of set-
top-boxes and similar equipment. 

Opaque Cloud 
Energy Usage 

In cloud-based operaƟons, there is oŌen a lack of 
transparency into actual energy consumed by 
workloads, users can’t easily measure power use 
of cloud resources they rely on293. Similarly, 
streaming companies relying on third-party ISPs 
and CDNs may not have full control over or data 
explaining their energy profiles.  

A streaming service running on a cloud plaƞorm cannot see 
per-stream server energy consumpƟon, making it hard to 
opƟmize or report sustainability. This “cloud opacity” means 
broadcasters and game providers must trust coarse 
esƟmates, hindering precise efficiency improvements. While 
iniƟaƟves like SCI and SGA’s frameworks aim to improve 
accounƟng (e.g. measuring per-user or per-hour emissions), 
much of the industry sƟll lacks granular data.  BeƩer 
instrumentaƟon and data sharing from cloud providers is 
needed as are organizaƟonal intervenƟons such as forming 
partnerships to jointly improve efficiency across the value 
chain.  

GreenCode could support  transparency 
by offering APIs and integraƟons that help 
developers extract energy consumpƟon 
data from cloud plaƞorms, and beƩer 
predict performance before deploying to 
the cloud, enabling beƩer decisions on 
architecture and deployment. 

Skills and 
Awareness Gaps 

Despite efforts by the GSF and SGA, soŌware 
teams oŌen lack specialized knowledge or training 
in energy-efficient design, so efficiency best 
pracƟces are not applied by default. 

A game development team might focus solely on 
performance and graphics, unaware of coding paƩerns that 
could cut power usage. This gap in experƟse means 
opportuniƟes for energy savings (like algorithmic 
opƟmizaƟons or efficient memory use) are frequently 
missed during development. Developers need to be 
formally exposed to green coding techniques and need clear 
advice, metrics or requirements on efficiency to make it a 
first-class requirement in soŌware development vs. an 
aŌerthought.  

GreenCode could add value through 
targeted training, examples, and 
documentaƟon that demysƟfy energy-
efficient pracƟces, empowering 
developers to build greener soŌware even 
without prior experƟse. 

Performance 
Over Efficiency 
Focus 

The industry’s emphasis on high performance and 
quality (UHD video, high FPS gaming) demanded 
by hardcore gamers can overshadow efficiency 
goals, reducing incenƟves to opƟmize for lower 
power. When games introduce “eco” modes or 

When Call of Duty added a default Eco Mode in menus, 
between 7 and 20% of players (depending on plaƞorm) 
opted to turn it off to regain full effects 294. Both the 
industry and gamers need to take responsible acƟon with 
respect to expectaƟons for entertainment. Developers may 

GreenCode’s tools could provide 
quanƟfiable energy-performance trade-
offs, helping teams make informed 
decisions about when and how to 
prioriƟze energy savings without 
sacrificing user experience. 
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slightly lower fidelity to save energy, a subset of 
users may disable these.  

in future need to apply energy saving soluƟons without 
given the user opƟons to disable them. 

Rising Demand 
Outpacing 
Efficiency 

Increases in usage and content demands oŌen 
offset efficiency gains, as services expand (more 
streams, higher resoluƟons, AI features), total 
energy consumpƟon keeps climbing. 

Streaming video in 4K and ubiquitous online gaming are 
driving up overall energy use, eroding gains from more 
efficient codecs or hardware. This rebound effect means 
that even though networks and data centres are more 
efficient per unit of work, the overall streaming and gaming 
energy footprint can sƟll grow rapidly.  

GreenCode could add value by modelling 
rebound effects and helping developers 
design soŌware defaults and features that 
manage resource use proacƟvely, ensuring 
efficiency gains keep pace with demand 
growth. 
 

Commercial 
Pressure 

TODO   

Rebound Effects Games are oŌen resourced constrained and the 
sustainability benefits from opƟmisaƟon may be 
redirected into enabling more advanced features. 

For instance, new console generaƟons include energy-saving 
tech but then add power-hungry features that eat up those 
savings295. A cloud gaming provider might run servers at full 
throƩle for responsiveness, prioriƟzing user experience over 
energy use, thus foregoing potenƟal power reducƟons. 

GreenCode will shine a light on the impact 
of these decisions and could help foster a 
more carbon responsible approach to 
resource usage. 

RegulaƟon Although regulaƟons like CSRD are coming online, 
many organizaƟons are not fully prepared to 
comply. In gaming especially, figuring out how to 
aƩribute the energy use of players globally to a 
product is complex.  

The SGA’s work shows an intent to standardize thisError! 

Bookmark not defined., but unƟl it matures, companies may 
struggle to accurately report or might undercount certain 
aspects. We don’t yet have a “performance per waƩ” 
requirement for soŌware, and having this might support 
deeper change through policy. 
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Summary and Future OpportuniƟes 
Energy-efficient compuƟng in media, gaming, and streaming is advancing through targeted soŌware and hardware opƟmizaƟons, ranging from power-aware 
console updates and idle-state game rendering tweaks to more efficient video codecs, cloud infrastructures, and virtual producƟon. 

However, significant opportuniƟes remain: AI-powered tools like GreenCode can automate code-level energy opƟmizaƟons; cross-plaƞorm design can 
minimize waste; and smarter scheduling can align heavy workloads with renewable energy supply.  

While tools and standards are emerging, widespread adopƟon is sƟll limited. Future gains lie in embedding energy-awareness across the soŌware 
development lifecycle, retrofiƫng legacy soŌware systems, and enabling longer device lifespans, ensuring that sustainability becomes a core design and 
operaƟonal priority across the digital entertainment ecosystem. 

 

OpportuniƟes 
The OpportuniƟes table below outlines where the sector can move from isolated opƟmisaƟons to repeatable, scalable impact across the digital 
entertainment lifecycle. It highlights opportuniƟes to apply AI-driven opƟmisaƟon to idenƟfy and remediate energy waste in code and pipelines, adopt 
carbon-aware scheduling for non-urgent workloads (rendering, builds, patch distribuƟon), and improve cross-plaƞorm design so applicaƟons exploit each 
device’s most efficient hardware paths. It also emphasises high-impact routes that align strongly with GreenCode’s strengths: retrofiƫng legacy games and 
media workflows, leveraging edge/content opƟmisaƟon and accelerators, extending device lifeƟmes through soŌware adaptaƟon, and supporƟng emerging 
standards/benchmarking efforts that can make energy efficiency measurable, comparable, and incenƟvised across the industry. 

Opportunity DescripƟon Example/ImplicaƟon ApplicaƟon To GreenCode 

AI-Driven 
OpƟmizaƟon 

Leverage AI to automaƟcally analyse and 
opƟmize soŌware and systems for lower energy 
consumpƟon. AI can uncover complex paƩerns 
and adjustments beyond manual tuning. 

Google’s DeepMind AI famously cut data centre cooling 
energy by up to 40% by dynamically opƟmizing 
seƫngs296. Similarly, AI-driven tools could auto-tune 
game engines or streaming codecs in real Ɵme, finding 
the best performance-per-waƩ seƫngs and reducing 
power draw without human intervenƟon. 

GreenCode can deliver AI-powered systems that 
automaƟcally analyse source code, detect 
inefficiencies, and propose or apply changes, 
enabling developers to improve energy 
performance with minimal manual effort. 
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Carbon-Aware 
Scheduling 

Schedule and locate computaƟonal workloads 
based on renewable energy availability or low-
carbon intensity of power sources. Non-urgent 
tasks can run when and where green power is 
plenƟful, minimizing carbon footprint. 

A video processing job could be queued for midday 
when solar power peaks, or shiŌed to a data centre in a 
region with surplus wind energy. Similarly other jobs 
such as rendering or patch compilaƟon and delivery 
could be scheduled in a similar way. Cloud providers are 
beginning to offer carbon-footprint scheduling opƟons, 
aligning rendering or batch updates with periods of 
cleaner power to cut emissions. 

GreenCode can provide value by developing 
soŌware modules that connect applicaƟons with 
real-Ɵme carbon intensity data, enabling smart 
scheduling of tasks to minimize emissions while 
maintaining performance goals. 

Efficient Cross-
Plaƞorm Design 

Design soŌware and engines to maximize 
energy efficiency across different devices and 
plaƞorms by using naƟve opƟmizaƟons. This 
ensures that applicaƟons run lean on each 
hardware type without redundant overhead. 

A streaming app might uƟlize hardware-accelerated 
video decoding on every plaƞorm (mobile, PC, smart 

TV) to reduce CPU work, or a game engine could adapt 
rendering techniques per device (consoles vs. phones) 
to avoid unnecessary computaƟons. Since there is no 

one-size-fits-all for energy saving across devices, 
flexible, plaƞorm-aware design can significantly lower 

overall power use. 

GreenCode can offer analysis tools and guidelines 
that idenƟfy plaƞorm-specific opƟmizaƟon 
opportuniƟes, helping developers tailor apps for 
energy efficiency on diverse devices and avoid 
one-size-fits-all waste. 

Legacy Code 
OpƟmisaƟon in 
Games 

Provide an AI system that analyses a game’s 
source code or a mobile app and suggests or 
applies opƟmizaƟons (e.g. eliminaƟng busy-wait 
loops, using more efficient data structures) that 
cut CPU/GPU cycles, etc.  

These could be game-changing  benefits for games 
companies dealing with both new and legacy soŌware. 
Improving both user experience, Ɵme to market and 
commercial outcomes.  
 

GreenCode could make legacy code assessment 
part of the standard development pipeline, much 
like linters or security scanners, thereby baking 
sustainability into the soŌware development life 
cycle (SDLC). This would directly address today’s 
tooling gap and empower developers to act on 
energy inefficiencies that are currently hidden or 
become obscured over Ɵme. 

Edge 
CompuƟng & 
Content 
OpƟmizaƟon 

Use edge compuƟng and smarter content 
delivery strategies to reduce energy waste in 
networks and central servers. Processing data 
closer to users (or using peer-to-peer 

The Quanteec peer-to-peer streaming soluƟon reduces 
upstream cache server usage by 70-75% for live 
video297, which means fewer data centre resources are 
needed during peak streams. By caching content at the 
network edge or on user devices, streaming plaƞorms 
and game services can decrease backbone network 

GreenCode can help developers design edge-
aware applicaƟons by providing paƩerns and 
templates for distributed compuƟng, enabling 
greener architectures that balance performance 
with reduced energy use in networks and 
datacentres. 
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techniques) cuts down on long-distance data 
transport and server load. 

energy and scale down centralized infrastructure, 
saving power. 

Specialized 
Hardware 
AcceleraƟon 

Offload heavy media and gaming tasks to 
specialized low-power hardware (GPUs, ASICs, 
FPGAs) and opƟmize soŌware to use them. 
These accelerators perform specific tasks much 
more efficiently than general-purpose CPUs. 

For instance, encoding or decoding video with a 
dedicated media accelerator uses a fracƟon of the 
energy of a CPU doing the same work. AI inferencing in 
games or streaming can run on neural accelerators that 
deliver higher performance per waƩ. Embracing such 
hardware, and wriƟng soŌware to uƟlize it, can 
dramaƟcally cut energy per operaƟon (e.g. console 
games using GPU for physics calculaƟons instead of 
taxing the CPU). 

GreenCode could map common workloads to 
energy-efficient hardware soluƟons and guide 
developers on how to refactor code to leverage 
accelerators, reducing power use without 
sacrificing capabiliƟes. 

Extending 
device lifeƟmes 

Extending the useful life of gaming and media 
devices, reduces the need for new hardware 
producƟon (which is energy-intensive and has a 
carbon cost). The industry could explore 
modular upgrades (like console mid-generaƟon 
refreshes that are plug-in modules) or cloud 
assist modes for older devices (offloading heavy 
tasks to cloud for a device that can’t handle 
them alone). 

Designing games and apps that scale gracefully to older 
hardware, or offering “lite” versions, avoids forcing 
constant upgrades. While hardware-focused, these 
ideas rely on soŌware to make them seamless. If a 
2017 smart TV can sƟll run the latest streaming app 
efficiently in 2025 because the soŌware auto-adjusts to 
its capability, that keeps it out of the landfill longer.  
 

The current gap in legacy support can be flipped 
into an opportunity: invest in opƟmizing and 
updaƟng the most popular older soŌware and 
games with efficiency patches. This “Green 
Retrofits” concept could become a trend, for 
example, an update that re-compresses textures 
in an old game or adds frame rate caps in menus, 
delivering immediate energy savings to thousands 
of ongoing players. 
 

Green SoŌware 
Standards & 
Tooling 

Develop and adopt standards, frameworks, and 
tools that integrate energy efficiency into the 
soŌware development lifecycle. This includes 
benchmarking soŌware energy use and 
providing transparency to drive compeƟƟon on 
efficiency. 

IniƟaƟves like the SoŌware Carbon Efficiency RaƟng 
(SCER) propose consumer-friendly scores for soŌware 
energy/carbon impact, analogous to EnergyStar for 
appliances. In pracƟce, a media streaming service could 
be labelled for efficiency, moƟvaƟng developers to 
opƟmize code and infrastructure. AddiƟonally, new IDE 
plugins and CI tools are emerging that flag energy-
heavy code or suggest greener alternaƟves, embedding 
energy awareness into everyday development and 

GreenCode can contribute value by working to 
define measurable soŌware sustainability 
standards and providing integrated tools that 
benchmark soŌware energy use, helping teams 
target and verify energy improvements. 
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pushing the industry toward more sustainable 
soŌware. 

CollaboraƟon 
on standards 

The gaming and media industries could establish 
common benchmarks for energy efficiency, e.g., 
frames-per-joule metrics or “energy per scene 
rendered” benchmarks. An analogy is how 
mobile phone makers competed on baƩery life 
benchmarks or how Green Web efforts look at a 
carbon cost per user.  
 

If game engines or streaming services are benchmarked 
and ranked by efficiency, it could spur compeƟƟon in a 
posiƟve way. Regulators might also step in: for example, 
extending ecodesign direcƟves to include soŌware 
efficiency or requiring app stores to list whether an 
app/game has passed any green cerƟficaƟon. Such 
moves could accelerate innovaƟon, as companies 
would have clear targets to meet (much like fuel 
economy standards did for cars). 

Enabling the detailed measurement and 
cerƟficaƟon of soŌware systems GreenCode could 
help establish this as a real undertaking in market, 
parƟcularly if this can be achieved in collaboraƟon 
with bodies like the GSF or SGA. 
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SotA of Energy-efficient CompuƟng for Public Sector 
ContribuƟng Partner(s):  IrRADIARE, Digital TacƟcs 

This secƟon explores how IT/soŌware energy efficiency is currently addressed within the public 
sector, its growing importance, and how green soŌware and ICT sustainability can improve the status 
quo. 

Background 
The public sector, from local government agencies to naƟonal bodies, is increasingly reliant on 
complex InformaƟon and CommunicaƟon Technology (ICT) systems to deliver services to ciƟzens. 
This includes everything from managing ciƟzen databases and public services to handling massive 
amounts of data in datacentres.  

The energy consumpƟon of these systems has a significant environmental and economic impact, 
with the ICT sector's electricity consumpƟon potenƟally rising to 20% of the world's total by 2025 
without a focus on efficiency. On the other hand, a significantly increasing number of energy 
efficiency and smart city projects are being developed by ciƟes and government bodies, leading to an 
increase in the number of devices, compuƟng power and, thus, energy. This creates a paradox 
regarding energy efficiency and the adequaƟon of digital resources to achieve it. AddiƟonally, the 
increase in green energy producƟon is changing the producƟon curve, and creaƟng disƟnct curves 
for energy producƟon, energy price and related GHG emissions, leading to an addiƟonal 
consideraƟon factor regarding demand scheduling. 

In this context, energy-efficient compuƟng or emission-efficient compuƟng is no longer a niche 
concern but a strategic necessity. By shaping energy use, public sector organizaƟons can reduce 
operaƟonal costs, align with naƟonal and internaƟonal sustainability goals, and set a leading example 
for the private sector. 

Energy and emissions efficient compuƟng is a mulƟ-faceted approach that involves opƟmizing 
hardware, soŌware, and infrastructure. While hardware improvements have been significant, the 
focus is now shiŌing to the soŌware layer, which can be a primary source of energy waste regardless 
of the underlying hardware. 
 
This is parƟcularly important for the public sector because: 
 

 DecarbonizaƟon at Scale: Governments, parƟcularly regional and local, are some of the 
world's largest consumers of technology. OpƟmizing soŌware on a naƟonal scale can lead to 
significant reducƟons in the overall carbon footprint of a country's digital infrastructure. 
 

 Circular Economy: A focus on soŌware efficiency supports the public sector's move towards a 
circular economy for IT, extending the useful life of exisƟng hardware by making the soŌware 
that runs on it more efficient. 
 

 Policy Compliance: With increasingly high targets for GHG emission reducƟons, soŌware 
opƟmisaƟon is criƟcal for government bodies to meet new, stricter energy consumpƟon 
targets. 
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 Broader electrisaƟon and digitalisaƟon: the leaning towards electricity usage in devices, 
mobility and the broader availability of monitoring and controlling allows for the shaping of 
the demand curve to match energy, emission or cost goals. 

 

Current State of the Art 
The current state of the art in energy-efficient compuƟng for the public sector is characterized by a 
mulƟ-layered approach that combines policy, procurement, and technical soluƟons. 

Policy and RegulaƟon 

Governments are establishing frameworks and policies to drive sustainability. For example, in 
Portugal there is the NaƟonal Energy and Climate Plan (PNEC 2030) that is the main energy and 
climate policy instrument. It outlines targets and measures for the decade 2021-2030, including a 
55% reducƟon in greenhouse gas emissions compared to 2005 levels and a target of 51% renewable 
energy in gross final energy consumpƟon by 2030. The plan also focuses on energy efficiency, energy 
security, and the development of renewable energy sources like solar and wind. 
 

Green Public Procurement (GPP) 
Public bodies are leveraging their significant purchasing power to drive change. GPP policies 
mandate the procurement of goods and services with reduced environmental impact throughout 
their life cycle. Alongside procurement, public sector bodies are increasingly operaƟonalising 
sustainability through service design and delivery standards.   
 
Portugal 
In Portugal, ECO360 - NaƟonal Strategy for Green Public Procurement 2030 is the central policy for 
GPP, approved in February 2023. Its main objecƟves are to enhance the use of GPP as a tool for a 
sustainable transiƟon, promote resource efficiency, sƟmulate the circular economy, and encourage 
eco-innovaƟon in the market. 
 
United Kingdom 
In the UK, cross-government work has produced the Greener Service Principles (v1.0, March 2025) as 
pracƟcal guidance for designing, building, and operaƟng lower-impact digital services. 298 
 
This is being reinforced by formal service design doctrine: the UK government has publicly described 
adding sustainability as a design principle for government services (April 2025), signalling a shiŌ from 
“best-effort” green intenƟons to repeatable expectaƟons embedded in delivery pracƟce299.  
 
In pracƟce, this pushes teams toward concrete soŌware choices that reduce demand (lighter pages, 
fewer dependencies, lower data transfer, simpler journeys) and makes sustainability reviewable 
alongside accessibility, security, and reliability. 
The Netherlands 
In the Netherlands other responsible procurement techniques have been introduced from a 
guidance and execuƟon perspecƟve with organisaƟons like the Buyers Group (ICT) establishing tools 
that help procurement professionals engage with sustainable IT and soŌware suppliers without 
geƫng bogged down in technicaliƟes. 
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Spain 
Spain provides a clear naƟonal-policy anchor for green procurement through the “Plan de 
Contratación Pública Ecológica 2018–2025”, which promotes the systemaƟc inclusion of 
environmental criteria in public purchasing and posiƟons procurement as an implementaƟon 
instrument for wider sustainability objecƟves. This creates a consistent policy signal that can be 
applied across major ICT and digital service procurements rather than relying on isolated “green IT” 
iniƟaƟves.300  
 
Germany 
Germany illustrates a procurement-ready route based on third-party criteria and verificaƟon. The 
Blue Angel ecolabel includes award criteria for “Resource and Energy-Efficient SoŌware Products” 
(DE-UZ 215) and has also defined criteria for energy-efficient data centre operaƟon (DE-UZ 161). 
These instruments provide a pracƟcal mechanism for public buyers to specify efficiency requirements 
in tenders and reference an established assessment scheme rather than invenƟng bespoke criteria 
for each procurement. 
 
Denmark 
Denmark offers an example of translaƟng EU-level green procurement criteria into acƟonable tender 
guidance. The Danish Agency for Digital Government examined green requirements for tenders 
covering datacentres, server rooms, and cloud services, concluded that the EU’s Green Public 
Procurement criteria are the most appropriate to use, and reports that these criteria were tested in 
selected public procurement processes in 2022–2023. The resulƟng requirements have been 
incorporated into public tender guidelines provided via SKI, supporƟng repeatable adopƟon by public 
sector buyers301.  
 
Rest of the World 
Outside Europe, public-sector “green IT” pracƟce is typically implemented through procurement 
policies, ecolabel/standards-based tender requirements, and supplier disclosure obligaƟons, with the 
strongest maturity today in hardware, data centres, cloud services, and organisaƟonal carbon 
reporƟng. Examples include Canada’s federal green procurement policy and supplier disclosure 
standard, the United States’ use of EPEAT/ENERGY STAR-anchored requirements for electronics, 
India’s growing guidance and insƟtuƟonal mechanisms around sustainable procurement, China’s use 
of environmental labelling and government procurement lists, and similar procurement frameworks 
across Japan, South Korea, Australia, and Singapore.  
 
Green soŌware is likely to become a more explicit consideraƟon in these jurisdicƟons for two 
reasons: (1) as public services become increasingly digital and cloud-hosted, procurement and audit 
regimes are expanding from “buy efficient equipment” to “operate efficient services,” and (2) 
supplier disclosure and net-zero commitments create pressure to demonstrate reducƟons in 
operaƟonal emissions that cannot be achieved through infrastructure choices alone. In the near 
term, this will most plausibly emerge as soŌware-adjacent requirements e.g., reporƟng operaƟonal 
emissions for digital services, workload efficiency expectaƟons for hosted services, carbon-aware 
operaƟons for batch processing, and evidence of energy/performance regression controls, before it 
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matures into explicit tender criteria for soŌware efficiency (such as measurable energy-per-
transacƟon or efficiency baselines under representaƟve workloads).  
 

Carbon-aware CompuƟng and Demand Shaping 
Beyond efficiency-in-place, the state of the art is also moving toward carbon-aware workload 
shiŌing, where non-interacƟve workloads (batch analyƟcs, backups, ETL, ML training) are scheduled 
to run when electricity is cleaner and/or cheaper. The Green SoŌware FoundaƟon’s Carbon Aware 
SDK302 exemplifies this tooling direcƟon: it supports integraƟng carbon-intensity signals into soŌware 
so systems can choose when and where to run to reduce emissions without necessarily changing 
funcƟonality.  

For public sector estates, oŌen dominated by periodic workloads, reporƟng cycles, and overnight 
batch jobs, this creates a pracƟcal lever that complements GreenCode’s code-level opƟmisaƟon story 
(especially when code changes alone cannot be deployed quickly due to assurance and change-
control). 

 

LimitaƟons and Gaps 
The LimitaƟons and Gaps table below summarises why public-sector digital estates oŌen struggle to 
achieve measurable energy and carbon reducƟons through soŌware change alone. It highlights 
structural constraints such as large legacy porƞolios, fragmented ownership across departments and 
suppliers, and limited ability to obtain consistent cross-layer telemetry (applicaƟon <> infrastructure 
<>  faciliƟes <> grid factors), parƟcularly in outsourced and hybrid environments. The table also 
captures non-technical barriers that are especially pronounced in the public sector: procurement and 
compliance cycles that prioriƟse cost, risk, and availability; weak accountability mechanisms for 
operaƟonal efficiency; limited specialist capacity; and the absence of standardised, comparable 
methods for defining measurement boundaries, baselines, and “green regression” expectaƟons 
across services. 
 
LimitaƟon/Gap DescripƟon Example/ImplicaƟon ApplicaƟon to GreenCode 

Lack of SoŌware 
Efficiency 
Standards 

There are no universally agreed-
upon metrics or standards for 
what consƟtutes "green 
soŌware". This makes it difficult 
for public sector bodies to 
compare the energy efficiency of 
different applicaƟons and to set 
clear procurement criteria. 

A government agency may not 
have a clear benchmark to 
evaluate if a new soŌware 
soluƟon is more energy-efficient 
than its exisƟng one. 

GreenCode can provide a 
cerƟficaƟon framework to 
establish a clear and 
verifiable standard for 
soŌware energy efficiency, 
filling a criƟcal industry 
gap and enabling GPP. 

Legacy Systems 
and Technical 
Debt 

Many public sector organizaƟons 
sƟll rely on older soŌware and 
hardware systems that are not 
designed for energy efficiency. 
The cost and complexity of 
modernizing these systems can 
be a major barrier. 

A city government might be 
running criƟcal services on a 
mainframe from the 1990s, 
where any change is a high-risk 
and costly endeavour. 

GreenCode's AI-driven 
opƟmizaƟon can 
modernize legacy 
codebases, enhancing 
their efficiency and 
extending their useful life 
without a full-scale, costly 
replacement. 
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High Upfront 
Costs of 
Hardware 

While energy-efficient hardware 
and retrofiƫng exisƟng systems 
can lead to long-term savings, the 
iniƟal capital investment can be 
prohibiƟve for budget-
constrained public enƟƟes. 

A public hospital might find it 
difficult to jusƟfy a large 
investment in a new, energy-
efficient data centre, even if it 
saves money over a decade. 

GreenCode provides a 
soŌware-first approach to 
efficiency, offering a high-
impact, lower-cost 
alternaƟve that does not 
require significant 
hardware upgrades. 

The "AI 
Paradox" 

While AI is a powerful tool for 
opƟmizing efficiency, the 
computaƟonal power required to 
train and run large AI models is 
itself a massive consumer of 
energy. 

Training a single large language 
model can consume a significant 
amount of energy, creaƟng a 
paradox where the soluƟon 
itself contributes to the 
problem. 

GreenCode's core mission 
is to use AI to make 
compuƟng more efficient 
on a broader level, 
effecƟvely using AI to 
solve a problem that AI 
itself contributes to. 

 

Summary and Future OpportuniƟes 
Energy-efficient compuƟng is a cornerstone of the public sector's move toward sustainability, driven 
by both cost savings and regulatory pressure. While progress has been made through policy, 
procurement, and data centre opƟmizaƟon, the greatest remaining opportunity lies in the realm of 
soŌware. 
The GreenCode project is uniquely posiƟoned to address the most criƟcal shortcomings of the 
current state of the art by: 

 CreaƟng a "Green SoŌware CerƟficaƟon": Providing the industry with a clear and credible 
standard for evaluaƟng and cerƟfying soŌware's energy efficiency.  

 Leveraging AI for ConƟnuous OpƟmizaƟon: Using AI and machine learning to conƟnuously 
adapt and improve soŌware as technologies and workloads evolve. 

 Bridging the Policy-to-PracƟce Gap: Offering a tangible, soŌware-based soluƟon that enables 
public sector bodies to meet their sustainability commitments and GPP goals without 
requiring prohibiƟvely high hardware investments. 

By focusing on these areas, GreenCode can provide its partners with a compeƟƟve advantage and 
make a lasƟng contribuƟon to the decarbonizaƟon of compuƟng at scale within the public sector. 
 

OpportuniƟes 
The OpportuniƟes table below outlines where the public sector is uniquely posiƟoned to accelerate 
adopƟon of sustainable soŌware engineering at scale. It highlights the leverage of procurement and 
policy to create clear demand signals (e.g., measurable sustainability requirements, evidence 
expectaƟons, and reporƟng alignment), and the potenƟal to embed sustainability into service 
management and delivery pipelines via standardised measurement modes, CI/CD gates, and 
governance-ready reporƟng artefacts. It also emphasises opportuniƟes to prioriƟse high-impact 
intervenƟons—legacy raƟonalisaƟon, shared plaƞorm opƟmisaƟon, and workload placement, 
supported by transparent benchmarking and assurance approaches that suppliers can meet 
consistently. In this way, sustainability can become a managed operaƟonal objecƟve across public 
digital services rather than a best-effort aspiraƟon. 

Opportunity Area DescripƟon Expected Impact on 
Energy Efficiency 

Alignment with 
GreenCode 
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Energy efficiency as 
a procurement 
requirement 

Embedding explicit, soŌware-level 
energy and sustainability criteria into 
public sector procurement 
frameworks, tenders, and digital 
service standards. 

Drives market-wide 
adopƟon of energy-
efficient soŌware 
pracƟces through 
purchasing power. 

Strongly aligned with 
GreenCode’s goal of 
operaƟonalising 
sustainability in decision-
making processes. 

Standardised, 
soŌware-centric 
energy 
measurement 

AdopƟon of consistent methodologies 
for measuring and reporƟng soŌware 
energy consumpƟon across public 
sector systems, services, and 
suppliers. 

Enables comparability 
across projects and 
supports evidence-
based opƟmisaƟon. 

Directly supports 
GreenCode’s emphasis on 
measurement, traceability, 
and evidence. 

Lifecycle-aware 
sustainability 
assessment 

EvaluaƟng energy and environmental 
impacts across the full lifecycle of 
public sector soŌware systems, 
including development, deployment, 
operaƟon, and decommissioning. 

Prevents long-term 
energy inefficiencies 
caused by incremental 
system growth and 
technical debt. 

Closely aligned with 
GreenCode’s lifecycle-
oriented sustainability 
model. 

ModernisaƟon of 
legacy public sector 
systems 

SystemaƟc energy-aware refactoring, 
consolidaƟon, and modernisaƟon of 
legacy applicaƟons and 
infrastructures common in public 
administraƟons. 

Reduces energy waste 
arising from outdated 
architectures and 
inefficient soŌware 
paƩerns. 

Supports GreenCode’s 
focus on legacy code 
analysis and sustainable 
evoluƟon. 

Cross-layer 
observability and 
accountability 

Linking soŌware architecture, 
runƟme behaviour, and infrastructure 
energy metrics to improve 
transparency and accountability in 
public sector IT operaƟons. 

Enables idenƟficaƟon of 
energy hotspots and 
prioriƟsaƟon of 
opƟmisaƟon efforts. 

Aligns with GreenCode’s 
integrated architecture-
runƟme-measurement 
approach. 

Policy-aligned 
sustainability 
assessment 
frameworks 

Aligning soŌware energy assessment 
with exisƟng public sector 
governance, audit, and reporƟng 
frameworks (e.g. digital service 
standards, sustainability reporƟng 
obligaƟons). 

Facilitates insƟtuƟonal 
adopƟon without 
introducing parallel, 
disconnected processes. 

PosiƟons GreenCode as a 
bridge between 
engineering pracƟce and 
policy compliance. 

Energy-aware cloud 
and hybrid 
deployment 
strategies 

OpƟmising workload placement, 
scheduling, and scaling decisions 
across cloud and on-premise 
environments based on energy and 
carbon consideraƟons. 

Reduces energy and 
carbon intensity of 
public digital services at 
scale. 

Supports GreenCode’s 
system-of-systems 
perspecƟve across 
deployment 
environments. 

Evidence-based 
cerƟficaƟon and 
transparency 
mechanisms 

SupporƟng credible sustainability 
claims through verifiable evidence, 
enabling public trust and regulatory 
confidence in digital services. 

Encourages conƟnuous 
opƟmisaƟon rather 
than one-off reporƟng 
exercises. 

Complements 
GreenCode’s role as an 
evidence generator for 
cerƟficaƟon and reporƟng. 
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SotA of Energy-efficient CompuƟng for Mainframe ApplicaƟons 
ContribuƟng Partner(s): VBT 

Background 
Mainframe systems have been the backbone of criƟcal systems for many large enterprises, especially 
in industries like finance, insurance, and healthcare. They are designed for stability, scalability, and 
reliability. Despite their robust capabiliƟes, many mainframe systems are based on legacy code that 
was not designed with energy efficiency in mind. As the demand for sustainable compuƟng 
increases, opƟmizing the energy consumpƟon of these systems has become a priority. 
 
Energy opƟmizaƟon of mainframe legacy code is a parƟcularly challenging task because it involves 
updaƟng and modernizing systems without disrupƟng criƟcal operaƟons. The volume of legacy code 
is huge, and the number of mainframe developers who can opƟmize the code is insufficient. 
 
GeneraƟve AI (GenAI) and Natural Language Processing (NLP) provide promising approaches to 
opƟmize the energy efficiency of these legacy systems. By using AI models to refactor, analyze, and 
opƟmize legacy code, GreenCode aims to help organizaƟons achieve beƩer performance while 
reducing energy consumpƟon.  

 
Current State of the Art 

Challenges of Mainframe Legacy Systems 
Although technological improvements on the hardware and system soŌware consider reducing 
energy usage, the presence of legacy soŌware on mainframe systems leads to following issues: 

 There are millions of mainframe soŌware codes from decades ago. 
 Tight Coupling with Hardware: Mainframe systems are oŌen closely Ɵed to specific hardware 

architectures. OpƟmizing code for energy efficiency requires understanding how soŌware 
interacts with hardware. 

 Lack of DocumentaƟon: Legacy codebases oŌen lack proper documentaƟon, making it 
difficult for modern AI tools to fully understand the context of the code and suggest 
improvements. 

 Skill Shortage: There is a limited pool of developers who are proficient in mainframe 
programming languages like COBOL, making it harder to refactor legacy code manually. 

 CriƟcal Nature of ApplicaƟons: Mainframe applicaƟons oŌen run mission-criƟcal workloads. 
Making changes without thorough tesƟng can lead to system instability or downƟme and 
replacing them with more modern systems can be costly and risky. 

 Legacy soŌware limits agility, making it difficult for organizaƟons to respond quickly to 
market changes and regulatory demands. 

 UlƟmately, it negaƟvely impacts the insƟtuƟon's compeƟƟve advantage. 

 

Importance of mainframe systems in IT domain 
Mainframe systems, tradiƟonally built on plaƞorms like IBM's z/OS, handle vast volumes of data 
processing. While they are incredibly efficient in terms of throughput and transacƟon processing, 
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they were not designed with energy efficiency as a primary consideraƟon. In many cases, energy 
consumpƟon is directly linked to the complexity of the code being executed, the hardware usage 
paƩerns, and the algorithms in place. 
 
Mainframe systems are widely used in sectors with high online transacƟon volumes. According to a 
2021 report by IBM 303 :  
 

 45 of the top 50 banks,  
 4 of the top 5 airlines,  
 7 of the top 10 global retailers,  
 67 of the Fortune 100 companies  

 
leverage the mainframe as their core plaƞorm. 
 
IBM’s report shows that mainframes sƟll handle almost 70% of the world’s producƟon IT workloads. 
 

Key Concepts and Technologies 
Energy OpƟmizaƟon Techniques for Mainframe Systems 
In the context of mainframe systems, energy opƟmizaƟon techniques include: 
Algorithmic Efficiency: Mainframe applicaƟons oŌen rely on large-scale data processing. OpƟmizing 
the algorithms used for sorƟng, searching, and transacƟon processing can drasƟcally reduce energy 
consumpƟon. For instance, switching from inefficient sorƟng algorithms to more efficient ones can 
result in significant energy savings. 

 Memory OpƟmizaƟon: Mainframe systems oŌen use large amounts of memory. Efficient 
memory management, such as reducing memory leaks, minimizing memory usage in criƟcal 
paths, and opƟmizing cache uƟlizaƟon, can improve energy efficiency. 

 Parallelism and Concurrency: Modernizing legacy systems to leverage mulƟ-threading and 
parallel processing capabiliƟes can help distribute workloads across mulƟple processors or cores, 
reducing processing Ɵme and energy consumpƟon. 

 Efficient I/O OperaƟons: Many mainframe systems perform intensive I/O operaƟons. OpƟmizing 
how data is read from and wriƩen to storage can significantly reduce energy overhead, especially 
when dealing with large data volumes. 

 Reducing Redundant OperaƟons: Legacy systems may contain redundant computaƟons or 
inefficient loops that waste CPU cycles. IdenƟfying and eliminaƟng these redundancies can lead 
to a noƟceable reducƟon in energy consumpƟon. 

 
 
GeneraƟve AI (GenAI) for Mainframe Code OpƟmizaƟon 
GeneraƟve AI models are parƟcularly useful in the context of legacy code opƟmizaƟon. These models 
can be trained to understand the structure and behavior of legacy code and generate suggesƟons for 
improving its energy efficiency. GenAI can be leveraged for: 
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 Code Refactoring: GenAI models can automate the process of refactoring inefficient algorithms 
and code structures. For example, they can suggest opƟmized versions of legacy sorƟng 
algorithms or reduce the complexity of memory-intensive operaƟons. 
 

 Automated Code GeneraƟon: AI models can generate energy-efficient code based on modern 
best pracƟces, replacing legacy code that was wriƩen without energy opƟmizaƟon in mind. 
 

 Energy-Aware Code SuggesƟons: AI models can suggest energy-efficient alternaƟves for exisƟng 
code, such as replacing resource-heavy funcƟons with more opƟmized ones. 
 

 Cross-Language TranslaƟon: GenAI can help translate older mainframe languages (e.g., COBOL) 
to more modern, energy-efficient programming languages, improving maintainability and 
performance. 

 
 
Natural Language Processing (NLP) for Code Understanding and Refactoring 
NLP tools are essenƟal for understanding the semanƟcs of mainframe code and automaƟng its 
opƟmizaƟon: 
 Code SummarizaƟon: NLP techniques can generate high-level descripƟons of legacy code, 

helping developers quickly understand the logic and idenƟfy inefficient areas that could be 
opƟmized for energy efficiency. 
 

 SemanƟc Code Analysis: NLP models can analyze the code’s logical structure, helping to idenƟfy 
secƟons that may be inefficient or redundant and suggesƟng improvements. 
 

 Code TransformaƟon: NLP can assist in translaƟng old mainframe code (e.g., COBOL) into more 
modern and energy-efficient equivalents. This transformaƟon can also involve converƟng 
procedural code into more modular and parallelizable forms. 
 

 Automated DocumentaƟon: NLP can automaƟcally generate documentaƟon for legacy code, 
which makes it easier to idenƟfy areas that could benefit from opƟmizaƟon. 

 
Framework for Energy OpƟmizaƟon of Mainframe Legacy Code Using GenAI and NLP 
To leverage GenAI and NLP for energy opƟmizaƟon in mainframe legacy code, we propose a mulƟ-
step framework that includes the following stages: 
 
Step 1: Energy Profiling 
Before any opƟmizaƟon efforts can take place, it is important to understand where energy 
inefficiencies are occurring. Profiling tools designed for mainframe systems (e.g., IBM’s Energy 
Management Suite) can provide detailed insights into energy usage paƩerns. These tools track CPU 
uƟlizaƟon, memory consumpƟon, disk I/O, and network acƟvity, providing valuable data to guide the 
opƟmizaƟon process. 
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Step 2: Code Understanding with NLP 
NLP tools can assist in automaƟng the analysis of the legacy code: 

- Code SummarizaƟon: NLP tools can provide high-level summaries of the code’s funcƟonality, 
making it easier for developers to idenƟfy areas for energy opƟmizaƟon. 

- SemanƟc Code Analysis: NLP models can analyze the relaƟonships between different parts of 
the code, idenƟfying redundant or inefficient operaƟons that contribute to unnecessary 
energy consumpƟon. 

- Automated Refactoring SuggesƟons: NLP-powered tools can automaƟcally suggest changes 
to improve code structure and reduce energy usage. 

 
Step 3: Code Refactoring with GenAI 
Once energy inefficiencies have been idenƟfied, GenAI models can be used to refactor the legacy 
code: 

- Algorithmic Refactoring: GenAI models can suggest more efficient algorithms for data 
processing tasks. 

- Memory Management Refactoring: AI models can suggest changes to opƟmize memory 
usage, reducing overhead caused by memory leaks and inefficient allocaƟons. 

- Concurrency Refactoring: GenAI can refactor code to take advantage of modern mulƟ-
threading or parallel processing capabiliƟes, distribuƟng workloads across available 
processors. 

 
Step 4: ValidaƟon and TesƟng 
Once the code has been refactored, it is important to validate the changes. AI models can assist by 
automaƟcally tesƟng the refactored code for correctness, performance, and energy efficiency. This 
step ensures that the refactor does not negaƟvely impact the funcƟonality of the system. 
 
Step 5: ConƟnuous Monitoring and OpƟmizaƟon 
Mainframe systems require ongoing maintenance. Using AI and NLP for conƟnuous monitoring of 
energy consumpƟon can help idenƟfy further opƟmizaƟon opportuniƟes over Ɵme. This step ensures 
that the energy efficiency of the mainframe system conƟnues to improve as new workloads are 
added. 
 

ExisƟng SoluƟon Providers 
In the mainframe sector, there are several products/plaƞorms aimed at applicaƟon modernizaƟon: 
IBM watsonx Code Assistant, AWS BluAge, AWS Q Developer, Google Mainframe ModernizaƟon 
SoluƟons (G4), Google Duet AI for Dev, GitHub Copilot, and TSRI. 
 
Apart from IBM watsonx Code Assistant, the main goal of these tools is applicaƟon modernizaƟon; 
they aim to convert legacy mainframe code into more modern Java or C++ languages and move the 
new applicaƟon to the cloud, without a decarbonizaƟon goal. 

 
Tools Focus Core FuncƟon Target Use Case 

IBM watsonx Code 
Assistant for Z 

Built specifically for 
mainframe modernizaƟon 

Uses AI to assist in Cobol 
code refactoring, including 

Mainframe Cobol 
opƟmizaƟon 
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and opƟmizaƟon within IBM 
Z ecosystem. 

code simplificaƟon, 
performance improvement, 
memory and CPU efficiency. 

AWS BluAge Automated mainframe 
applicaƟon refactoring 

AutomaƟcally translates 
legacy code into modern 
microservices-ready Java or 
cloud-naƟve code. 
 Re-plaƞorm applicaƟons to 
run on AWS cloud not on 
IBM Z. 

Large legacy applicaƟons in 
Cobol, RPG, etc. 
 OrganizaƟons looking to 
fully replace legacy systems 
with modern Java-based 
applicaƟons. 
 Replace Cobol on AWS. 

AWS Q Developer AI-assisted soŌware 
development and 
modernizaƟon 

Assists developers in 
understanding, refactoring 
and tesƟng code. 
 Can help generate unit 
tests, explain code structure, 
etc. 
 Integrated with tools like 
AWS CodeWhisperer and 
IDE plugins. 

Developers working on code 
analysis, manual or semi-
automated modernizaƟon, 
or incremental refactoring. 
 More granular and 
interacƟve support 
compared to full 
automaƟon. 

Google G4 / Dual Run Cloud-first re-plaƞorming Uses automated code 
conversion template to 
convert to languages like 
Java that can be deployed in 
Google cloud. 

For organizaƟons whose end 
goal is cloud re-plaƞorming. 

Google Duet AI for Dev Google's equivalent to 
GitHub Copilot 

ProducƟvity assistant that 
can help developers with 
coding, data analysis, and 
collaboraƟon. 

Useful for modern 
languages not mainframe 
environments. 

GitHub Copilot AI assistant by 
GitHub+OpenAI 

Can help with basic Cobol 
syntax suggesƟons. 
 Directly integrates with 
IDEs. 
 Can adapt to individual 
coding styles. 

Individual developers and 
enterprises working on code 
analysis, modernizaƟon, or 
incremental refactoring. 

TSRI Specializes in automated 
code transformaƟon, 
including Cobol 

MigraƟon from Cobol to 
Java, C++, etc. 

For organizaƟons whose end 
goal is cloud re-plaƞorming. 
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GreenCode/Industry Feature comparison 
Features/ 

Tools 
GreenCode IBM watsonx 

Code Assistant 
for Z 

AWS BluAge AWS Q Developer Google G4 / 
Dual Run 

Google Duet AI 
for Dev 

GitHub Copilot TSRI 

Energy OpƟmizaƟon ✅Yes ✅Yes ❌ No ❌ No ❌ No ❌ No ❌ No ⚠ Indirect 
Energy Profiling ⚠ Via 

integraƟon 
⚠ Via 

integraƟon 
❌ No ❌ No ❌ No ❌ No ❌ No ❌ No 

Plaƞorm flexibility for 
Generated/OpƟmized 

Code 

✅Yes, 
Mainframe or 
appropriate 

plaƞorm 

✅Yes, 
Mainframe or 
appropriate 

plaƞorm 

❌ No, moves to 
cloud environment 

❌ No, moves to 
cloud 

environment 

❌ No, moves 
to cloud 

environment 

❌ No, moves 
to cloud 

environment 

❌ No, moves to 
cloud environment 

❌ No, moves 
to cloud 

environment 

COBOL Support ✅ Yes ✅ Strong, 
produces 

efficient code in 
Cobol or Java 

✅ Converts line by 
line to Java 

⚠ Limited, helps 
in code 

understanding 

✅ Converts 
line by line to 

Java 

❌ No ⚠ Basic, code 
understanding and 

translaƟng into 
modern languages 

✅ Converts line 
by line to Java, 

C++ 

PL/I Support ✅ Yes 
 

⚠ Soon ✅ Converts line by 
line to Java 

❌ No ✅ Converts 
line by line to 

Java 

❌ No ❌ No ✅ Converts line 
by line to Java, 

C++ 
ApplicaƟon Discovery ✅Yes ⚠ Via Wazi ✅ Strong (for 

migraƟon) 
⚠ Some (Java 

migraƟon 
focused) 

⚠ Some ❌ No ❌ No ✅ Yes 

Refactoring technique ✅GenAI ✅GenAI ⚠ Rule-based ⚠ GenAI 
assistance on 

understanding 

⚠ Rule-based ❌ No legacy 
language 
support 

⚠ Basic, GenAI ✅Hybrid 
(GenAI + Rule-

based) 
Code Understanding 

technique 
✅NLP ✅ GenAI + 

staƟc and flow 
analysis 

✅ StaƟc analysis, 
Model Driven 
Architecture, 

reverse engineering 

✅ Basic, GenAI 
based 

explanaƟons 

⚠ RunƟme 
analysis 

❌ Pure GenAI  
for modern 

languages only 

✅ NLP ✅ SemanƟc 
graphs + full 

program analysis 

ValidaƟon & TesƟng ✅ Yes ✅ Basic ✅Yes ❌ No ✅ Cloud ❌ No ❌ No ✅ Cloud 
On Premise LLM ✅ Yes ✅ Yes ❌ No ⚠ Planned ❌ No ❌ No ❌ No ❌ No 

Mainframe specific LLM ✅ Yes ✅ Yes ❌ No ⚠ ParƟal ❌ No ❌ No ❌ No ❌ No 
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SoluƟons at object code level, at run-Ɵme (without source code opƟmizaƟon) 
IBM, the main product provider in the mainframe sector, offers various soluƟons at different levels 
(without source code opƟmizaƟon) (These soluƟons can always be used as complementary to any of 
the above-menƟoned tools.): 

 IBM AutomaƟc Binary OpƟmizer (ABO), enhances Cobol applicaƟons to be more CPU-
efficient without compiling (might yield energy savings), based on object code. It doesn't 
provide documentaƟon on source code. 
 

 Compiler-level opƟmizaƟons via IBM Enterprise COBOL for z/OS compiler. The latest compiler 
version includes advanced opƟmizaƟon flags and energy-efficient compile opƟons, uses 
newer hardware instrucƟons that are more power-efficient, leading to a reducƟon in CPU 
Ɵme for the same job/task. 
 

 z/OS Performance Tools (RMF, SMF, Omegamon) to measure energy/CPU consumpƟon. 
These tools do not opƟmize code directly but provide criƟcal performance and energy 
telemetry needed to make opƟmizaƟon decisions. 

As seen in the table above, only IBM watsonx Code Assistant has features similar to those of 
GreenCode in the "mainframe legacy code conversion" domain. However, GreenCode goes further by 
evaluaƟng energy consumpƟon and infrastructure energy assessments along with the funcƟonal 
comparison of old and new code in the mainframe plaƞorm. GreenCode will differ also in semanƟc 
business understanding with smarter business domain-aware modelling. GreenCode will offer a 
valuable alternaƟve to IBM mainframe users. 

 
GreenCode not only performs correcƟve acƟons on code bases through analysis but also automates 
the decarbonizaƟon of soŌware systems using cuƫng-edge GenAI. AddiƟonally, GreenCode will 
provide a holisƟc, transparent, and well-controlled approach to improving soŌware quality and 
delivering other valuable benefits. It will offer this as a complete decarbonizaƟon suite across many 
system environments and programming languages. 
 

LimitaƟons and Gaps 
Improving energy efficiency in mainframe estates remains challenging despite their mature 
operaƟonal discipline. Constraints such as opaque or vendor-specific telemetry, limited access to 
fine-grained instrumentaƟon for soŌware-level aƩribuƟon, and the difficulty of comparing energy 
efficiency across mixed estates where mainframes coexist with distributed plaƞorms are key issues. 
 
There are also structural barriers to opƟmisaƟon: large, business-criƟcal legacy codebases with 
scarce skills, high change risk and long release cycles, and modernisaƟon approaches (including AI-
assisted translaƟon) that can introduce new technical debt, unpredictable performance 
characterisƟcs, or loss of plaƞorm-specific efficiencies.  
 
Finally, there is a lack of widely adopted, mainframe-relevant sustainability benchmarks and 
assurance pathways that can link measured impact to governance and procurement expectaƟons. 
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LimitaƟon/Gap DescripƟon Example/ImplicaƟon ApplicaƟon To GreenCode 

Energy Profiling is 
Missing or Not 
Integrated 

Tools don’t include 
energy profiling, 
carbon footprint 
esƟmaƟon or energy 
modelling. No inside 
into which code 
regions consume the 
most energy, I/O vs 
CPU vs memory vs 
wait cycles. 

IBM WatsonX Code Assistant for 
Z gives CPU consumpƟon of the 
legacy code and the opƟmized 
code. Other energy and 
performance related data is 
collected on HMC and SMF/RMF 
but remains unintegrated. 

Integrate energy and 
performance profilers 
(mainframe HMC and 
SMF/RMF records) and build 
models to esƟmate energy 
per funcƟon/module. 

GenAI and Rule-based 
Refactoring Tools Lack 
Energy/Performance-
Aware Guidance 

Neither GenAI (e.g., 
IBM WatsonX, Copilot) 
nor rule-based 
refactoring tools are 
trained for low-energy 
paƩerns. 

They focus on funcƟonality. They 
may suggest more readable but 
less efficient code (e.g., replacing 
nested loops with map/filter 
pipelines without knowing 
energy trade-off). 

Train/refine LLMs using 
corpora annotated with 
energy/performance 
benchmarks or 
energy/performance cost 
models per instrucƟon 
paƩern. 

No Feedback Loop 
Between RunƟme Energy 
Data and StaƟc Code 

Tools don’t use 
runƟme energy usage 
to inform further 
staƟc refactoring. 

Example: If a specific VSAM (IBM 
proprietary data system) access 
paƩern causes I/O spikes, tools 
don’t suggest buffered reads or 
index adjustments 

Introduce a closed-loop 
system: RunƟme → Profiling 
→ StaƟc Code → 
GenAI/Rules → RunƟme. 

Lack of Deep Business 
Logic Understanding  

Tools oŌen translate 
code literally but miss 
the domain intent or 
embedded business 
rules. 

Example: A Cobol payroll 
system’s logic is translated to 
Java but loses HR-specific rules 
or regulaƟon context. This leads 
to funcƟonal divergence or 
broken compliance. 

Integrate domain-specific 
language models or 
knowledge graphs to infer 
business rules before 
refactoring. 

Weak Data and 
Dependency Flow 
Analysis 

 They don’t resolve cross-file data 
flows, especially with includes, 
copybooks or shared memory. 
They miss I/O paths, VSAM/DB2 
schemas or JCL-to-program 
linkages. 

Add bidirecƟonal staƟc + 
dynamic analysis with 
mainframe-specific I/O 
modeling. 

 

Summary and Future OpportuniƟes 
Mainframe applicaƟons sit in a disƟncƟve posiƟon in the sustainability landscape: they oŌen run 
highly consolidated, operaƟonally mature workloads, yet the path from plaƞorm-level efficiency to 
soŌware-level opƟmisaƟon evidence is sƟll weak.  

The main blockers are not a lack of operaƟonal control, but limited fine-grained aƩribuƟon and 
comparability in hybrid estates, combined with the high risk and inerƟa of business-criƟcal legacy 
codebases and scarce specialist skills. ModernisaƟon and AI-assisted translaƟon can help address 
maintainability and talent constraints, but can also introduce new performance uncertainty or 
technical debt unless changes are Ɵghtly validated.  

For GreenCode, the opportunity is to pair mainframe discipline (change control, capacity planning, 
workload management) with sustainability-aware measurement, aƩribuƟon and regression 
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validaƟon, enabling opƟmisaƟons and modernisaƟon choices that are measurable, comparable, and 
governable across the wider enterprise environment. 

 

OpportuniƟes 
Mainframe contexts offer disƟncƟve leverage for sustainability improvements when approached with 
evidence and appropriate guardrails. OpportuniƟes exist to combine exisƟng operaƟonal strengths 
(capacity planning, workload management, disciplined change control) with energy-aware 
measurement and aƩribuƟon that can connect applicaƟon behaviour to plaƞorm signals. High-
impact modernisaƟon and opƟmisaƟon pathways, selecƟve refactoring, automated remediaƟon of 
inefficiencies, and AI-assisted analysis/translaƟon with regression validaƟon, can reduce waste while 
preserving the reliability and performance characterisƟcs mainframes are valued for. The opportunity 
to develop mainframe-specific benchmarks, reporƟng artefacts, and assurance approaches so 
efficiency improvements are measurable, comparable, and acƟonable across hybrid enterprise 
estates is important. 

Opportunity DescripƟon Example/ImplicaƟon ApplicaƟon To GreenCode 

Energy/Performance 
Profiling 

Energy/Performance-
aware profiling is crucial 
point for the refactoring 
that has the prime 
target as energy-
efficiency.  

The KPIs for energy and 
performance evaluaƟon of 
applicaƟon should be 
checked aŌer each 
opƟmizaƟon step. Without 
effecƟvely measuring the 
energy hotspots the 
refactorizaƟon cannot 
reach its opƟmizaƟon 
target. 

Mainframe systems have 
proprietary architectures with 
closed monitoring APIs. GreenCode 
will evaluate the energy and 
performance data collected by the 
IBM Mainframe hardware and 
monitoring/management soŌware 
(Support Elements, HMC, 
RMF/SMF) and push this data to the 
code opƟmizaƟon pipeline. The 
energy/performance data will be 
used to detect and re-opƟmize code 
with high energy smells. 

Refactoring with LLMs 
Trained Using Energy-
aware Benchmarks 
and Cost Models 

Be the first GenAI-based 
refactoring tool focused 
on energy efficiency, 
with profiling, hotspots, 
and low-energy paƩern 
libraries. 

 GreenCode aims to develop fine-
grained energy maps at 
funcƟon/module level. To do this, it 
will train/refine LLMs using corpora 
annotated with energy benchmarks 
or energy cost models per 
instrucƟon paƩern. 

 
SemanƟc Business 
Understanding 

Tools oŌen translate 
code literally but miss 
the domain intent or 
embedded business 
rules. 

Example: A Cobol payroll 
system’s logic is translated 
to Java but loses HR-
specific rules or regulaƟon 
context. This leads to 
funcƟonal divergence or 
broken compliance. 

GreenCode will integrate smarter 
domain-aware language models or 
knowledge graphs, potenƟally fine-
tuned on HR, finance, banking, 
logisƟcs, insurance, etc. domains to 
infer business rules before 
refactoring. 
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Conclusion and Synthesis 

Overall Conclusion 
This state-of-the-art review shows that soŌware sustainability has moved from a niche engineering 
concern to an emerging mainstream requirement, driven by rising energy costs, policy pressure, and 
ESG reporƟng expectaƟons. As noted throughout the themaƟc chapters, the field has developed a 
growing set of concepts, measurement tools, and best-pracƟce guidance, but the capabiliƟes remain 
fragmented and unevenly operaƟonalised across soŌware types and deployment contexts. 

A consistent theme across domains is the gap between knowing and doing: organisaƟons may be 
able to esƟmate or report energy/carbon footprints, but oŌen lack pracƟcal, repeatable pathways to 
reduce them in producƟon soŌware without compromising performance, reliability, or delivery 
speed. This gap is especially visible where systems are complex (distributed and mulƟ-tenant cloud 
services), constrained (embedded and heterogeneous plaƞorms), or difficult to instrument (legacy 
and proprietary environments such as mainframes). 

At the same Ɵme, AI has accelerated soŌware engineering tooling, but much of the current 
generaƟon of GenAI and rule-based refactoring capability is trained for correctness and developer 
producƟvity rather than energy/performance-aware opƟmisaƟon, and rarely supports closed-loop 
feedback from runƟme evidence back into code change recommendaƟons. The result is that current 
tools can modernise or refactor code, but do not consistently opƟmise for energy efficiency or 
provide traceable evidence that links code changes to verified energy reducƟons. 

Standards and cerƟficaƟon iniƟaƟves, parƟcularly SCI and related schemes, are maturing and provide 
an increasingly important foundaƟon for comparable reporƟng and procurement-driven incenƟves. 
However, they currently emphasise calculaƟon and disclosure more than automated, evidence-
backed opƟmisaƟon workflows. This creates an opportunity for complementary tooling that turns 
“measurement and reporƟng” into conƟnuous improvement, enabling cerƟficaƟon to evolve from 
passive disclosure towards validated engineering acƟon. 

Against this backdrop, GreenCode is posiƟoned to integrate the developments surfaced in other 
projects, standards bodies, and tool ecosystems into a single, modular approach that links (i) 
soŌware quality/performance engineering, (ii) measurement and aƩribuƟon, (iii) AI-assisted 
opƟmisaƟon, and (iv) standards-aligned reporƟng and assurance. Its emphasis on legacy 
modernisaƟon and opƟmisaƟon addresses a major pracƟcal reality: significant emissions and costs 
are locked into exisƟng systems, and measurable improvements can be realised rapidly if evidence 
and opƟmisaƟon are integrated into the maintenance lifecycle. 
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Consolidated Gap and Opportunity Analysis 
This analysis consolidates the findings of the previous secƟons as a set of high-level gaps and 
opportuniƟes for the GreenCode project to deliver value. 

Gap Current state What’s missing GreenCode 
opportunity 

Measurement is available, 
but not consistently 
automated, repeatable, 
and comparable 

 

Many approaches exist (on-chip 
sensors, external measurement, 
provider telemetry), but results 
vary with tooling, access 
constraints, and workload 
design. 

Automated measurement 
pipelines and repeatable 
protocols that work across 
environments and generate 
consistent evidence suitable 
for engineering decisions. 

Provide an end-to-
end evidence pipeline 
(capture → store → 
analyse → compare) 
that can be applied 
consistently and 
scaled through 
automaƟon. 

Limited aƩribuƟon from 
energy consumpƟon to 
acƟonable soŌware 
artefacts 

Energy evidence is oŌen 
system-level; aƩribuƟon to 
modules/funcƟons is hard, 
especially in mulƟ-process, 
distributed, or legacy systems. 
 

PracƟcal, usable aƩribuƟon 
methods that map 
energy/performance 
hotspots to code regions 
and architectural 
components. 
 

Build soŌware-centric 
energy maps and 
traceability that 
connect runƟme 
measurements to 
code and 
architectural 
representaƟons. 

Weak “closed loop” 
between runƟme 
behaviour and 
refactoring/opƟmisaƟon 
tools 

Many tools analyse code 
staƟcally or refactor for 
readability/maintainability, but 
do not use runƟme energy data 
to drive iteraƟve opƟmisaƟon. 
 

A closed-loop workflow: 
RunƟme evidence → 
profiling → refactoring 
guidance → validaƟon → re-
measurement. 

Make closed-loop 
opƟmisaƟon a core 
capability across 
target domains. 

GenAI tooling is not 
energy/performance-
aware by default 

GenAI and refactoring tools are 
generally not trained on energy-
efficient paƩerns and may 
recommend changes that are 
funcƟonally correct but energy-
subopƟmal. 
 

Training/benchmarking 
approaches that include 
energy and performance 
cost signals, and that 
encode low-energy paƩerns 
and trade-offs. 
 

Develop/refine 
models and paƩern 
libraries grounded in 
benchmarks/cost 
models and validated 
against measured 
outcomes. 

Traceability for audit, 
cerƟficaƟon, and 
procurement remains 
limited 

Even where energy is 
measured, results are not 
consistently produced in forms 
suitable for assurance, 
cerƟficaƟon, or comparable 
procurement claims. 
 

Evidence bundles with clear 
boundaries, assumpƟons, 
and reproducible 
measurement contexts. 
 

Generate traceable, 
auditable evidence 
artefacts aligned to 
SCI and cerƟficaƟon 
workflows, reducing 
risk of superficial 
“green badging”. 

MulƟ-tenant and shared 
infrastructure allocaƟon 
rules are inconsistent 

In cloud/plaƞorm 
environments, per-service 
energy/emissions depends 
heavily on allocaƟon choices 
(idle sharing, contenƟon, 
baselines), producing 
inconsistent results. 

Explicit allocaƟon rules, 
confidence grading, and 
transparency about 
assumpƟons. 
 

Provide defined 
allocaƟon models and 
confidence levels that 
remain compaƟble 
with standards-
aligned reporƟng. 

Lifecycle effects are under-
addressed (soŌware 

Many studies and tools focus on 
point-in-Ɵme improvements 
and do not adequately address 

Lifecycle-aware tracking of 
energy/performance 
changes across versions and 

Treat sustainability as 
a conƟnuous 
property and support 
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evoluƟon, configuraƟon 
driŌ, firmware changes) 

long-lived soŌware evoluƟon 
and regression in efficiency. 
 

operaƟonal contexts. 
 

ongoing monitoring 
and regression 
detecƟon. 

Domain constraints 
prevent “one-size-fits-all” 
tooling 

Mainframes have proprietary 
monitoring channels; 
embedded systems are 
heterogeneous; web/SaaS is 
elasƟc; gaming/media has 
performance/latency 
constraints. 
 

A modular approach that 
allows domain-specific 
adapters and opƟmisaƟon 
strategies without 
fragmenƟng the overall 
evidence model. 
 

Deliver a core 
plaƞorm plus sector-
specific modules, 
maintaining a 
common evidence 
and opƟmisaƟon 
lifecycle across 
domains. 

AdopƟon barriers remain 
organisaƟonal, not just 
technical 

Even where tacƟcs exist, 
adopƟon can be limited by 
perceived trade-offs, costs, and 
resistance; sustainability may 
be waived under 
performance/SLA pressure. 
 

Tooling that integrates with 
exisƟng SDLC workflows and 
supports explicit trade-off 
decisions with evidence. 
 

Embed sustainability 
into day-to-day 
engineering, with 
decision records, 
paƩerns, and 
evidence-based 
excepƟons. 
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High Level Requirements 
The following high-level requirements are derived from the gaps idenƟfied above and will be 
combined with those idenƟfied in the use-case definiƟon and preliminary requirements work.  

1. Evidence-first measurement automaƟon 
Provide automated capture of energy/performance evidence across runs, with repeatable 
protocols and explicit system boundaries. 

2. MulƟ-source measurement adapters 
Support heterogeneous measurement sources (on-chip, external/wall-plug, plaƞorm 
telemetry, provider telemetry), with clear metadata on precision, assumpƟons, and 
confidence. 

3. AƩribuƟon and traceability to soŌware artefacts 
Map measured behaviour to code regions, modules, and architectural components to make 
evidence acƟonable for engineering teams.  

4. Closed-loop opƟmisaƟon workflow 
Implement a conƟnuous improvement loop: instrument → profile → recommend change → 
validate → re-measure → track regressions. 

5. Energy/performance-aware refactoring and paƩern guidance 
Provide rule-based and AI-assisted recommendaƟons that explicitly consider 
energy/performance trade-offs, supported by low-energy paƩern libraries and measurable 
validaƟon. 

6. Standards-aligned reporƟng and export 
Produce outputs aligned with SCI / ISO 21031 expectaƟons and compaƟble with cerƟficaƟon 
and procurement evidence needs, without invenƟng ad-hoc metrics. 

7. MulƟ-tenant allocaƟon and confidence grading 
Provide explicit allocaƟon rules and confidence levels for shared infrastructure scenarios, 
ensuring transparency and comparability.  

8. Lifecycle-aware monitoring and regression detecƟon 
Track sustainability performance across versions, configuraƟon changes, and operaƟonal 
evoluƟon, supporƟng conƟnuous monitoring rather than one-off audits. 

9. Modular, extensible architecture for sector adaptaƟon 
Enable domain-specific adapters (e.g., proprietary mainframe monitoring APIs, embedded 
heterogeneity) while maintaining a common evidence model. 

10. Workflow integraƟon and adopƟon support 
Integrate into exisƟng engineering and DevOps toolchains, and support decision records and 
trade-off management where sustainability conflicts with performance/funcƟonal 
constraints. 
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New Business Models 
The following new business models may emerge as a result of the GreenCode project 

OpƟmisaƟon-as-a-Service (OaaS) for legacy and complex systems 
A managed service that profiles systems, idenƟfies hotspots, recommends validated refactoring, and 
tracks improvements over Ɵme—prioriƟsing measurable reducƟons in TCO and technical debt 
alongside sustainability outcomes. 

CerƟficaƟon-ready evidence automaƟon (“Assurance-as-a-Service”) 
A plaƞorm that generates traceable evidence bundles aligned to SCI and cerƟficaƟon schemes, 
helping organisaƟons move from disclosure to validated improvement while reducing greenwashing 
risk. 

ConƟnuous sustainability monitoring integrated into DevOps toolchains 
SubscripƟon tooling that embeds runƟme measurement and regression detecƟon into CI/CD (and 
operaƟonal monitoring), supporƟng conƟnuous improvement expectaƟons (e.g., annual 
remeasurement requirements in cerƟficaƟon contexts).  

Sector modules and “domain adapter marketplace” 
A core plaƞorm plus paid sector-specific packs (mainframe adapters; embedded evaluaƟon kits; 
cloud mulƟ-tenant allocaƟon modules), enabling broad applicability without losing domain depth. 

Benchmarking and evaluaƟon lab services 
A revenue model around running controlled, reproducible evaluaƟons for vendors and large 
enterprises—especially where measurement access is constrained or specialised (embedded boards, 
proprietary stacks).  

Energy-aware refactoring models and paƩern libraries as a data product 
Curated, benchmark-annotated corpora and reusable low-energy paƩern libraries that can be 
licensed to tool vendors or used internally to train/refine models for energy-aware code changes. 

Infrastructure sustainability tooling aligned to post-2026 efficiency targets 
Where relevant to partners and market demand, tooling that supports data-centre design/operaƟons 
decisions to remain within stringent efficiency targets (as noted in the draŌing prompts), provided 
this remains linked to soŌware-driven evidence and does not duplicate mature hardware-only 
standards. 
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