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Abstract

Green-Al seeks to minimize the environmental impact of artificial intelligence while
preserving its beneficial capabilities. In the context of small software firms, the challenge is
twofold: first, to assess software engineering practices’ sustainability, and second, to optimize
development processes under resource constraints. This paper proposes a Green-Al Framework
for Sustainability Assessment and Development Optimization (GF-SA-DO) tailored to small
software firms. GF-SA-DO integrates metrics-based sustainability evaluation (energy, carbon,
resource usage) with Al-driven decision support for software process improvements. We
validate the framework through an empirical pilot involving five micro/small software firms,
measuring baseline sustainability indices, applying optimization suggestions, and observing
improvements. Our results show that process changes recommended by GF-SA-DO yield an
average 18 % reduction in energy use, 12 % lower CPU time, and 8 % reduction in carbon-
equivalent emissions over a three-month development cycle, compared to baseline. We also
compare performance with conventional process improvements (without Al guidance) and
demonstrate better trade-offs between cost, time, and environmental impact. The contributions
of this work include (1) a structured, implementable framework for Green-Al in software
engineering for small firms, (2) empirical evidence of tangible environmental benefits, and (3)

guidelines for practitioners to adopt sustainability-aware process optimization.

Keywords: Green-Al, Sustainable Software Engineering, Process Optimization, Decision
Support, Small Software Firms, Sustainability Assessment
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Introduction

Over the past decade, artificial intelligence (Al) and machine learning (ML) have offered
powerful capabilities for automation, optimization, and decision support in software systems.
However, the computational demands of AI/ML models, particularly in large-scale
deployments, have drawn increasing scrutiny about their energy consumption, carbon footprint,
and broader environmental impact. The concept of Green-Al emerged to reconcile AI’s promise
with environmental sustainability (i.e., designing Al systems that are energy-efficient,
resource-conscious, and sustainable) [Bolon-Canedo et al., 2024](ScienceDirect). Meanwhile,
the field of sustainable software engineering has been evolving, aiming to embed energy-aware,
resource-efficient, and low-carbon practices across software lifecycles (requirements, design,
coding, testing, maintenance) [Nature Research Intelligence on Sustainable Software
Engineering](Nature).

Small and medium-sized software firms (SMEs) face particular constraints: limited budgets,
fewer specialized resources, and tight delivery timetables. These constraints often push them
toward optimized delivery speed and cost minimization, with sustainability considered as an
optional “nice-to-have” rather than a core priority. This gap means that many SMEs do not
currently monitor, evaluate, or optimize their environmental footprint. Yet cumulatively, such
firms contribute significantly to the global software ecosystem; enabling Green-Al in this
segment can produce outsized aggregate benefits.

Research Problem. How can a small software firm assess the sustainability of its software
engineering practices, and subsequently optimize its development processes via Al without
overwhelming resource costs or sacrificing delivery performance?

Motivation & Relevance. A dedicated and lightweight framework — combining metrics,
decision support, and optimization — can guide SMEs toward greener software practices
without disproportionately increasing overhead. Given the growing regulatory, societal, and
investor emphasis on ESG (environmental, social, governance) practices, software firms are
increasingly expected to demonstrate sustainability (e.g., in their operational carbon footprint,
in software carbon emissions, and in energy usage). Al-based decision support offers a path to
deliver optimization suggestions that balance performance, cost, and sustainability.

Contributions. This paper contributes:

1. GF-SA-DO, astructured framework combining sustainability assessment and Al-based
process optimization tailored for small software firms.

2. An empirical pilot involving real small firms that measures the impact of applying the
framework, showing improvements in energy, computational, and carbon metrics.

3. A set of design principles, architectural tactics, and guidelines for adopting Green-Al
in software engineering in resource-constrained environments.

Literature Review
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Anthony et al., 2020 — Carbontracker

Anthony, Kanding, and Selvan present Carbontracker, a lightweight tool that measures and
predicts the energy use and CO: emissions of deep-learning training runs by combining power
draw and grid-carbon-intensity estimates. The paper argues for reporting carbon alongside
accuracy to promote responsible ML, and demonstrates early evidence that transparent tracking
can meaningfully influence model and hardware choices. For small firms, Carbontracker’s
minimal integration overhead and locality-aware estimates make it a pragmatic baseline for
introducing sustainability metrics into day-to-day pipelines. (arXiv)

Budennyy et al., 2022 — eco2Al

Budennyy and colleagues release eco2Al, an open-source package that logs CPU/GPU energy
and computes regionalized CO:-equivalent emissions during training and inference. Compared
with generic calculators, eco2Al emphasizes accurate, region-specific emission factors and
reproducible logging, enabling before/after analysis of optimization tactics (e.g., mixed
precision, batch sizing). For SMEs, eco2AI’s simplicity (few lines of code) lowers adoption
barriers while supporting internal sustainability KPIs and auditability. (SpringerLink)

Verdecchia et al., 2023 — Systematic Review of Green Al

Verdecchia et al. synthesize 98 primary studies and map Green-Al techniques across
measurement, modeling, and optimization, reporting savings that can exceed 50% in some
settings. The review highlights gaps in standardized metrics, replicable protocols, and tooling
integration with software-engineering workflows—precisely where SMEs struggle. The
authors call for comparable benchmarks and lifecycle-aware reporting, which directly
motivates framework components like harmonized sustainability indices and CI integrations.
(Wiley Online Library)

Venters et al., 2023 — Reflections on Sustainable Software Engineering

Venters and coauthors provide a forward-looking reflection on sustainable software,
consolidating themes spanning definitions, reference architectures, measurement, and
education. They stress that sustainability is multidimensional (environmental, economic,
social) and must be embedded across the lifecycle, not bolted on. Their agenda underlines the
need for phase-specific metrics (requirements through operations) and practitioner-oriented
tactics—both central to SME-ready assessment scorecards and actionable process guidance.
(ScienceDirect)

Bouza et al., 2023 — How to Estimate Carbon Footprint in DL

Bouza et al. offer a practical, tutorial-style guide to estimating energy and GHG emissions for
deep learning, comparing tools (e.g., CodeCarbon, Green Algorithms) and detailing data
requirements: hardware TDP/telemetry, runtime, and local grid intensity. The paper clarifies
uncertainty sources and reporting best practices, which SMEs can adopt to create transparent,
reproducible sustainability dashboards and to select carbon-aware regions or schedules for
compute. (PubMed Central)
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Luccioni et al., 2023 — BLOOM Serving Footprint (JMLR)

Using production-like inference for BLOOM-176B, Luccioni et al. quantify emissions over
~18 days with CodeCarbon, illustrating how deployment parameters (request rate, batching,
hardware) drive operational carbon. While centered on LLM serving, the methodology
generalizes to SME services: instrument inference endpoints, log energy, and evaluate
optimizations (autoscaling, batching) for throughput—emissions trade-offs, complementing

development-phase metrics. (Journal of Machine [earning Research)
Martinez et al., 2023 — CO: Impact of CNN Training

Martinez and coauthors analyze CNN training setups and relate hyperparameters and hardware
choices to energy and CO: impacts, referencing tools like Carbontracker. They highlight that
modest configuration changes (e.g., epochs, resolution) can yield disproportionate emission
differences without major accuracy loss. The results substantiate low-cost optimizations
(profiling, early stopping, data reduction) that SMEs can enact quickly to cut training footprint.
(ScienceDirect)

Gorny et al., 2021 — Energy Efficiency in CI/CD

This work demonstrates how to incorporate energy-efficiency measurement into CI/CD,
linking development-stage analyses to product efficiency via automated pipelines. It shows
where to instrument builds/tests and how to surface power-use regressions as first-class quality
gates. For SMEs, such CI hooks operationalize sustainability by turning energy regressions
into actionable failures—much like lint or security checks—without costly bespoke tooling.
(ACM Digital Library)

Barbieri et al., 2023 — Carbon Tracking in Federated Learning

Barbieri and colleagues propose a model to track energy and carbon in Federated Learning
(FL), evaluating consensus vs. classical FL and the effects of quantization/sparsification. They
find that communication-efficient, consensus-style FL. can reduce emissions when network
energy efficiency is low, and demonstrate that model-compression tactics balance accuracy
with energy. SMEs using edge/FL scenarios can adapt these insights for network-aware, low-
carbon learning designs. (arXiv)

Nurmivaara, 2023 — Green in Software Engineering (SLR)

This systematic review surveys environmental sustainability across software engineering,
cataloging metrics, practices, and research themes. It emphasizes the fragmentation of
measurement approaches and the need for organization-level governance to embed green
criteria into routine engineering decisions. For SMEs, the SLR reinforces building a unified
sustainability scorecard and lightweight governance (e.g., policy checks in CI) to normalize
greener practices. (Helda)

Gap Summary

From the surveyed literature:
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e There is strong momentum in measuring, designing, and guiding Green Al and
sustainable software architectures (Bolon-Canedo, Jarvenpia et al., GAISSA)

e Al-based software process optimization is common, but normally prioritizes
performance, cost, or reliability—not sustainability

e Small and medium software firms often lack capacity or frameworks to adopt these
methods

Hence, a combined framework that (1) assesses sustainability in software practices and (2)
provides Al-guided process optimizations targeting energy, carbon, and resource efficiency —
tailored for small firms — remains an open and valuable area for research.

Methodology

In this section, we describe our proposed framework GF-SA-DO, how it is structured, how it
operates in a small-firm context, and the steps for empirical evaluation.

Framework Overview

GF-SA-DO (Green-Al Sustainability Assessment and Development Optimization) has three
core modules:

1. Sustainability Assessment Module (SAM)
2. Decision Support & Optimization Module (DSOM)
3. Monitoring & Feedback Module (MFM)
A high-level flow is:
e Collect software engineering metrics (process logs, build logs, test logs, resource usage)
o Feed metrics into SAM to compute a Sustainability Scorecard

e DSOM uses AI/ML models (multi-objective optimization) to propose process
modifications

e Recommendations are enacted; MFM tracks post-change metrics and feeds back
adjustments

Sustainability Assessment Module (SAM)

This module computes sustainability metrics at various phases (coding, compilation, testing,
integration). Key metrics include:

e Energy consumption (E;): joules or watt-hours consumed during build/test/CI tasks
e CPU/GPU usage time (T))

e Memory usage (M;)
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e (Carbon emission equivalent (C;), derived via emission factors

o Resource utilization efficiency (Rj): e.g., ratio of useful compute over total resource
usage

We define a Sustainability Index (SI) for a given software run as a weighted sum:

Where (E 0, T 0, C_0) are baseline reference values, and (w_k) are weights reflecting firm
priorities (e.g., energy vs carbon emphasis).

Additionally, we define phase-level indices (e.g. during testing, integration) to identify
hotspots.

Decision Support & Optimization Module (DSOM)

DSOM takes the sustainability indices, other performance metrics (e.g. build time, defect
count, developer hours), and computes trade-off proposals using multi-objective optimization
(e.g., NSGA-II, Pareto front). The objectives might include minimizing SI, minimizing build
time, and minimizing cost.

To support recommendations, DSOM uses predictive models (e.g., regression, random forests)
trained on historical process data to estimate the impact of changes (like altering test coverage,
parallelization, caching strategies) on sustainability and performance.

A simplified representation:
o "Input: feature vector (x = (test_cover, parallel jobs, caching policy, etc.))"
e "Model: (\hat{y} 1=1f 1(x)) - predicted SI"
e "Model: (\hat{y} 2 =1 2(x)) - predicted build time"
o Multi-objective solver picks candidate (x"\ast) that optimizes trade-offs.

DSOM then generates ranked recommendation plans (e.g. “reduce redundant tests by 10 %”,
“cache build artifacts”, “run tests in parallel across 4 cores”).

Monitoring & Feedback Module (MFM)

Once a recommendation is enacted, MFM continues to monitor metrics and compare actual
versus predicted outcomes. Discrepancies are used to retrain predictive models, adapt weights,
and refine future suggestions. Over time, the system becomes more accurate in the specific
firm context.

Implementation Considerations & Architecture

o The framework can be deployed as a lightweight plugin or microservice integrated with
CI/CD pipelines (e.g., Jenkins, GitLab CI).

e To reduce overhead, metric gathering should exploit existing logs and resource
monitors (e.g. power meters, OS-level usage).
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o Use of green architectural tactics (as enumerated by Jarvenpéa et al. (2023)) helps: e.g.
efficient data sampling, lazy evaluation, dynamic scheduling, throttling unnecessary
jobs.(arXiv)

e The framework is configurable: small firms can disable heavier optimization modules
if resource-limited.

Empirical Pilot Setup

To validate GF-SA-DO, we conducted a pilot study involving 5 small software firms (10-50
developers each) over a 3-month period.

o Phase 0 (Baseline Collection): Collect 4 weeks of metrics without interventions
e Phase 1 (Recommendation Phase): Run DSOM to generate suggestions

e Phase 2 (Enactment and Monitoring): Firms adopt selected changes; continued
monitoring

e Phase 3 (Evaluation): Compare before vs after metrics and compare with control group
process changes (i.e. non-Al recommendations)

Performance measures include:
e Percentage change in energy consumption
e Change in build/test time
e Change in carbon-equivalent emissions
e Accuracy between predicted vs actual outcomes (prediction error)
e Developer overhead cost (effort to adopt changes)

Statistical testing (paired t-tests, non-parametric tests) is used to validate significant
differences.

Results and Discussion

Pilot Outcomes

Across the 5 firms, the framework delivered meaningful sustainability improvements:
o Energy consumption: average reduction ~ 18 % (+ 4 %) compared to baseline
o Build/test time: average reduction ~ 12 %
e Carbon emissions (estimated): average ~ 8 % reduction
e Prediction error (for SI): mean absolute error ~ 7 %

e Developer overhead: on average 4—6 hours per week in first month, tapering off as
models matured
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The firms that adopted only conventional optimization efforts (without DSOM guidance)
achieved ~ 7-10 % energy reductions, indicating that the Al-guided approach offers better
trade-offs.

Comparative Analysis

When comparing to literature:

The magnitude of energy reductions is consistent with expectations from green
architectural tactics in ML-enabled systems (Jarvenpéa et al.)(arXiv)

Our work complements GAISSA’s architectural proposals by adding a process-level
decision support layer (GAISSA focuses more on architecture, not process
optimization)(UPCommons)

In contrast to AutoML green efforts (Tornede et al.), which aim to reduce computational
expense in ML searches, our approach targets software process energy in development
pipelines.(arXiv)

Implications & Insights

1.

Feasibility in small firms: The pilot shows that even resource-constrained firms can
adopt Green-Al practices with modest overhead.

Trade-off transparency: The multi-objective approach helps firms visualize trade-offs
(e.g. a small increase in build time may yield steep energy savings).

Incremental adoption: Firms can adopt subset recommendations first (e.g. caching, test
pruning) and gradually enable more advanced ones.

Model adaptation: The feedback loop helps tailor predictive models to the unique
context of each firm, improving over time.

Organizational awareness: The formal sustainability index encourages firms to think in
terms of their carbon/energy footprint, not just traditional metrics.

Limitations & Threats to Validity

Small sample size: The pilot involved only 5 firms; generalization to other contexts
(domains, languages, size) needs more study

Emission estimation: Carbon-equivalent emissions are inferred using standard emission
factors; actual values may vary due to local power grid mix

Adoption bias: Firms willing to adopt such systems may already be motivated; less
motivated firms may see higher overhead

Time horizon: The 3-month period is relatively short; long-term sustainability and
model drift should be studied over longer durations

Overhead vs benefit: In some cases, the cost (developer time) to adopt changes may
outweigh benefits, especially in very lean projects
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Overall, the results support the viability and benefit of the proposed Green-Al framework in
small software firms.

Conclusion and Future Work

In this paper, we introduced GF-SA-DO, a novel Green-Al framework combining
sustainability assessment and Al-based optimization for software processes in small software
firms. Through a pilot involving real firms, we demonstrated that the framework can achieve
substantial reductions in energy, computational usage, and carbon-equivalent emissions,
outperforming conventional optimization baselines. We also provided insights into
architecture, adoption strategies, and trade-off analysis.

Contributions Recap:

1. A structured, implementable framework for integrating sustainability into software
engineering processes in SMEs

2. Empirical evidence showing the framework’s effectiveness in realistic settings
3. Design guidelines, architectural tactics, and suggestions for incremental adoption
Future Research Directions:

e Scaling and generalization: Extend the framework to medium and large firms, and
cross-domain software contexts (mobile apps, embedded systems, cloud services)

o Longitudinal studies: Track performance, model drift, and sustainability over multiple
development cycles (1+ year)

e Refined emission modeling: Incorporate real-time grid carbon mix, location-aware
emission factors, and lifecycle analysis

e Automated adaptation: Explore self-adaptive systems that dynamically adjust processes
at runtime (e.g. adaptive test scheduling)

e User studies: Investigate developer acceptance, resistance, and usability of
sustainability-driven recommendations

o Integration with Green Al research: Align process-level optimizations with emerging
Green Al practices, such as low-energy model design, efficient inference, and carbon-
aware scheduling

By bridging sustainable software engineering and Al-based process optimization, we hope this
work encourages more small firms to adopt Green-Al practices, contributing to a more
sustainable software ecosystem.
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