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Abstract
Deploying data-centred systems responsibly requires balancing
different priorities, such as effectiveness, data privacy and environ-
mental sustainability. Understanding and tracking energy consump-
tion throughout the system architecture is essential for making
informed decisions about resource allocation and environmental
impact. While Data Processing Diagrams have proven effective for
modelling data flows and privacy safeguards, they do not visualise
energy consumption. This paper introduces Energy Processing Di-
agrams, an extension of Data Processing Diagrams, that integrates
energy information. These diagrams provide a shared visual and
analytical language that helps software engineers design more sus-
tainable software projects in collaboration with stakeholders. They
enable teams to track energy flows, compare architectures, identify
energy-intensive components and reason about trade-offs. Through
a case study, we show how sustainability considerations can be in-
tegrated into architectural thinking from the earliest design phases
by making energy data visible and actionable.

CCS Concepts
• Hardware → Communication hardware, interfaces and storage;
Power and energy; • Computer systems organization→ Archi-
tectures; • Human-centered computing → Visualization systems
and tools; • Applied computing→ Education; • Social and pro-
fessional topics→ Sustainability.
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1 Introduction
As software systems grow in scale and complexity, their environ-
mental footprint shifts from a marginal operational concern to
a primary design constraint. However, integrating sustainability
into the software development life cycle remains a significant chal-
lenge. Recent studies highlight that software developers are often
hindered by a lack of empirical knowledge and a deficit of action-
able tools to measure or mitigate software energy consumption
effectively [18, 23].

While traditional hardware-centric energy metrics exist, they
rarely provide software developers with the information needed
to understand how specific architectural choices or data flows con-
tribute to the overall footprint of their system. To address these
impacts, practitioners often look towards Life Cycle Assessment
(LCA) methodologies. Yet, applying LCA to the rapidly evolving
domain of software is complicated by the methodological diversity
within the environmental sciences. The landscape of assessment
has become increasingly fragmented, leading to what has been
described as an alphabet soup [9] of LCA modes, including attri-
butional (ALCA), consequential (CLCA) and various explorative
varieties, such as prospective or scenario-based LCA. This method-
ological complexity makes it challenging for software engineers
to decide between modelling a system as a static snapshot of en-
vironmental impacts or as a dynamic system that changes with
architectural modifications.

The challenge has become particularly pronounced with the pro-
liferation of Artificial Intelligence (AI) systems, which often rely
on energy-intensive computational pipelines involving cloud ser-
vices and resource-intensive algorithms [2, 15]. Current estimates
suggest that the energy use of the Information and Communica-
tions Technology (ICT) sector already accounts for approximately
2–3% of global greenhouse gas emissions, which is a figure that
is expected to rise significantly as AI integration accelerates [10].
This trend is particularly concerning, given the growing tension
between privacy preservation and energy efficiency, where tech-
niques like encryption or decentralised processing, while crucial for
data protection, can significantly increase computational overhead
and energy consumption [6].

Recent research highlights the need for standardised energy dis-
closure for AI systems, drawing parallels with energy ratings com-
monly found on household appliances [17]. Furthermore, studies
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show that even seemingly small digital activities, such as email us-
age, can accumulate significant environmental impacts when scaled
across millions of users [20]. This has led to growing concerns about
the intended and unintended consequences of energy consumption
disclosure on user behaviour and decision-making [13].

1.1 Bridging the Architectural Gap
Traditionally, privacy and environmental sustainability are treated
as separate concerns. Data Processing Diagrams (DPDs) were de-
veloped as a suitable modelling technique that extends Data Flow
Diagrams (DFDs) to provide a standardised, shared language for
multidisciplinary teams [6, 25]. By maintaining a high abstraction
level, DPDs allow engineers, legal experts and educators to reason
about privacy tactics, such as encryption and pseudonymisation,
from the earliest design phases. However, a system’s energy con-
sumption remains out of scope for DPDs, making it difficult for
stakeholders to identify how specific design choices affect a sys-
tem’s energy footprint.

The Green Software Measurement Model (GSMM) provides a
comprehensive reference framework for assessing software-induced
energy consumption through standardised metrics and technical
measurement setups [10]. While the GSMM is effective for detailed
technical evaluation, it operates primarily at the component level,
lacking integration with high-level architectural models. This cre-
ates a critical gap between early-stage design decisions and their
environmental implications. Since software decisions directly influ-
ence hardware energy use, energy efficiency must be recognised as
a design problem, not just an operational one [11].

1.2 Research Contributions and Approach
This paper introduces Energy Processing Diagrams (EnPDs) to
bridge the gap between architectural modelling and energy mea-
surement. EnPDs extend the structural modelling of DPDs by inte-
grating energy-related data, as suggested by the GSMM framework.
These diagrams function as analytical models, where architectural
components are annotated with actual or estimated energy pro-
files, enabling multidisciplinary teams to visualise energy costs and
identify energy hotspots within proposed systems.

The development of EnPDs was motivated by the lack of existing
tools that effectively bridge the gap between sustainability goals and
architectural decision-making. While various approaches address
either energy measurement or system modelling in isolation, we
found no comprehensive method that integrates both perspectives
in a way that supports sustainable design from the earliest stages.
EnPDs fill this gap by providing a practical framework for green by
design approaches, enabling developers to consider environmental
impact alongside other system requirements.

The framework is validated through a case study of the mAInd-
map educational platform, where we demonstrate how EnPDs help
identify energy hotspots and highlight architectural trade-offs. The
rest of the paper thereafter discusses related work, limitations and
future directions.

2 Foundational Principles
EnPDs represent a synthesis of two distinct domains: the structural
modelling of software architectures and technical assessment of

software-induced energy consumption. By combining the visual
clarity of DPDs with the standardised metrics of the GSMM, EnPDs
provide a framework for reasoning about sustainability during the
architectural design phase. While DPDs excel at modelling pri-
vacy safeguards, they lack the vocabulary to express the energy
implications of these measures. For instance, end-to-end encryp-
tion ensures data confidentiality but increases processing overhead.
Similarly, data minimisation techniques reduce privacy risks but
may require additional computational steps to implement. EnPDs
bridge this gap by allowing software developers and stakehold-
ers to quantify and visualise the energy cost of software system
components, enabling informed trade-offs between security and
sustainability.

2.1 Architectural Modelling
DPDs provide a foundation for modelling modern, complex data
processing systems through several core structural elements. Fig-
ure 1 shows how these elements are visualised in EnPDs:

• processes (the computational operations that transform or
handle data),

• hotspots (energy-intensive components, visually distin-
guished with a dashed red pattern),

• data stores (where data is held at rest) and
• a group of entities (a logical collection of external actors).

This abstraction is critical for multidisciplinary teams, as it pro-
vides a shared language that allows software developers and non-
technical stakeholders to identify energy-intensive components and
evaluate optimisation strategies, such as computational offloading
or model compression, consistently across the system.

A central innovation in DPDs is the use of context boundaries,
which delineate organisational, legal and physical domains. In the
context of EnPDs, these boundaries help visualise where energy
consumption occurs within the system architecture. By placing
processes and data stores within specific boundaries, software de-
velopers and stakeholders can better understand the energy impli-
cations of architectural decisions, such as whether to process data
locally or in the cloud. This is particularly valuable in distributed AI
systems, where computational load and its associated energy costs
might be distributed across different parts of the system, helping
stakeholders identify which energy-saving opportunities are most
actionable within their sphere of influence.

2.2 Measurement Integration
In an EnPD, every process or data store is treated as a potentially
measured object with a specific goal. To move beyond high-level
overviews, EnPDs adopt some approaches from the GSMM, which
provides a structured reference for assessing the resource efficiency
of software products. While the GSMM is designed for detailed
energy assessments, EnPDs are intended for early-stage architec-
tural design where estimated values are often more practical and
sufficient for comparative analysis. The framework remains com-
patible with empirical data when they become available, allowing
for increasing precision as the design progresses.

This model designates energy (measured in Watt-hours [Wh] or
Joules [J]) as the primary metric, potentially supplemented by sec-
ondary indicators, like runtime (s), hardware utilisation (CPU/GPU,
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Process

[Wh/run | Total runs]

(a) Process node

Hotspot

[Wh/run | Total runs]

(b) Process marked as hotspot

Data Store

n=XGB

[Wh | +ΔWhgrowth]

(c) Data store node

Group

n=N

(d) A group of entities

Figure 1: Core elements of the Energy Processing Diagram notation.

in %) and network throughput (MB). By standardising these metrics
and units, EnPDs ensure that the annotations within a diagram are
comparable across different architectural iterations.

The transition from DPDs to EnPDs requires careful consider-
ation of both architectural design and energy impact assessment.
While DPDs provide the structural foundation for displaying data
flows between actors, processes and storage units, EnPDs extend
this by incorporating energy-related annotations that help reason
about the environmental implications of design choices. This in-
tegration enables stakeholders to make informed decisions about
energy efficiency during the early design phases, when architectural
changes are most cost-effective to implement.

3 The Energy Processing Diagram Framework
The EnPD framework extends DPDs by integrating energy data
into architectural models. While maintaining DPDs’ focus on in-
formation flow, EnPDs provide a structured method for evaluating
the energy implications of data processing, storage and transfer.
This extension allows stakeholders to consider energy efficiency as
a first-class constraint during the earliest stages of system design.

A critical scoping decision in the EnPD framework is the exclu-
sion of production and deployment costs, also known as embodied
energy. Although the manufacturing and transport of hardware
represent a significant portion of a system’s total environmental
footprint, EnPDs are specifically intended to be a tool for those
involved in system architecture design. By focusing exclusively on
operational energy (the consumption driven by software compo-
nents and data transit) the EnPD framework isolates the variables
that system architecture designers can directly influence. This en-
sures that the model remains a clear reflection of architectural
efficiency rather than a hardware life cycle assessment.

To maintain clarity in multi-stakeholder settings and ensure
that diagrams remain actionable, EnPDs adhere to the following
conventions:

• Context Boundaries: In the EnPD framework, the concept
of boundaries is retained to define the structural and adminis-
trative environments of system components, though they do
not explicitly imply energy responsibility or accountability.
This allows teams to distinguish between local, cloud and
third-party environments without complicating the model
with attributional logic.

• Data Flow Representation: Real-world network interac-
tions often involve asymmetrical energy costs for uploading
and downloading data. However, at the architectural design
level, capturing this granularity often introduces additional
complexity. EnPDs utilise an aggregated bidirectional metric

for data flows, which can be expressed in two ways. The
first notation, [Wh/transfer | Total transfers], is intended
for analytical modelling, where identifying the frequency
of high-cost transfers is necessary to evaluate optimisation
strategies, like batching. Alternatively, the [Wh] notation
may be used for high-level summaries, providing a simplified,
comparable value representing the total cost of a communi-
cation link without detailing the underlying frequency.

• Process Annotation: Computational operations are treated
as measured objects, with the annotation drawn directly be-
neath the component. Similar to data flows, designers can
choose between two modes. The [Wh/run | Total runs] no-
tation is the preferred style for optimisation tasks, as it allows
designers to distinguish between an inefficient algorithm
and a high-demand service. For instances where a process is
a constant background task or where the frequency is irrele-
vant to the specific architectural comparison, the simplified
[Wh] notation may be utilised.

• Data Storage Metrics: Storage units are annotated with
their energy consumption in Wh, shown below the com-
ponent. The physical size of the data store is indicated in
the top-right corner using the notation ‘n=X GB’. This sep-
aration of concerns allows designers to focus on both the
storage requirements and their associated energy costs. The
energy annotation can represent either the total annual cost
of maintaining the stored data or, when relevant, the energy
cost of data growth over time (e.g., [Wh | +ΔWhgrowth]).
This approach enables stakeholders to evaluate both the
immediate and long-term energy use implications of data
storage decisions.

• EnergyHotspots: To support rapid decision-making, EnPDs
make use of a structured pipeline. First, the total energy con-
sumption for each individual component and data flow is
calculated by multiplying its unit energy cost by its expected
execution frequency. Second, a pool of hotspot candidates
is established by filtering these results to include only ac-
tionable nodes and data flows (the ones that the stakehold-
ers have architectural control over). For instance, highly
intensive cloud components, such as AI model training ma-
chines, are deliberately excluded from this candidate pool if
they cannot be directly altered by the system design team.
Third, the hotspots are determined by isolating the candi-
dates that exceed a predefined accepted threshold value that
depends on the task associated with that node or data flow.
The hotspots are then visually highlighted using dashed red
patterns: processes and data stores are marked with a red
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dashed background, while data flows are represented with
dashed red arrows. This systematic filtering provides an
immediate cognitive map of energy-intensive, addressable
components, allowing system designers to quickly identify
and prioritise them for refinement.

By standardising these conventions, the EnPD framework en-
sures that energy annotations are not merely decorative but serve
as a basis for comparing different architectures. This alignment
between measurement and design allows for green software princi-
ples to be systematically applied during the earliest stages of the
software development life cycle.

4 Case Study: mAIndmap
Using a case study, we show how EnPDs can support architectural
decision-making even before a concrete implementation exists. We
start with a skeleton Data Flow Diagram derived from the project
requirements document, annotate it with yearly energy labels based
on estimates and then refine the architecture incrementally. The
goal is to make trade-offs visible already during the design phase,
while design choices are still open.

NOLAI is an organisation focused on developing AI-driven solu-
tions for educational purposes. One of their projects, mAIndmap,
centres on an AI-assisted tool for vocabulary learning in early
primary education (grades 1–3, ages 4–6, in the Dutch education
system). Teachers in these grades use mindmaps to expand chil-
dren’s vocabulary: a central concept is shown with an image in
the middle, surrounded by related words and images. In practice,
creating such mindmaps is time-consuming and disrupts the flow of
lessons, especially when teachers have to search for age-appropriate
illustrations during classes. The mAIndmap project addresses this
by generating the mindmap structure and accompanying images
automatically, with the help of several AI components.

4.1 Baseline: Skeleton DFD
The proposed architecture relies on two main AI components. First,
a word-embedding model trained on the BasiLex corpus [22] (~11.5
million words from Dutch primary school reading material) com-
putes semantic similarity and determines word placement in the
mindmap. Second, a text-to-image model generates age-appropriate
illustrations in a consistent visual style. To keep latency low during
lessons, images for words likely to arise in grades 1–3 are pre-
generated, with missing images generated on demand.

The architecture spans two contexts relevant to this case study:
the school environment, which consists of classrooms and infras-
tructure, and a cloud-based back-end. The project’s design proposal
contains a DPD that documents data flows and privacy classifi-
cations across these contexts, which serves as the starting point
for the design of the skeleton Data Flow Diagram. After omitting
details from the project proposal that are not relevant to the case
study, we arrive at the DFD shown in Figure 2.

4.2 Constructing an EnPD from the DFD
Then, to construct an EnPD from the DFD, we maintain the same
structure and add yearly energy labels to components and inter-
context data flows. The model represents a single school, with all
energy terms scaled accordingly. The labels account for baseline

Backend Language
model

Model
storage

n=1GB

Image
database

n=30GB

Image
generation

Model
storage

n=4GB

Model
training

Model
storage

n=1GB

Model
training

Classroom
context

n=10

Server n=1

Cloud n=1

Figure 2: Skeleton Data Flow Diagram, extracted from the
described architecture in the mAIndmap project proposal.

infrastructure power, persistent storage, inference workloads and
network transfer, using the assumptions summarised in Table 1.

In the school context, three elements contribute energy: local in-
frastructure, local language model storage and local language model
inference. We assume an always-on local server with a baseline
draw of 10W, corresponding to 88 kWh per year. Across grades 1–3,
we estimate 10 classes per school and 20 lessons per class per year,
giving 200 mindmap requests annually. Language model inference
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Table 1: Baseline assumptions and energy estimates used to
calculate energy costs for the mAIndmap components.

Component Cost

Mindmap structure size 10 kB/mindmap
Generated image size 300 kB/image
Network transfer 0.1Wh/GB
Local storage 15W/TB
Cloud storage 5W/TB

executes locally at 0.1Wh per mindmap structure. Its 1 GB local
model storage contributes 131Wh per year.

The cloud environment covers image generation, shared image
storage and delivery to schools. The languagemodel is synchronised
once per year, while image retrieval requires a network transfer
for every requested image. If an image is missing from the shared
database, it is generated on demand and then retained in storage.
We estimate 15 images per mindmap, yielding 3,000 image retrievals
per year across 200 lessons, of which 300 require generation.

The cloud context also contains training and model storage.
Model training is assumed to consume 10 kWh for the language
model and 500 kWh for the image model. We deliberately do not
consider these nodes as hotspots, as they are not directly action-
able for the stakeholders in this case study. Cloud storage is set to
5W/TB and cloud image inference to 15Wh per image, which is
lower than the school context, reflecting economies of scale relative
to local execution. The shared image database is assumed to start
at 100,000 images and grow by 1,000 images per year. With these
assumptions, we obtain the baseline EnPD in Figure 3.

4.3 Moving Image Generation to the School
The design proposal explicitlymentions robust operation for schools
with unstable internet connectivity. In practice, this means moving
image storage and generation from cloud to school. This is feasible
without introducing a separate machine: the existing local server
that hosts the language model can host the image model as well.

Moving image generation and storage to the school substantially
reduces network transfer. Instead of fetching all images from the
cloud, only model weights are downloaded periodically. The local
image database can also be smaller than the shared cloud database,
assuming higher vocabulary overlap within one school. We there-
fore assume a local image database that starts at 10,000 images and
grows by 300 images per year.

However, moving image generation to the school increases local
energy demand. Without cloud-scale efficiency, school-local image
generation is more expensive per image (25Wh local versus 15Wh
cloud). In addition, image generation may require dedicated hard-
ware, which we model as an increase in the server’s baseline power
draw from 10Wto 20W. Total school-side energy therefore rises to
175 kWh per year. The resulting architecture is shown in Figure 4.

4.4 Addressing the Energy Hotspot
In the local inference variant, the EnPD makes one hotspot explicit:
local image generation. The hotspot highlights the local image
inference as a key target for energy reduction. One approach to

Backend Language
model

[0.1Wh | 200]

Model
storage

n=1GB

[131Wh]

Image
database

n=30GB

[1.3 kWh | +13Wh]

Image
generation

[15Wh | 300]

Model
storage

n=4GB

[175Wh]

Model
training

[500 kWh | 1]

Model
storage

n=1GB

[44Wh]

Model
training

[10 kWh | 1]

Classroom
context

n=10

Server n=1

Cloud n=1
[88 kWh]

[0.1Wh | 1]

[0.1Wh | 3000]

Figure 3: EnPD with a one-year timescale, created by extend-
ing the skeleton Data Flow Diagram with energy informa-
tion.

address this is by compressing the model before distributing it to
schools. Compression reduces model size and compute demand,
typically at some quality cost.

This change keeps the connectivity and autonomy benefits of
local deployment while reducing both main energy values. First, im-
age inference energy decreases from 25Wh to 5Wh. Second, lower
compute demand allows lighter hardware, which is reflected by a
reduction in baseline server power draw to 15W. This results in the
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Figure 4: EnPD with a one-year timescale, using school-local
image inference and storage.

architecture shown in Figure 5. In this variant, compression reduces
both image inference cost and baseline infrastructure demand while
preserving local operation.

4.5 Reflection
Across the three EnPD variants, the method supports design in
two concrete ways. First, annotating the DFD with energy labels
highlights that local image generation dominates yearly energy,
which is not obvious from the data flow alone. Second, comparing
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Figure 5: EnPD with a one-year timescale, using local image
inference and storage with a compressed model.
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variants makes trade-offs explicit: moving image generation to the
school decreases network reliance, but introduces a local hotspot
and causes image duplication across schools. Model compression
addresses this hotspot, at the cost of potential quality loss.

The case study also shows why the stakeholder perspective
should be explicit. From a school’s perspective, the most actionable
changes are local deployment and hardware choices. From a plat-
form provider perspective, the most actionable changes are cloud
architecture and shared-service design. Stating this perspective
clearly helps ensure that identified hotspots translate into concrete
design decisions.

These lessons generalise beyond mAIndmap. Any system that
balances centralised and distributed processing faces similar ten-
sions. EnPDs offer a way to expose those tensions early, before
the architecture is fixed. They can be used at different levels, from
deployment level choices to targeted design decisions. Precise mea-
surements are not required: rough estimates are sufficient to iden-
tify hotspots, motivate alternatives and reason about stakeholder-
specific trade-offs.

5 Discussion
This section reflects on the key findings, limitations and broader
implications of our approach.

5.1 Insights from the Case Study
The mAIndmap case study demonstrates how EnPDs can reveal
critical energy trade-offs in architectural decisions. Our analysis of
three distinct configurations highlights how different approaches
to image processing and storage can significantly impact a system’s
overall energy footprint. The case study reveals that the choice
between centralised and distributed processing involves complex
trade-offs between computational load, network transfer costs and
energy consumption.

The EnPD framework proves particularly valuable in visual-
ising these trade-offs, enabling stakeholders to understand how
architectural decisions affect energy consumption at both com-
ponent and system levels. For instance, while local processing of
images eliminates network transfer costs, it introduces substan-
tial computational overhead. Conversely, centralised processing
reduces per-school computational requirements but increases net-
work-induced energy consumption. These insights suggest that
EnPDs can help software developers and stakeholders make more
informed decisions about energy efficiency during early design
phases.

5.2 Scope and Practical Considerations
The framework’s practical application involves both opportuni-
ties and considerations. While EnPDs can potentially incorporate
both estimated and measured energy values, our current case study
demonstrates their utility with estimated data. This approach is
particularly valuable during early architectural design when precise
measurements may not yet be available. Future work could vali-
date the framework using real-time energy monitoring tools, such
as CarbonTracker [1], to explore how measurement data affects
decision-making.

Several limitations of the current EnPD framework should be
acknowledged. The framework focuses primarily on operational
energy consumption, excluding environmental aspects of hardware
manufacturing and disposal. While this scope is appropriate for
software developers and stakeholders making design decisions,
a more comprehensive environmental assessment would require
integration with life cycle assessment (LCA) methodologies [9].

The EnPD framework operates at the architectural level, where
understanding relative energy impacts between components takes
precedence over precise temporal dynamics. While the timing of
operations can influence energy consumption (e.g., using renewable
energy or running components during off-peak hours), such con-
siderations are highly dependent on specific deployment contexts
and energy grids. Rather than attempting to model these complex,
location-specific factors, EnPDs provide the foundation for such op-
timisations by identifying energy-intensive components that could
be scheduled or relocated based on environmental considerations.

To summarise, the current EnPD framework deliberately ex-
cludes several factors that influence a system’s total environmental
impact. These include:

• Embodied carbon: The emissions from hardware manu-
facturing, transportation and disposal are excluded, as they
depend heavily on supply chain factors and local manufac-
turing practices. For mobile devices, embodied carbon can
represent up to 75% of total life cycle emissions, while for
servers operational emissions typically dominate (≈ 75% of
total).

• Idle energy consumption: The energy consumed by hard-
ware components when idle is mostly excluded, as it can be
easily incorporated at the context level when needed. This
design choice maintains focus on software-controlled en-
ergy consumption while allowing for flexibility in specific
use cases.

• Network infrastructure: The energy consumed by net-
work routers, switches and other infrastructure components
between system boundaries is excluded. While this could be
modelled, it typically falls outside the control of software
developers and exhibits high variability across different net-
work configurations and geographic regions, making it less
relevant for architectural decision-making.

• Peripheral devices: Energy consumption of user devices
like monitors, keyboards and other peripherals is typically
not included, as it falls outside the core system architecture
being modelled.

These exclusions reflect our focus on software architecture de-
cisions within the control of development teams, while acknowl-
edging that a complete environmental assessment would require
complementary tools and methodologies.

6 Related Work and Broader Implications
The integration of sustainability metrics into system design neces-
sitates both measurement methodologies and visualisation tools.
This section contextualises the EnPD framework within the broader
landscape of green software research.
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6.1 Data Flows
The EnPD framework builds upon established diagramming tech-
niques, such as Data Processing Diagrams [6], to model energy
flows within software systems. DPDs provide a shared visual lan-
guage for multidisciplinary teams to map context boundaries and
implement mitigating measures like pseudonymisation or encryp-
tion [5]. However, while traditional modelling approaches focus on
functional requirements and data flow, they lack the native notation
required to represent energy as a first-class architectural constraint.
The EnPD framework addresses this limitation by treating energy
data as essential architectural attributes, moving beyond legacy
design principles that focused primarily on coupling and cohesion
without regard for hardware-induced resource use [25].

6.2 Standardised Energy Measurement
For architectural models to serve as valid analytical tools, they
must be supported by measurement protocols. The Green Software
Measurement Model (GSMM) provides a reference framework for
assessing resource efficiency in software products, delineating com-
ponents such as measurement setup, data evaluation and life cycle
boundaries [10]. This standardisation is critical for enabling repro-
ducible evaluations and meaningful comparisons across different
architectural implementations.

Quantifying environmental impact requires precise accounting
of both operational and embodied carbon. Frameworks like Green
Algorithms [15] provide standardised methodologies to compute
carbon dioxide equivalent (CO2eq) emissions based on runtime,
hardware power draw and the carbon intensity of local energy
grids. Complementary tools, such as CarbonTracker, enable real-
time tracking and prediction of emissions during AI model training,
integrating power metrics directly into the development work-
flow [1].

Recent research emphasises that such standardisation is essential
to overcome the carbon tunnel vision that often ignores critical im-
pact categories like metal scarcity [16]. However, while these tools
excel at precise measurement of existing systems, they often re-
quire detailed runtime information that may not be available during
early architectural design. EnPDs complement these approaches by
providing a framework for energy-aware design decisions before
implementation, using estimates that can be refined with empiri-
cal data as the system develops. This forward-looking perspective
is particularly valuable for identifying potential energy hotspots
and evaluating architectural alternatives when changes are still
relatively inexpensive to implement.

6.3 Green AI and Architectural Optimisation
The motivation for EnPDs is particularly acute in AI systems, where
the exponential growth in computational demand has led to sig-
nificant environmental concerns [19]. Studies indicate that train-
ing large language models can emit up to 284 tonnes of CO2eq,
highlighting the urgent need for sustainable design practices [21].
Empirical evaluations of design patterns demonstrate that archi-
tectural choices can significantly impact energy consumption. For
instance, certain object-oriented design patterns may increase en-
ergy usage by up to 25% compared to optimised alternatives [8].
Similarly, research on mobile applications identifies specific energy

patterns that can be applied to reduce energy consumption [3]. By
integrating these insights with LCA methodologies, EnPDs enable
software developers to identify energy hotspots and optimise sys-
tems for minimal environmental impact before deployment [16].
Recent work also highlights the importance of considering both
operational and embodied carbon in AI systems. While operational
emissions often dominate current discourse, embodied carbon from
hardware manufacturing can surpass operational footprints as effi-
ciency improves [24].

7 Conclusion
The Energy Processing Diagram framework offers a structured way
to integrate energy awareness into software systems’ design, pro-
viding a common language that bridges the gap between technical
and non-technical stakeholders. By combining the transparency of
DPDs with some of the methods proposed in GSMM, EnPDs en-
able meaningful, interdisciplinary discussions about sustainability
without sacrificing technical depth. This shared visual vocabulary
facilitates communication between software developers, system ar-
chitects, product managers and environmental specialists, allowing
them to collaboratively identify and address energy concerns from
the earliest design phases.

The mAIndmap case study illustrates how careful architectural
choices (like performing heavy computation offline or clarifying
energy use across contexts) can help reduce environmental impact.
By using visual aids, EnPDs make energy efficiency considera-
tions more accessible and actionable, transforming abstract energy
metrics into concrete design decisions. This approach helps teams
balance competing priorities, such as sustainability, performance
and privacy, while making the environmental implications of ar-
chitectural choices more transparent and understandable to all
stakeholders involved in the software development life cycle.

8 Future Directions
The EnPD framework presents several promising avenues for fu-
ture development and application. First, the integration of EnPDs
with emerging standards like the Software Carbon Intensity (SCI)
specification [4] could enhance their practical utility in specialised
domains, such as federated learning and edge computing.

The development of automated tools to generate EnPDs from
existing codebases or architectural descriptions would significantly
lower the barrier to adoption, making energy-aware design more
accessible to development teams.

A particularly promising extension involves the Origami Plot [7],
a visualisation technique that could serve as an energy label within
the EnPD framework. Similar to energy efficiency labels on house-
hold appliances, this visual approach would move beyond single-
metric representations by simultaneously displaying performance
across multiple sustainability criteria. The Weighted Origami Plot
variant would further enhance this capability by allowing stake-
holders to assign relative importance to different sustainability
metrics, ensuring the visual area directly reflects strategic priorities
and trade-offs.

Other technical developments could include formalising EnPDs
as a complete language grammar, to provide a stronger foundation
for energy-aware architectural modelling [12, 14].
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Additionally, further case studies demonstrating the practical
benefits of EnPDs in real-world projects, such as the mAIndmap
educational platform, could help build consensus around EnPDs’
utility and refine the framework through practical application. An
interesting direction for future research would be a comprehensive
case study involving software developers and other stakeholders,
where the practical impact of EnPDs on design decisions could
be evaluated through interviews and observational studies. This
would help validate the framework’s effectiveness in real-world
development environments.

The intersection of diagramming and energy measurement rep-
resents a promising avenue for advancing sustainable software
development. By providing an accessible framework for visualis-
ing energy consumption, EnPDs can help bridge the gap between
architectural design and environmental sustainability, ultimately
contributing to the development of more energy-efficient and re-
sponsible software systems.
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