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What awaits?

• Introduction to EnergiBridge and how we use it for research & education


• Software energy measurements & how to conduct they reliably


• Try out the tool EnergiBridge yourself!
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Assistant Professor  
Human- and Developer-centered Software Engineering


→ researching social & individual sustainability


Focus on human-automation collaboration and software quality. 
Also looking into energy impact of quality assurance.


Teaching sustainable software engineering & software quality assurance 
at Master / Bachelor level.



Enrique Barba Roque
TU Delft

PhD Candidate at SERG


Research on Green AI:


- Energy reporting and optimization of LLMs.


- Neuromorphic Computing and SNNs: New AI paradigm for 
low power implantable devices.



We want to get to know you too!
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What are your plans for today’s 
session?

How interested and experienced are 
you with energy measurements?

Which tools did you use before to 
measure energy consumption?



Links & Installation Instructions for the Tutorial

• EnergiBrige: https://github.com/tdurieux/energibridge


• Fork for Windows without vulnerability: 
https://github.com/enriquebarba97/EnergiBridge/tree/pawnio-migration


• Notebooks with configurations and data analysis for research example: 
https://github.com/enriquebarba97/EnergiBridge-tutorial
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Abstract—Energy consumption in software systems is becoming
increasingly important, especially in large-scale deployments.
However, debugging energy-related issues remains challenging
due to the lack of specialized tools. This paper presents an
energy debugging methodology for identifying and isolating energy
consumption hotspots in software systems. We demonstrate the
methodology’s effectiveness through a case study of Redis, a
popular in-memory database. Our analysis reveals significant
energy consumption differences between Alpine and Ubuntu
distributions, with Alpine consuming up to 20.2% more power in
certain operations. We trace this difference to the implementation
of the memcpy function in different C standard libraries (musl vs.
glibc). By isolating and benchmarking memcpy, we confirm it as the
primary cause of the energy discrepancy. Our findings highlight
the importance of considering energy efficiency in software
dependencies and demonstrate the capability to assist developers
in identifying and addressing energy-related issues. This work
contributes to the growing field of sustainable software engineering
by providing a systematic approach to energy debugging and
using it to unveil unexpected energy behaviors in Alpine.

I. INTRODUCTION

In recent years, the demand for computing power has grown
exponentially, leading to a rapid increase in the number and size
of data centers. This growth is accompanied by a significant
increase in energy consumption. It is estimated that by 2025,
data centers will consume 20 % of global electricity and
account for 5.5 % of global emissions [3].

While Sustainable Software Engineering and energy effi-
ciency studies have gained traction in mobile development [8]
due to battery life concerns, energy optimization for server
deployment remains relatively unexplored. This gap stems from
several factors: server systems’ lack of reliance on batteries
makes energy reduction less immediately impactful, clients do
not directly pay for server energy costs, and there’s a scarcity of
tools for debugging energy consumption in server environments.
These circumstances have led to a situation where server-side
energy optimization lags behind mobile computing, despite
the significant environmental and economic impact of data
center energy consumption. Addressing this disparity requires
both technological advancements and a shift in perspective
regarding the importance of energy efficiency in server-side
software engineering.

One of the main components of server software is the
Linux distribution over which software runs. In modern server
deployments, they are typically bundled with the software into

a Docker container, and provide shared libraries over which
other technologies run, like the C Standard Library.

One important criteria for choosing a distribution is image
size, which makes images like Alpine extremely popular, with
over a billion downloads on DockerHub. However, aspects
like energy efficiency are often ignored or unknown by the
community.

In this paper, we present a methodology to help developers
trace and identify energy consumption hotspots in server
systems. Our work is motivated by the findings of Tjiong [31],
who demonstrated that the base image of a Dockerfile impacts
the energy consumption of the running application. However,
the root cause of this energy consumption difference remained
an open question.

We introduce a methodology designed to locate the causes
of energy consumption discrepancies. This formal approach
provides a systematic way for researchers and developers to
investigate energy inefficiencies and regressions in workloads
that use different libraries or technologies.

To demonstrate the effectiveness of the approach, we present
a case study investigating why the Redis database consumes
more energy on Alpine than Ubuntu. This study addresses the
following research questions:
RQ1 Does Redis exhibit different energy consumption patterns

on different operating systems?
RQ2 Is our approach capable of identifying the cause of energy

consumption differences?
RQ3 Can the cause for the energy differences be isolated?

Our evaluation reveals a difference of 8.6 % in total energy
consumption and up to 20.2 % in power usage during Redis
execution on two different operating systems. We attribute
this difference to the use of different libc implementations:
musl versus glibc. Specifically, we successfully identify the
cause of this discrepancy in the memcpy function, which is less
performant and more energy-intensive in musl.

In summary, the contributions of this paper are:
• A methodology for investigating energy regressions in

software
• An empirical study highlighting significant energy regres-

sions in the Alpine distribution
• A set of scripts and benchmarks for investigating energy

regressions in software
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Abstract
Continuous integration pipelines execute automated tests on ev-
ery commit, consuming substantial energy. Batch testing, which
groups multiple commits into a single test run, has been shown to
reduce test executions in simulation studies, but no prior work has
measured whether these reductions translate into actual energy
savings. This study measures CPU package energy consumption
of CI builds under a baseline run-all approach and two batching
strategies (BatchStop4 and linear-4 lwd) across eight open-source
Java projects. BatchStop4 achieves energy savings between 57%
and 88%, while linear-4 lwd achieves savings between 59% and
94%. Energy savings correlate almost perfectly with time savings (r
>0.99), indicating that batching reduces energy primarily by short-
ening total execution time. Baseline failure rate strongly predicts
achievable savings, while CPU utilisation shows no signi!cant re-
lationship. These !ndings provide empirical evidence that batch
testing e"ectively reduces the environmental footprint of continu-
ous integration, particularly for projects with low failure rates.

CCS Concepts
• Software and its engineering→ Software testing and debug-
ging.

Keywords
continuous integration, batch testing, software testing, energy mea-
surement, sustainable software engineering
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1 Introduction
Continuous Integration (CI) is now a standard part of modern
software development work#ows: every commit triggers automated
builds and tests that provide rapid feedback to developers [3, 17,
20]. While this practice improves software quality and developer
productivity, it also results in large volumes of test executions that
consume non-trivial computational resources and energy. Recent
work has started to quantify the environmental impact of testing,
showing that automated tests can contribute a signi!cant share of
a project’s overall energy footprint [12, 22]. More broadly, recent
research has called for energy-aware software testing practices that
explicitly account for environmental impact [21].

At the same time, CI providers and organizations are under
pressure to reduce both operational costs and environmental impact.
Data centers, which underpin CI/CD infrastructure, account for
approximately 1% of global electricity use [14], while the ICT sector
overall is responsible for 2% of global carbon emissions [7]. This
has driven recent research into carbon-aware CI/CD services that
align work#ow execution with low-carbon energy availability [5].
This creates a growing need for CI strategies that are not only fast
and reliable, but also energy e$cient.

One promising direction to reduce CI costs is batch testing, where
multiple commits are grouped into a single build and test run. In-
stead of executing the full test suite for every commit, the CI system
accumulates commits into batches and only invokes the test suite
once per batch. Prior work has demonstrated that batching strate-
gies can reduce the number of test executions by approximately 50%
on average across projects [2], with simple !xed-batch approaches
achieving 48% reductions [2] and dynamic batching algorithms
o"ering comparable savings while adapting to project characteris-
tics [9]. These studies evaluate batch testing algorithms analytically
on historical CI data, simulating test execution savings without mea-
suring actual resource or energy consumption [2, 9]. Conversely,
research on the energy impact of software testing measures real CI
executions but focuses exclusively on standard run-all con!gura-
tions [22]. This gap means that the energy implications of batch
testing strategies remain unquanti!ed, despite their demonstrated
potential to reduce test executions.

Bridging this gap is important because simulated reductions in
test executions or build time do not automatically translate into
proportional energy savings when the same strategies are deployed
on real hardware. The energy usage of a build is in#uenced by

Research done with EnergiBridge

7

 

Contents lists available at ScienceDirect

The Journal of Systems & Software

journal homepage: www.elsevier.com/locate/jss  

Insights into resource utilization of code small language models serving with 
runtime engines and execution providers◁
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 A B S T R A C T

The rapid growth of language models, particularly in code generation, requires substantial computational 
resources, raising concerns about energy consumption and environmental impact. Optimizing language models 
inference resource utilization is crucial, and Small Language Models (SLMs) offer a promising solution to 
reduce resource demands. Our goal is to analyze the impact of deep learning serving configurations, defined 
as combinations of runtime engines and execution providers, on resource utilization, in terms of energy 
consumption, execution time, and computing-resource utilization from the point of view of software engineers 
conducting inference in the context of code generation SLMs. We conducted a technology-oriented, multi-
stage experimental pipeline using twelve code generation SLMs to investigate energy consumption, execution 
time, and computing-resource utilization across the configurations. Significant differences emerged across 
configurations. CUDA execution provider configurations outperformed CPU execution provider configurations 
in both energy consumption and execution time. Among the configurations, TORCH paired with CUDA 
demonstrated the greatest energy efficiency, achieving energy savings from 37.99% up to 89.16% compared to 
other serving configurations. Similarly, optimized runtime engines like ONNX with the CPU execution provider 
achieved from 8.98% up to 72.04% energy savings within CPU-based configurations. Also, TORCH paired with 
CUDA exhibited efficient computing-resource utilization. Serving configuration choice significantly impacts 
resource utilization. While further research is needed, we recommend the above configurations best suited to 
software engineers’ requirements for enhancing serving resource utilization efficiency.

Editor’s note: Open Science material was validated by the Journal of Systems and Software Open Science Board.

1. Introduction

The widespread adoption of deep learning models, particularly 
language models, has surged remarkably in recent years. This trend has 
led to an exponential increase in the computational resources needed 
to support these models (Shoeybi et al., 2019), raising concerns such 
as environmental impacts (Strubell et al., 2019). The focus within 
the deep learning community has predominantly been on enhancing 
model accuracy, often overlooking the associated costs. For instance, 
Benchmarks like GLUE or SuperGLUE encourage competition based 
on accuracy, often without much consideration for reducing energy 
consumption (Cowls et al., 2023). State-of-the-art models like GPT-4 
and Claude 2 demand significant computational resources, primarily 
accessible to companies like OpenAI, Anthropic, or Google, leading to 
a large environmental footprint (Perrault and Clark, 2024). Notably, 

◁ Editor: Jacopo Soldani.
ω Corresponding author.
E-mail addresses: francisco.duran.lopez@estudiantat.upc.edu (F. Durán), matias.martinez@upc.edu (M. Martinez), p.lago@vu.nl (P. Lago), 

silverio.martinez@upc.edu (S. Martínez-Fernández).

Schwartz et al. (2020) emphasized the need for deep learning research 
to prioritize efficiency, advocating for a balance where improvements 
in accuracy are not achieved at the expense of a larger carbon footprint.

The escalating computational demand of deep learning models, has 
led to an increase in research focused on improving the sustainability 
of these systems, including studies that evaluate deep learning archi-
tectures such as BERT, DenseNet, and RNNs in NLP and computer 
vision contexts (Dodge et al., 2022; Ajel et al., 2022). Although the 
majority of this research targets the training phase, a growing body 
of work acknowledges the significance of both training and inference 
in achieving a greener deep learning (Martínez-Fernández et al., 2023; 
Bhatt et al., 2024). However, there remains a noticeable gap in stud-
ies dedicated to the inference phase (Verdecchia et al., 2023). This 
oversight is important as inference can also contribute substantially to 
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Pre-Trained ML Models
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Abstract

Background: Given the fast-paced nature of today’s technology, which has sur-

passed human performance in tasks like image classification, visual reasoning, and

English understanding, assessing the impact of Machine Learning (ML) on energy

consumption is crucial. Traditionally, ML projects have prioritized accuracy over

energy, creating a gap in energy consumption during model inference.

Aims: This study aims to (i) analyze image classification datasets and pre-

trained models, (ii) improve inference e!ciency by comparing optimized and

non-optimized models, and (iii) assess the economic impact of the optimizations.

Method: We conduct a controlled experiment to evaluate the impact of various

PyTorch optimization techniques (dynamic quantization, torch.compile, local
pruning, and global pruning) to 42 Hugging Face models for image classification.

The metrics examined include GPU utilization, power and energy consumption,

accuracy, time, computational complexity, and economic costs. The models are

repeatedly evaluated to quantify the e”ects of these software engineering tactics.

Results: Dynamic quantization demonstrates significant reductions in inference

time and energy consumption, making it highly suitable for large-scale systems.

Additionally, torch.compile balances accuracy and energy. In contrast, local

pruning shows no positive impact on performance, and global pruning’s longer

optimization times significantly impact costs.

Conclusions: This study highlights the role of software engineering tactics

in achieving greener ML models, o”ering guidelines for practitioners to make

informed decisions on optimization methods that align with sustainability goals.

Keywords: Green Software Engineering, Green AI, Green Computing, Model
Optimization, ML Models Inference, Image Classification
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Generating Energy-E!icient Code via Large-Language Models –
Where are we now?

Radu Apsan†, Vincenzo Stoico†, Michel Albonico𝐿, Rudra Dhar‡,
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Abstract
Context. The rise of Large Language Models (LLMs) has led to their
widespread adoption in development pipelines.
Goal. We empirically assess the energy e!ciency of Python code
generated by LLMs against human-written code and code developed
by a Green software expert.
Method. We test 363 solutions to 9 coding problems from the EvoE-
val benchmark using 6 widespread LLMs with 4 prompting tech-
niques, and comparing them to human-developed solutions. Energy
consumption is measured on three di"erent hardware platforms: a
server, a PC, and a Raspberry Pi for a total of →881h (36.7 days).
Results. Human solutions are 16% more energy-e!cient on the
server and 3% on the Raspberry Pi, while LLMs outperform human
developers by 25% on the PC. Prompting does not consistently lead
to energy savings, where the most energy-e!cient prompts vary
by hardware platform. The code developed by a Green software
expert is consistently more energy-e!cient by at least 17% to 30%
against all LLMs on all hardware platforms.
Conclusions. Even though LLMs exhibit relatively good code genera-
tion capabilities, no LLM-generated code was more energy-e!cient
than that of an experienced Green software developer, suggesting
that as of today there is still a great need of human expertise for
developing energy-e!cient Python code.

ACM Reference Format:
Radu Apsan†, Vincenzo Stoico†, Michel Albonico𝐿, Rudra Dhar‡,, Karthik
Vaidhyanathan‡, Ivano Malavolta†. 2026. Generating Energy-E!cient Code
via Large-Language Models – Where are we now? . In 2026 IEEE/ACM 48th
International Conference on Software Engineering (ICSE ’26), April 12–18,
2026, Rio de Janeiro, Brazil. ACM, New York, NY, USA, 13 pages. https:
//doi.org/10.1145/3744916.3764522

1 Introduction
Large Language Models (LLMs) have demonstrated remarkable ca-
pabilities in understanding natural language and generating human-
like text. LLMs are supporting a wide variety of Software Engineer-
ing tasks [59], ranging from requirements [81] to design, code
generation, and maintenance [82]. Most of LLMs-related reserch

This paper is published under the Creative Commons Attribution-NonCommercial-
NoDerivs 4.0 International (CC-BY-NC-ND 4.0) license. Authors reserve their rights to
disseminate the work on their personal and corporate Web sites with the appropriate
attribution.
ICSE ’26, Rio de Janeiro, Brazil
© 2026 IW3C2 (International World Wide Web Conference Committee), published
under Creative Commons CC-BY-NC-ND 4.0 License.
ACM ISBN 979-8-4007-2025-3/26/04
https://doi.org/10.1145/3744916.3764522

in Software Engineering regarded code generation, with the emer-
gence of models such as CodeBERT, codeLLama, and Deepseek-
Coder [31]. This has also resulted in the development and adoption
of di"erent AI code assistants like Github Co-Pilot and Cursor. Their
ability to streamline development work#ows has positioned them as
indispensable aids for both novice and expert developers [3, 59, 68].

The rapid integration of LLMs into Software Engineering pro-
cesses and practices raises critical questions about their long-term
implications, particularly on sustainability. While much focus has
been given to the performance [18, 40], readability [61, 67], and
maintainability of LLM-generated code [11, 21, 75], its energy e!-
ciency is being studied only recently [15, 20, 69]. This oversight is
surprising, given the growing importance and relevance of Green
AI [73] and software sustainability in general [14, 38]. As LLMs
automate more aspects of code generation, their role in propagating
or mitigating such ine!ciencies becomes a urgent concern.

This work is an empirical study comparing the energy e!ciency
of code generated by state-of-the-art LLMs against human-written
code. Speci$cally, we systematically select six of the top Large Lan-
guage Models (LLMs) in one of the most recent coding benchmarks
for LLMs (EvoEval [80]): GPT4 [48], ChatGPT [1], DeepSeek Coder
33B [83], Speechless Codellama 34B [2], Code Millenials 34B [4],
and WizardCoder 33B [41]. Further, we generate Python solutions
for nine di!cult coding problems in EvoEval from two di"erent
types of developers (average and Green software expert) and the
6 considered LLMs through 4 di"erent prompting techniques. A
systematic approach is followed to curate guidelines from existing
research literature to develop prompts for improving the energy
e!ciency of the generated code. We then systematically measure
the energy consumption of the generated Python code by executing
it on three types of hardware devices: Server, Personal Computer
(PC), and Raspberry Pi (RPi). In total, we collect →4.6 billion energy
measures for →881h (36.7 days) of sheer execution time.

Our results indicate that while code generated via a base prompt
outperforms developer-implemented code on the PC by 25%, the
average developer outperforms LLMs on the server and RPi by 16%
and 3%, respectively. There is no ‘most energy-e!cient’ prompt, but
having prompts tailored around energy e!ciency did demonstrate
an impact on improving energy e!ciency. Further, code developed
by a Green software expert consistently outperforms all other imple-
mentations across devices by at least 17%. This result is particularly
interesting since it provides evidence about the need for carrying
out more research on improving the reasoning capabilities of LLMs
in terms of generating energy e!cient (Python) code.

Themain contributions of this study are: (i) an extensive empir-
ical study on the energy e!ciency of Python source code generated
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Abstract
Static analysis tools are commonly used in continuous integration
(CI) pipelines to detect potential defects without executing the
program. Such tools o!er con"guration options that control how
thoroughly the code is analyzed. In SpotBugs, this is done through
an e!ort level setting (Min, Less, More, Max), where higher levels
enable deeper and more computationally intensive analysis. In this
paper, we study how these e!ort levels a!ect energy consumption
and analysis results. Our results show that higher e!ort levels gen-
erally consume more energy, which "ts our intuition. However, the
increase is not uniform: deeper static analysis comes with addi-
tional energy cost, but the marginal bene"t of higher e!ort levels
may be limited in some cases. This suggests that static analysis
tool designers could make energy consumption more transparent
and provide con"guration options that explicitly expose trade-o!s
between analysis depth and energy cost.

CCS Concepts
• Software and its engineering→ Softwaremaintenance tools.

Keywords
static analysis, energy consumption, software sustainability, con-
tinuous integration
ACM Reference Format:
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1 Introduction
Continuous Integration (CI) pipelines automatically build, test, and
analyze software after commits [7, 16]. In large-scale industrial
settings, CI and continuous testing infrastructures execute builds
and analyses repeatedly to maintain quality [14]. Although a single

This work is licensed under a Creative Commons Attribution 4.0 International License.
FSE Companion ’26, Montreal, QC, Canada
© 2026 Copyright held by the owner/author(s).
ACM ISBN 979-8-4007-2636-1/2026/07
https://doi.org/10.1145/3803437.3805601

execution may appear inexpensive, the cumulative computational
cost can be substantial. Recent research has shown that automated
quality assurance processes, including CI and testing, consume con-
siderable amounts of energy [13, 19]. However, prior work typically
evaluates the pipeline as a whole, without isolating the contribution
of individual phases. It therefore remains unclear where within CI
work#ows meaningful opportunities exist to reduce energy con-
sumption.

Static analysis is one phase in CI pipelines whose energy impli-
cations remain underexamined. Static analysis tools (SATs) inspect
source code without executing it and report warnings about po-
tential defects or code quality issues. Deeper analysis explores
more program paths and relationships, which can produce more
warnings, but also requires more computation. At the same time,
warnings are not always correct, and false positives are common
[12]. For this reason, many tools allow the analysis depth to be con-
"gured [6]. Developers can therefore choose how strict the analysis
should be, which may a!ect both the number of reported warnings
and the computational cost.

Prior empirical research shows that static analysis tools are often
con"gured more strictly in CI than in local environments [18].
Since static analysis depth is con"gurable rather than correctness-
constrained, CI policies can deliberately trade analysis precision
against computational cost. This creates a practical space where
CI policies can trade analysis precision against computational cost.
Furthermore, Beller et al. found that con"guration settings of SATs
tend to remain stable once adopted by development teams [4], and
that default con"gurations are frequently used in practice. This
suggests that con"guration choices can have long-term impact,
including on energy consumption in CI environments.

Despite the potential long-term impact and the con"gurable ef-
fort levels as a built-in mechanism for some SATs, there is limited
empirical evidence on how di!erent static analysis con"gurations
in#uence energy consumption. To address this gap, in this paper,
we focus on SpotBugs 1, an open-source SAT for Java, since it is
the most frequently used SAT in our literature review for SAT puli-
cations from 2020 to 2025 [1]. SpotBugs provides a clearly de"ned
con"guration parameter called e!ort, with four settings: Min, Less,
More, and Max, which can be used to investigate how changes in
analysis depth relate to energy usage and reported warnings. These
levels adjust the internal analysis depth while keeping the tool and

1https://github.com/spotbugs/spotbugs

Can We Make Code Green? Understanding Trade-O!s in
LLMs vs. Human Code Optimizations
POOJA RANI, University of Zurich, Switzerland
JAN-ANDREA BARD, University of Bern, Switzerland
JUNE SALLOU,Wageningen University & Research, The Netherlands
ALEXANDER BOLL, University of Bern, Switzerland
TIMO KEHRER, University of Bern, Switzerland
ALBERTO BACCHELLI, University of Zurich, Switzerland

The rapid technological evolution has accelerated software development across domains, contributing to a
growing share of global carbon emissions. While large language models (LLMs) claim to assist developers
in optimizing code for performance and energy e!ciency, their real-world e!cacy remains underexplored–
particularly in scienti"c and engineering domains, where coding practices and environments vary, and green
coding awareness is low. Furthermore, little is known about the optimization strategies they apply or how
closely these align with human reasoning.

To address these gaps, we evaluate the e#ectiveness of LLMs in reducing the environmental footprint
of real-world Matlab projects – a language widely used in both academia and industry for scienti"c and
engineering applications. Unlike prior works on toy programs or benchmarks, we analyze energy-focused
optimization on 400 Matlab scripts from 100 top GitHub repositories. The leading LLMs– GPT-3, GPT-4,
Llama, and Mixtral– alongside a senior Matlab developer, optimized the scripts, which we evaluated on energy
consumption, memory usage, execution time consumption, and code correctness. The developer serves as a
real-world baseline for comparing typical human and LLM-generated optimizations.

Mapping 2 176 proposed optimizations to 13 high-level themes, we "nd that LLMs propose a broad spec-
trum of improvements–beyond energy e!ciency–including improving code readability & maintainability,
vectorization, memory management, error handling, parallel processing, while the developer overlooked some
e.g., parallel processing, error handling. Our statistical tests reveal that the energy-focused optimizations
unexpectedly had a signi"cant negative impact on memory usage, with no clear bene"ts in terms of energy
consumption or execution time. We "nd a strong correlation between execution time and energy consumption
across all LLMs, though some outlier cases reveal the trade-o#s. Our qualitative analysis of these trade-o#s
indicate that themes such as vectorization, preallocation frequently contributed in shaping these trade-o#s.

With LLMs becoming ubiquitous in modern software development, our study serves as a call to action:
the need for empirically grounded green coding guidelines. Additionally, raising energy awareness among
developers and LLMs (via training and "ne-tuning) is crucial. By bridging these gaps, researchers and developers
can better align SE practices with the vision of sustainable software engineering for real-world applications.

CCS Concepts: • Software and its engineering→ Empirical software validation.
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An Empirical Study on How Architectural Topology
Affects Microservice Performance and Energy Usage

Irena Ristova, Vincenzo Stoico
Vrije Universiteit Amsterdam, Amsterdam, The Netherlands

Email: i2.ristova@student.vu.nl, v.stoico@vu.nl

Abstract—Microservice architectures form the backbone of
modern software systems for their scalability, resilience, and
maintainability, but their rise in cloud-native environments raises
energy efficiency concerns. While prior research addresses mi-
croservice decomposition and placement, the impact of topology,
the structural arrangement and interaction pattern among ser-
vices, on energy efficiency remains largely underexplored. This
study quantifies the impact of topologies on energy efficiency
and performance across six canonical ones (Sequential Fan-
Out, Parallel Fan-Out, Chain, Hierarchical, Probabilistic, Mesh),
each instantiated at 5-, 10-, and 20-service scales using the
µBench framework. We measure throughput, response time,
energy usage, CPU utilization, and failure rates under an iden-
tical workload. The results indicate that topology influences the
energy efficiency of microservices under the studied conditions.
As system size increases, energy consumption grows, with the
steepest rise observed in dense Mesh and Chain topologies. Mesh
topologies perform worst overall, with low throughput, long
response times, and high failure rates. Hierarchical, Chain, and
Fan-Out designs balance performance and energy use better. As
systems scale, metrics converge, with Probabilistic and Parallel
Fan-Out emerging as the most energy-efficient under CPU-bound
loads. These results guide greener microservice architecture
design and serve as a baseline for future research on workload
and deployment impacts.

Index Terms—Microservices, Energy Efficiency, Performance,
Green Software, Software Sustainability

I. INTRODUCTION

Microservices have transformed modern software design,
deployment, and maintenance. The concept gained traction
after the influential 2014 article by Martin Fowler and
James Lewis [1]. This style structures an application as a
set of small, independent services communicating through
lightweight mechanisms, typically HTTP-based APIs [2]. To-
day, companies such as Netflix, Uber, and Amazon use mi-
croservices to achieve scalability, resilience, and maintainabil-
ity, making it the standard for large-scale systems.

Literature shows that microservices can significantly im-
prove software quality across various dimensions [3], [4], [5],
[6]. Yet as adoption increases, energy usage has become a
major concern [7], [8], [9]. Greater workloads often require
horizontal scaling and more service replicas, which amplify
communication overhead and resource inefficiency [10]. Ar-
chitectural choices strongly influence energy consumption:
Zhao et al. [11] find that finer-grained designs can use up to
13% more energy, while Capra et al. [12] show that simpler,
less layered architectures tend to be more energy-efficient.

Microservices follow common architectural patterns, such
as the database-per-service model and API gateways, to define
the structure and deployment of services [13]. This overall
structure, referred to as the topology of the application [14],
determines system complexity and can significantly affect
energy efficiency.

The goal of this study is to determine whether the topology
of a microservice-based application influences its performance
and energy efficiency. Our study is guided by the following
research questions:
RQ1 – What is the impact of the architectural topology on
the energy efficiency of microservices?
RQ2 – How does performance correlate to energy usage
across topologies?

We conducted an experiment comparing six microservice
topologies, Sequential Fan-Out, Parallel Fan-Out, Chain, Hi-
erarchical, Probabilistic, and Mesh, implemented with 5, 10,
and 20 services. Each topology was evaluated under identical
workloads for energy usage and performance, using µBench
[15], a framework for generating synthetic microservice sys-
tems. A major challenge in studying energy efficiency at the
architectural level is the absence of reusable benchmarking
datasets [16]. Existing benchmarks target fixed applications,
limiting analysis of architectural factors such as service de-
pendencies and concurrency. To address this, we used µBench
to generate synthetic applications implementing each topology.

Results indicate that topology strongly influences en-
ergy–performance behavior. Dense Mesh and Chain topologies
show higher energy use (up to 39.13 kJ at 20 services)
due to coordination overhead, while Probabilistic routing is
most efficient at smaller scales (→ 29 kJ at 5–10 services).
Energy stabilizes around 38–39 kJ as systems grow. Trade-
offs vary by structure: Hierarchical and fan-out topologies
link higher performance with lower energy, whereas Mesh
reverses this pattern. The main contributions are: (1) six
µBench-based topologies, (2) an experiment comparing their
energy–performance impact, and (3) a replication package
[17] with scripts, data, and topology models. These findings
support the design of greener microservice systems and supply
reusable data for energy–performance research.

II. RELATED WORK

Empirical research on microservice architectures has pri-
marily focused on performance, scalability, and reliability [18],
[19]. Existing work spans three main areas: benchmarking
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Teaching Sustainable Software Engineering
140 MSc Students

• Course developed by Luis Cruz in 2022


• https://luiscruz.github.io/
course_sustainableSE/2026/


• Focus on reliable energy measurements 
also branching into social & individual 
sustainability (society & developers)


• Now mandatory in our SE “themes” in CS 
and AI Technology MSc

8

https://luiscruz.github.io/course_sustainableSE/2026/
https://luiscruz.github.io/course_sustainableSE/2026/


Monday Tuesday Wednesday Thursday Friday
3.1 9 10 11 12 13
February 08:45-10:45 08:45-10:45 10:45-12:45

Course introduction. 
Sustainable Software: What, 
Why and How.

Social and Individual 
Sustainability.
(Theory + Study Ethics)

Lab. Measuring software 
energy consumption. 
Introduction to Project 1.

3.2 16 17 18 19 20
08:45-10:45 08:45-10:45 10:45-12:45

Green Software Engineering — 
Part I: Scientific guide for 
reliable energy measurements.

Green Software Engineering 
— Part II: units of energy. Project 1 - steering meeting

3.3 23 24 25 26 27
08:45-10:45 08:45-10:45 10:45-12:45
Green Software Engineering — 
Part III: Energy efficiency in 
mobile computing; carbon-
aware data centres.

Guest Lecture – GreenPT Project 1 - steering meeting

EoD: Deadline 
P1, blog post + 
artifact, 
Buddycheck P1

3.4 2 3 4 5 6
March 08:45-10:45 08:45-10:45 10:45-12:45

Green AI.
Sustainability Awareness 
Framework: Hands-on 
workshop

Workshop Topics P2

3.5 - 3.8 

3.8 30 31 1 2 3
EoD: P2 deadline, paper + 
software + video, 
Buddycheck P2

3.9 6 7 8 9 10
April 08:45 - 13:45 08:45 - 13:45 

Presentations + Q&A Presentations + Q&A

Schedule for Sustainable SE 2026

Weekly Project 2 steering meetings

Lectures: Theory 
& Project 

Inspiration

Project 1: 
Measuring 

Software Energy 
Consumption

Project 2: 
Hacking 

Sustainability

All student reports are shared 
on the course website 🌳



Teaching Sustainable Software Engineering
140 MSc Students

• Course developed by Luis Cruz in 2022


• https://luiscruz.github.io/course_sustainableSE/2026/


• Focus on reliable energy measurements 
also branching into social & individual sustainability (society & developers)


• 2 Projects: Measuring Software & Hacking Sustainability


• Student reports are shared on the website 🌳

10

https://luiscruz.github.io/course_sustainableSE/2026/


Project 1
Measuring Software Energy Consumption

• Goal: Measure the energy consumption of software applications.


• Approach: energy measurement tools; use case testing.


• Deliverables: 


• blog-style report (approx. 2500 words)


• Artifact (code / scripts)


• Buddycheck P1

• Length: 3 weeks


• Formative feedback: 2 lab sessions 

• Group size: 4, randomly assigned

https://luiscruz.github.io/course_sustainableSE/2026/ checkout projects 9 and 16 

https://luiscruz.github.io/course_sustainableSE/2026/


Software Energy Measurements 
 

Intro to EnergiBridge



13

Hardware Power 
Monitors Energy Profilers



Hardware Power Monitors
• Connects directly to the power source of the device/

component.


• Some power monitors also replace the power source.


• Example:


• Monsoon Power Monitor (for IoT and smartphones). 


• Can be fully automated using a Python API.


• It measures and powers small electronic devices.


• There are many power/energy meters out there but for 
software use cases we need to be able to control them 
using an API.

14



Energy Profilers

• Simple setup! Quite reliable (if you choose the profiler wisely).


• Recently, they are starting to rely on internal power sensors.


• Still sensitive to noise from concurrent processes/tasks! ⚠

15



Intel/AMD Profilers
• CPU profilers are based on Model-Specific 

Registers (MSR)


• They report performance metric and 
control certain CPU features


• Linux: Available in /dev/cpu/*/msr with root 
access


• Windows: Requires a kernel-level driver

16



Intel/AMD Profilers
• Linux: many tools with AMD and Intel support:


• perf, PowerTOP, …


• Windows: Depends on your processor


• Intel Performance Counter Monitor (PCM): https://github.com/intel/pcm


• AMD uProf: https://www.amd.com/en/developer/uprof.html


• Apple Silicon Macs: Mx Power Gadget. 
https://www.seense.com/menubarstats/mxpg/

17

https://github.com/intel/pcm
https://www.amd.com/en/developer/uprof.html
https://www.seense.com/menubarstats/mxpg/
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🔗 https://luiscruz.github.io/
2021/07/20/measuring-energy.html

(Missing Apple m1 tools: mxpg, powermetrics)

Which Energy Profiler should I use?

Linux

Mac IntelMac Apple Silicon

OS

perf, PowerTOP, ...

Intel AMD
Processor

Intel PCM AMD uProfMx Power Gadget

https://luiscruz.github.io/2021/07/20/measuring-energy.html
https://luiscruz.github.io/2021/07/20/measuring-energy.html
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EnergiBridge
https://github.com/tdurieux/energibridge

> target/release/energibridge -o results.csv --summary sleep 10
edu.nl/uraup

https://github.com/tdurieux/energibridge


How does it work?
• EnergiBridge relies on the previously presented tools to read energy data from 

hardware.


• CPU: MSR registers


• GPU: Nvidia NVML

20



How does it work?
• Linux: MSR registers are available in /dev/cpu/{cpu_number}/msr.


• They require root access or udev rules

21

sudo groupadd -f mer 
sudo usermod -aG mar $USER 

sudo chgrp -R msr /dev/cpu/*/msr 
sudo chmod g+r /dev/cpu/*/msr

/etc/udev/rules.d/99-msr.rules 
——————————————————————————————————————————— 
SUBSYSTEM==“msr”, GROUP=“msr”, MODE=“0640”



EnergiBridge on Windows
• EnergiBridge currently uses the WinRing0 

kernel driver to access MSR


• There is a known vulnerability with this 
driver.


• Use EnergiBridge on Linux when possible.


• PR not yet merged, you can test the fork.

22

https://github.com/enriquebarba97/EnergiBridge/tree/pawnio-migration


How does it work?
• Windows: Accessing MSR registers requires kernel-level access


• PawnIO: Kernel-level driver to access registers


• Requires running EnergiBridge on an Administrator CMD


• Windows Defender complains sometimes

23



Hands-on 1

• Install your energy profiler (EnergiBridge).


• Collect the energy data of using Coral BodyPix for 30 seconds. 
https://storage.googleapis.com/tfjs-models/demos/body-pix/index.html


target/release/energibridge -o results.csv --summary sleep 30

24

https://storage.googleapis.com/tfjs-models/demos/body-pix/index.html


How to interpret EnergiBridge output?

• EnergiBridge outputs a CSV with each row being a data sample in time


• What are the columns?


• https://github.com/enriquebarba97/EnergiBridge-tutorial/blob/main/basic-
analysis.ipynb

25

https://github.com/enriquebarba97/EnergiBridge-tutorial/blob/main/basic-analysis.ipynb
https://github.com/enriquebarba97/EnergiBridge-tutorial/blob/main/basic-analysis.ipynb


Energy and Power

• Energy: Work required to move 
electric charge


• Measured in Joules (J)


• Power: Amount of energy per unit 
of time


• Measured in Watts (W = J/s)

26



Energy and Power

Which energy metric makes most 
sense to measure  

for the following workloads?



How do we make 
energy 
measurements 
reliable?

Photo by Moritz Lange on Unsplash

https://unsplash.com/@moritzlange?utm_source=unsplash&utm_medium=referral&utm_content=creditCopyText
https://unsplash.com/photos/a-row-of-wind-turbines-sGGFcc7wrp4?utm_source=unsplash&utm_medium=referral&utm_content=creditCopyText


Energy measurements are flaky

• Multiple runs might yield different results


• There are many confounding factors that need to be controlled/minimized.

29

What could change your energy 
measurements' outcome?



Zen mode 🧘

• Close all applications.


• Turn off notifications.


• Only the required hardware should be connected (avoid USB drives, external 
disks, external displays, etc.).


• Kill unnecessary services running in the background (e.g., web server, file 
sharing, etc.).


• If you do not need an internet or intranet connection, switch off your network.


• Prefer a wired network connection over wireless → more stable energy 
readings.

30



Freeze and report your settings 🥶

• Fix display brightness; switch off auto 
brightness


• If Wifi is on, it should always be on, connected 
to the same network/endpoint.…

31



Keep it cool 🌡

• Always make sure there is a stable room temperature.


• Tricky because, some times, experiments may have to run over a few days.


• If you cannot control room temperature: collect temperature data and filter 
out measurements where the room temperature is clearly deviating.

32



Warm-up 📶
• Energy consumption is highly affected by the temperature of your 

hardware.


• Higher the temperature -> higher the resistance of electrical conductors -> 
-> higher dissipation -> higher energy consumption. 

• The first execution will appear more efficient because the hardware is still 
cold.


• Run a CPU-intensive task before measuring energy consumption. E.g., 
Fibonacci sequence. At least 1min; 5min recommended.

33



Iterations



Repeat 🔁

• The best way to make sure a measurement is 
valid is by repeating it.


• In a scientific project, the magic number is 30. 

• If you have many data samples, don’t repeat on 
each data sample.

35



t

P

Tail Energy Consumption



Rest ⏸

• It is common practice to do a pause/sleep between executions/
measurements.


• Prevent tail energy consumption from previous measurements. ?


• Prevent collateral tasks of previous measurement from affecting the next 
measurement.


• There is no golden rule but one minute should be enough. It can be more or 
less depending on your hardware or the duration of your energy test.

37



Shuffle 🔀
• It is not a mystery that energy consumption depends on so many factors that 

it is impossible to control all of them.


• If you run 30 executions for version A and another batch for version B:


• External conditions that change over time will have a different bias in 
the 2 versions (e.g., room temperature changes).


• Randomizing the order distributes bias more evenly → fairer comparison.

38



Automate Executions 🤖

• One cannot run 30 shuffled experiments per version without automation…


• Time-consuming


• Humans won’t keep it consistent.

39



Overview Reliable Energy Measurements

What should you do to make your 
energy measurements reliable?



Energy Data Analysis

Energy Data Collection

Overview Reliable Energy Measurements
Improve Energy Consumption 

(Versions A and B)

Zen mode

Sleep between measurements

Shuffle measurements

Control room temperature

Create automated tests

Repeat 30 times

Warm up your setup

Freeze and report settings

Analyze distribution shapes

Is data normal?

Significance tests

Investigate problems 
in experiments

Remove 
outliers

Effect size
Repeat experiments

Write your paper :)

Yes!
No!

Impossible to 
fix, but 

explainable



Hands-on 2
Research Example

• Pinpoint energy hotspots in different 
Redis configurations


• Notebook with short 2-config example 
and analysis.


• https://github.com/enriquebarba97/
EnergiBridge-tutorial

42
edu.nl/yq7re

Unveiling the Energy Vampires: A Methodology for
Debugging Software Energy Consumption
Enrique Barba Roque

Delft University of Technology
Delft, The Netherlands
enrique@ebarba.com

Luis Cruz
Delft University of Technology

Delft, The Netherlands
L.Cruz@tudelft.nl

Thomas Durieux
Delft University of Technology

Delft, The Netherlands
thomas@durieux.me

Abstract—Energy consumption in software systems is becoming
increasingly important, especially in large-scale deployments.
However, debugging energy-related issues remains challenging
due to the lack of specialized tools. This paper presents an
energy debugging methodology for identifying and isolating energy
consumption hotspots in software systems. We demonstrate the
methodology’s effectiveness through a case study of Redis, a
popular in-memory database. Our analysis reveals significant
energy consumption differences between Alpine and Ubuntu
distributions, with Alpine consuming up to 20.2% more power in
certain operations. We trace this difference to the implementation
of the memcpy function in different C standard libraries (musl vs.
glibc). By isolating and benchmarking memcpy, we confirm it as the
primary cause of the energy discrepancy. Our findings highlight
the importance of considering energy efficiency in software
dependencies and demonstrate the capability to assist developers
in identifying and addressing energy-related issues. This work
contributes to the growing field of sustainable software engineering
by providing a systematic approach to energy debugging and
using it to unveil unexpected energy behaviors in Alpine.

I. INTRODUCTION

In recent years, the demand for computing power has grown
exponentially, leading to a rapid increase in the number and size
of data centers. This growth is accompanied by a significant
increase in energy consumption. It is estimated that by 2025,
data centers will consume 20 % of global electricity and
account for 5.5 % of global emissions [3].

While Sustainable Software Engineering and energy effi-
ciency studies have gained traction in mobile development [8]
due to battery life concerns, energy optimization for server
deployment remains relatively unexplored. This gap stems from
several factors: server systems’ lack of reliance on batteries
makes energy reduction less immediately impactful, clients do
not directly pay for server energy costs, and there’s a scarcity of
tools for debugging energy consumption in server environments.
These circumstances have led to a situation where server-side
energy optimization lags behind mobile computing, despite
the significant environmental and economic impact of data
center energy consumption. Addressing this disparity requires
both technological advancements and a shift in perspective
regarding the importance of energy efficiency in server-side
software engineering.

One of the main components of server software is the
Linux distribution over which software runs. In modern server
deployments, they are typically bundled with the software into

a Docker container, and provide shared libraries over which
other technologies run, like the C Standard Library.

One important criteria for choosing a distribution is image
size, which makes images like Alpine extremely popular, with
over a billion downloads on DockerHub. However, aspects
like energy efficiency are often ignored or unknown by the
community.

In this paper, we present a methodology to help developers
trace and identify energy consumption hotspots in server
systems. Our work is motivated by the findings of Tjiong [31],
who demonstrated that the base image of a Dockerfile impacts
the energy consumption of the running application. However,
the root cause of this energy consumption difference remained
an open question.

We introduce a methodology designed to locate the causes
of energy consumption discrepancies. This formal approach
provides a systematic way for researchers and developers to
investigate energy inefficiencies and regressions in workloads
that use different libraries or technologies.

To demonstrate the effectiveness of the approach, we present
a case study investigating why the Redis database consumes
more energy on Alpine than Ubuntu. This study addresses the
following research questions:
RQ1 Does Redis exhibit different energy consumption patterns

on different operating systems?
RQ2 Is our approach capable of identifying the cause of energy

consumption differences?
RQ3 Can the cause for the energy differences be isolated?

Our evaluation reveals a difference of 8.6 % in total energy
consumption and up to 20.2 % in power usage during Redis
execution on two different operating systems. We attribute
this difference to the use of different libc implementations:
musl versus glibc. Specifically, we successfully identify the
cause of this discrepancy in the memcpy function, which is less
performant and more energy-intensive in musl.

In summary, the contributions of this paper are:
• A methodology for investigating energy regressions in

software
• An empirical study highlighting significant energy regres-

sions in the Alpine distribution
• A set of scripts and benchmarks for investigating energy

regressions in software
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Thank you for joining us! 

Reliable cross-platform energy 
measurements with EnergiBridge
Tutorial at EASE 2026

Carolin Brandt 
C.E.Brandt@tudelft.nl 

Enrique Barba Roque 
E.BarbaRoque@tudelft.nl
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