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 a b s t r a c t

Energy labelling of electric appliances, among other goods and services, matters to both consumers and produc-
ers. It aids the consumers in gathering an expectation of how much electricity the good they are acquiring will 
consume, and it establishes guidelines that producers can follow to create more efficient products and services. 
Energy labelling is, nevertheless, nearly absent for software due to the heterogeneous hardware execution envi-
ronments and unequal circumstances. Throughout this article, we provide an equal ground for software energy 
labelling by providing an intelligent prospective behavioural, hardware and energy-consumption patterns rat-
ing algorithm meant for the design phase of the Software-Development Life Cycle, as opposed to the existing 
approaches whose labelling procedure applies to the implementation phase onward. We expect our categoriza-
tion method to guide software developers, helping them to decrease their energy consumption by raising their 
awareness of the energy footprint that their design choices produce; culminating in aware consumers who know 
what energy usage to expect from the software they consume.

1.  Introduction

Economic growth has become an unreliable metric to assess societies’ 
progress (Comission, 2021b), as its reliance on limited natural resources 
to create economic value through services and products directly influ-
ences our environment. To reduce the impact of our consumption, the 
global consensus is to dial down its rate and amount. Contrary to the 
previous goal statement, electrical devices are manufactured and intro-
duced into our global network each year.

To address the electrical energy consumption of such devices, sev-
eral design, manufacturing, and testing guidelines have been garnered 
within the European Union to provide an equal ground for manufac-
turers. One example of these guidelines is the MEErP (Methodology for 
Ecodesign of Energy-related Products), issued by the European Com-
mission. The MEErP’s objectives are twofold: (1) creating a common 
ground for the ecodesign of energy-related products (any good that has 
an impact on energy consumption during use) to harmonize national 
laws of the member states of the European Union (2) and contribute to 
sustainable development (Comission, 2017). The content of the MEErP 
establishes a framework for the ecodesign of energy-related products to 
ensure their free movement within the EU’s internal market, and a set of 
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requirements that such products must fulfill to be put on the market or 
into service. The initial version of the MEErP, issued in 2011, was last 
revised in 2013 to include in it new variables such as material efficiency.

In addition to the design and manufacturing guidelines, labels that 
categorize the electrical consumption of energy-related products have 
emerged to aid consumers in selecting a more frugal device. The most 
prominent example of an energy consumption indicator is the Euro-
pean energy label. The EU energy label was first introduced in 1994 
and expanded in 2004 (Comission, 2024a), with a significant re-scale 
in 2021 to push forward energy savings and update the standards of 
the label (Comission, 2021c). It consists of a visual categorization of the 
electrical consumption of a product in a color scale and letters, from A 
in green to indicate the best efficiency to G in red to indicate the least 
efficiency.

Furthermore, the label includes the annual energy consumption 
of the device and iconography that corresponds to key traits of 
the product that should matter to the consumer (e.g., the noise 
level under operation). Its simplicity allows consumers to quickly
identify the most frugal device in the category of their interest, sav-
ing money for the consumer with the most frugal device that satisfies 
their needs, and achieving the entrance of the least wasteful product 
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to households. The EU energy label is a proven success, as the special 
barometer 492 discovered that nearly 8 in 10 of the people surveyed 
said they have been influenced by the EU energy label when choosing a 
product (Kantar, 2019).

In the EU, computers (desktops, workstations, notebooks, and tablets 
among others) are also considered by the ecodesign directive and re-
quirements, as defined in the commission regulations (EU) 2021/341 
and 2013/617  (Comission, 2013, 2021a) but they are currently ab-
sent of a label. The public consultation phase for labelling computers, 
according to the initiative “Energy labelling requirements for comput-
ers and computers servers” (Ares 2018 770774) has recently closed, 
and its EU commission adoption is planned for the fourth quarter of 
2025 (Comission, 2024c). The feedback that the initiative has received 
so far has heavily criticized the fact that a comprehensive duty cycle 
and power study is necessary to define a significant usage, emphasiz-
ing that proposing an energy label based on an active power metric is 
premature (Comission, 2024b). Similar initiatives are in development 
in other parts of the world, for example, the Energy Star program in 
the EE. UU. Star (2024), which is included in the feedback of the EU’s 
initiative as a possible starting point.

As software rules the consumption of hardware by providing it in-
structions to operate on, creating a common ground for a measurement 
that relies heavily on the purpose of the software consumed is after all a 
complicated task. However, to our knowledge, no ecodesign directives 
on software in the EU, as the definition of an energy-related product does 
not cover the intangibility of software. This lack of ecodesign require-
ments acts as a detriment to the consumers of software, as no widespread 
energy label similar to EU’s is applied to the consumption of software 
to guide them in the same way they are guided when acquiring home 
appliances. As observed by Guamán et al. (2023) “it is necessary to con-
struct energy estimation models that do not require the execution of 
applications.”.

Throughout this article, we will present the previous and current 
efforts at categorizing the energy consumption of software and software 
designs, and present our categorization algorithm aimed at the design 
phase of the Software Development Life-Cycle (SDLC). In particular, the 
contributions of the proposed work can be summarized as follows:

• A series of qualitative properties and values that describe the be-
haviour of software at an architectural and behavioural level.

• A series of quantitative properties that describe the magnitude of 
hardware consumption inflicted on a hypothetical hardware plat-
form using a software design.

• An expert algorithm to estimate and categorize the hypothetical 
hardware resource consumption and behaviour of software, based 
on the aforementioned properties.

• A version of the expert algorithm to estimate and categorize the hy-
pothetical hardware resource consumption of the parallel execution 
of hypothetical software operations.

• A series of weights that prioritize certain properties and their com-
binations over others, as well as the impact they represent when 
obtaining a categorization label for the total consumption obtained 
from the software unit’s design.

• Thorough experimentation and comparative analysis between 
software-mandated consumption of hardware resources and how the 
differences in hardware capacities affect the results.

• Guaranteed transparency and replicability of our experiments with 
publicly available information and data on the setup, execution, re-
sults, and project files including a public beta of our custom tool to 
run them in 5 simple steps.
In Section 2, we delve into the existing approaches and propositions 

for categorizing or labelling software’s hardware consumption. In Sec-
tion 3 we explain the previous research artifacts that support the expert 
algorithm proposed in Section 4. In Section 5, we present the experi-
ments that test our algorithm proposal under diverse circumstances, ex-
plain the methods employed for their execution, and their results. The 

closure of this paper is performed in Section 6 discussing the results in 
the previous section, and closing our article with our future work.

2.  Related work

The idea of categorizing software with labels that reflect its consump-
tion of energy or hardware resources is not new. In the work of Deneck-
ère and Rubio (2020), software criteria are classified according to the 
three phases of the SDLC, which the Greensoft model also follows: de-
velopment, usage, and end-of-life (Naumann et al., 2011). In contrast 
to Greensoft, they concentrate on two software aspects: sustainability 
by software and sustainability in the software (Calero & Piattini, 2015). 
Even though the criteria they proposed provide a good starting point for 
understanding the elements to consider in labelling a software product, 
they did not propose a concrete form of categorization. Moreover, to 
our knowledge, the authors did not pursue any pragmatic implementa-
tion of their proposal. By contrast, the GreenSoft Model Methodology 
(GSMM) has been further developed into a practical testing framework 
that is now applied in much of the green coding community (Naumann 
et al., 2021). The GSMM defines measurement points for energy and re-
source consumption across the software life cycle, with a strong focus on 
runtime efficiency during the usage phase. In practice, this involves stan-
dardized benchmark environments, monitoring of CPU, memory, stor-
age, and network demand, as well as the evaluation of scaling behaviour 
under different workloads (Guldner et al., 2024). These methodological 
foundations directly inform ecolabel schemes such as the Blue Angel, 
which adopts comparable measurement proposals for mobile, desktop, 
and server platforms.

The “Blue Angel for Software Development and Components” (An-
gel, 2023), commissioned by the German Federal Environment Agency, 
is the German equivalent of the EU’s energy label. Blue Angels have 
existed for more than 45 years without any mandatory aspect, as they 
are completely voluntary and independent of business interests. There 
are currently more than 12,000 products and services that bear the Blue 
Angel, representing the best in their respective product group. As ex-
plained by Naumann et al. (2021), up to 2024 the scope of the award 
criteria was limited to software that has a user interface and can be 
run on a benchmark desktop system. In the same year, the organization 
updated its standard to also include mobile applications, desktop soft-
ware, and server–client platforms. In the revised Version 4 of the criteria 
(June 2024), the Blue Angel additionally introduced concrete measure-
ment proposals that are applicable across these device classes, thereby 
extending the methodology beyond its earlier desktop-only focus. The 
main components of the award criteria are grouped as follows:

• Resource and energy efficiency: definition of minimum system re-
quirements, transparency of energy and resource demand, support 
for operating system energy-saving modes, avoidance of unneces-
sary background processes, and the use of efficient algorithms and 
data structures. The software must not place disproportionate de-
mands on CPU, RAM, storage, or network resources relative to its 
functionality.

• Potential hardware lifetime: compatibility with older hardware 
and operating systems, adaptability to upgraded systems, and avoid-
ance of artificial obsolescence. The software must maintain effi-
ciency even as functionality expands, and vendors must commit to 
update policies that extend rather than curtail the useful life of hard-
ware.

• Autonomy of use: provision of standardised, interoperable, and 
openly documented data formats, guaranteed uninstallability with-
out residue, ability to run without permanent internet connectiv-
ity, and absence of advertising, forced cloud connections, or hidden 
costs. The criteria also emphasize user control over the configura-
tion, update installation, and data portability.

• Transparency and user rights: clear and publicly available docu-
mentation of functionalities, system requirements, data collection, 
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and update cycles. Vendors must disclose whether telemetry or ana-
lytics are collected, avoid vendor lock-in strategies, and respect user 
privacy by default.

• Quality assurance and robustness: the criteria require that soft-
ware undergo systematic quality testing, maintain backward com-
patibility where possible, and demonstrate resilience against faulty 
input or unexpected system conditions. These aspects ensure that ef-
ficiency and usability are not only theoretical but also practically 
verifiable.

Concerning green-oriented tools, whose specific mission statement is 
to aid in the creation of green software, several have their own method 
of labelling the hardware consumption, energy consumption, or green-
house emissions. For instance, Wilke et al. (2012) intended to establish 
a framework that allows profiling the power consumption of mobile ap-
plications so that a long-run approximation of their energy consumption 
can be generated. In addition, they considered that usage profiles should 
be used together with the profiled power consumption. The authors pro-
ceeded to describe a case study of two different email clients for Android 
and discussed the results and the variables that impacted their study. In 
the end, no actual energy label was proposed. Even though the authors 
remain active in the topic of sustainable software, further research built 
on this proposal appears to be halted, and the specific algorithm em-
ployed to generate a label was not disclosed.

Carat (Oliner et al., 2013) constructs energy models of Android ap-
plications using a crowd-sourced approach, and later assigns a J-score 
to the results of the learned energy consumption patterns of the device 
running it. The J-score is a percentile, meaning that a score of 75 would 
mean that the device has a better battery life than 3 in 4 devices.

ecoCode (Le Goaer & Hertout, 2022) provides multiple plugins 
for SonarQube, a code evaluation platform. EcoCode currently sup-
ports Java, JavaScript, PHP, Python and C#. It also includes plug-
ins for Android and iOS, which use a set of smells to detect “bad” 
(energy-consuming) code patterns. The labelling mechanism employed 
in EcoCode is the green quality gate, a SonarQube quality gate with a 
threshold of four issues, meaning a project is not publishable if four or 
more issues are present.

EcoDroid (Behrouz et al., 2015) employs static and dynamic analysis 
of applications in the same category to obtain their energy consumption. 
It is capable of generating an alphabetic label from A (most efficient) to 
E (least efficient) from an 𝑒𝑖𝑛𝑑𝑒𝑥 obtained by dividing the energy expen-
diture of API calls per path possible in an application’s call graph by the 
total number of visited nodes out of all the nodes available in the call 
graph.

EcoIndex (Bordage, 2024) uses the information on the user’s hard-
ware, the data transferred over the network, and the number of server 
requests to create a score of a website. These three dimensions are used 
to obtain a weighted average that concludes in an alphabetic label from 
A (most frugal) to G. EcoGrader (Mightybytes, 2024) uses CO2.js to ob-
tain available metrics of energy consumption in data transfer and con-
tent load time, among others, to rate websites. EcoGrader has two dif-
ferent labels: the EcoGrader score based on the Sustainable Web Design 
Model (Design, 2024), and the Digital Carbon Rating based on HTTP 
Archive Transfer Size (kb) and grams of CO2 emitted per pageview. 
Globemallow (2024) is similar to EcoGrader and EcoIndex, but it uses 
the American grading system to rate webpages from A+ (most efficient) 
to F.

Kastor (Spécinov, 2024) is another tool similar to EcoIndex, 
EcoGrader and Globemallow. Kastor gives scores for accessibility, 
ecodesign, and also a global score, all based on a weighted average ac-
cording to a study of good practices. A leaderboard of webpages based 
on the global score is also available. The Experiment Impact Tracker 
framework (Henderson et al., 2022) proposes (but is not limited to) 
carbon-friendly cloud-provider regions to be used for Machine Learning 
(ML) training, and a proposal of a leaderboard of frugal ML approaches 
as an incentive for more frugal ML. The leaderboard is based on the 

performance return per kWh consumed by the ML model. Li10 (2024) 
reports the estimated CO2 emissions of hardware consumption on dif-
ferent cloud computing providers. Li10 assigns a Cloud Sustainability 
Score to the user’s emissions, its precise algorithm is, to our knowledge, 
proprietary.

While existing labels and tools like Carat, EcoCode, and EcoGrader 
provide valuable insights into software efficiency, they all rely on ana-
lyzing a functioning application. In difference to other planned energy-
saving strategies that can be created before software deployment, such 
as scheduling algorithms (Fernández-Montes et al., 2012; Sun et al., 
2023), reactive software categorization approaches miss the opportu-
nity to incorporate sustainability into the software design from the very 
beginning. Recent community studies, such as Potentials of Green Cod-
ing (Junger et al., 2024), highlight this same limitation: most tools op-
erate at runtime, monitoring CPU, memory, storage, or network con-
sumption under specific workloads, and then translating these observa-
tions into scores or labels. While this provides valuable transparency 
for deployed systems, it does not directly guide architectural or design 
choices. A proactive approach would empower developers to make in-
formed decisions early on, ultimately leading to greener software and a 
more sustainable future.

Recent community studies, such as Potentials of Green Cod-
ing (Junger et al., 2024), highlight this same limitation: most tools op-
erate at runtime, monitoring CPU, memory, storage, or network con-
sumption under specific workloads, and then translating these observa-
tions into scores or labels. While this provides valuable transparency 
for deployed systems, it does not directly guide architectural or design 
choices. As noted by Green Software: The Curse of Methodology (Hindle, 
2016), precise measurement is inherently limited by the constant evolu-
tion of software and hardware, and progress requires bridging multiple 
disciplines toward a common goal. Our goal is therefore to create a 
software sustainability label applicable during the design phase, 
even before any implementation effort, as opposed to existing ap-
proaches that require functional code to work and fine-grained 
metrics that can quickly become obsolete. A proactive, high-level 
framework empowers developers to make informed choices early on, 
leading to greener software and a more sustainable future.

3.  Research artifacts employed

Before introducing our proposal for the algorithm, we believe there 
are several important research artifacts that need to be briefly intro-
duced to provide a better picture of its role within a custom toolset for 
green software design we created. The first artifact is the Behavior-Based 
Consumption Profiles (BBCP) (Larracoechea et al., 2024a), a Domain 
Specific Language (DSL). The objective of the BBCP is to model the be-
haviour of software and the evolution of its hardware consumption over 
time. In contrast to other approaches, the BBCP allows software design-
ers to embed an estimation of the intensity of the usage of the software 
in its design, meaning that the resulting software design considers dy-
namic variations that cannot be controlled but should be accounted for, 
such as volatile user behaviour and stochastic events.

Later, the aforementioned intensity can be translated to an estima-
tion of hardware resource usage and, therefore, energy consumption. 
The BBCP consists of properties at 2 levels of abstraction: the high level 
and the low level. The high level is constituted by qualitative proper-
ties that describe the non-functional behaviour of the software. The low 
level consists of quantitative properties that assert how the behaviour 
of software is translated into hardware consumption.

The algorithm explained throughout this paper employs 3 sets of 
high-level properties and 1 set of low-level properties of BBCP. The high-
level properties are distributed into 3 categories, which are available in 
Table A.1 of Appendix A. The categories, which are similar to the ones 
proposed by Forward and Lethbridge (2008), are used to generalize each 
group of properties. Properties in the computation-centric category are 
responsible for the description of how the software product is expected 
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Table 1 
The qualitative properties included to provide data to the algo-
rithm on the consumption of hardware sensors.
 Sensor  Possible values
 NIC  On/Off/Circumstancial/Absent
 Bluetooth  On/Off/Circumstancial/Absent
 GPS  On/Off/Circumstancial/Absent
 Camera  On/Off/Circumstancial/Absent
 Display (brightness level)  Off/Low/Medium/High/Auto/Absent

Table 2 
Quantitative properties fed to the algorithm to account 
for hardware resources and the programming language 
used to execute the demands of software.
 Resource Unit

 CPU GHz
 RAM GB
 Network (NIC) Mbps
 Storage GB
 Programming Language Rank in Pereira et al. (2021) re-

ranked version of rosetta code

to perform its computation. Data-centric properties describe the relation-
ship of the software with data it creates or receives. Finally, the conduct-
centric category contains properties that describe the behavioural traits 
of the software. A more in-depth explanation of each property is avail-
able in previous related publications (Larracoechea et al., 2021, 2022, 
2024a).

In contrast to previous approaches, the BBCP categories reflect a 
coalition of three perspectives: the Behavioural-Software Engineering 
(BSE), which describes how the business decisions affect the software’s 
design; Human-Computer Interaction (HCI), which describes how the 
user interacts with software and vice-versa; and the Software Architec-
ture (SA). For instance, the properties in the Computation-Centric cate-
gory reflect the needs of the business and the software architecture. For 
example: a computation criticality value of high can reflect the necessity 
to comply with a pre-defined quality-of-service response time stipulated 
in service-level agreements (SLAs), while a computational complexity 
with a high value can reflect that the software architecture must be tai-
lored to prioritize response time (the computation criticality), at the cost 
of a greater computational expense.

In addition, the properties in the behaviour-centric category describe 
behavioural characteristics that could be attributed to the user. For ex-
ample, a definite consumption rate could be used to describe a video 
streaming service, as the activity’s duration is equal to the content’s 
length. For example, a 1h-long movie has a definite consumption rate 
of 1h. The importance of the properties selected for the algorithm is 
that they allow us to better understand the intent of the software de-
signer, and take the qualitative characteristics of the software’s design 
into account as a possible source of power expenditure.

To complement the aforementioned properties, we include some 
sensor-related properties, which are available in Table 1. The purpose 
of these properties is to define the state of a specific sensor at the time 
of software activation, participating in our method as a dependent vari-
able that could significantly impact the final categorization of a software 
design. As for the low-level properties, we are limiting the algorithm to 
five of them, which are available in Table 2. They represent the ba-
sic hardware resource consumption that software usage requires in any 
computing hardware platform, and they are the most common metric 
to specify hardware requirements that software developers propose for 
the execution of their software products.

The last elements that are directly related to the low-level properties 
and play a significant role in making our algorithm useful during the 
design stage of software development are consumption guides. Consump-
tion guides are databases meant to guide software designers through 

the process of selecting an approximate amount of hardware consump-
tion per available hardware resource. They are a by-product of the pro-
cess we followed during the development of the BBCP, in which we 
performed a taxonomical study of software-induced hardware consump-
tion. Throughout the process, we collected multiple samples of software-
hardware requirements that were made publicly available by their soft-
ware developers, based on several horizontal slices of software types 
and categories we selected from the taxonomy created by Forward and 
Lethbridge (2008).

The second research artifact involved in the creation of our algorithm 
is RADIANCE+, formerly known as “RADIANCE” (Larracoechea et al., 
2024b). RADIANCE+ is a custom-built tool designed with three main 
objectives in mind: (1) assist in the creation of BBCPs, (2) interpret the 
BBCPs with a custom execution engine, and (3) categorize and label 
software designs based on the BBCP DSL according to user-customizable 
algorithms. The proposal in this paper addresses the third objective.

A multistep process incorporated in RADIANCE+’s workflow be-
gins by providing the users with a selection of choices per four core 
properties: software category, software type, target hardware platform 
(desktop, mobile, and laptop), and programming language, all at a per-
operation level and within the context of a BBCP profile. Additionally, 
consumption guides pre-built consumption guides are incorporated into 
RADIANCE+ to improve the convenience of the design process. For the 
programming language, the user is presented with a list of options to 
choose from, which originates from a study performed by Pereira et al. 
(2021) on the energy consumption of programming languages. It is im-
portant to note that subsequent research has questioned the conclusions 
of the previous study. Thus, van Kempen et al. (2025) argue that, when 
controlling for factors such as the programming language implementa-
tion, application implementation, number of active cores, and memory 
activity, the choice of programming language has no significant impact 
on energy consumption beyond the execution time. This suggests that 
the energy efficiency rankings proposed by Pereira et al. may not be 
as definitive as previously thought. In light of this, RADIANCE+ offers 
a flexible framework where users can update and refine the consump-
tion guides as new research emerges with better consumption guides. 
This adaptability ensures that the tool remains relevant and accurate, 
allowing the community to contribute to the continuous improvement 
of energy consumption models.

4.  The expert algorithm

Our algorithm consists of 3 core parts: the Hardware Consumption 
Score (HCS), the Sensor Consumption Score (SCS), and the Behavioural 
Consumption Score (BCS). This compartmentalization was selected as 
a representation of our aforementioned interest in the BSE, HCI, and 
SA perspectives, explained in Section 3, so that each component can be 
characterized and studied independently from each other.

The 𝐻𝐶𝑆 is a metric that quantifies the consumption of various hard-
ware resources on a computing system. More specifically, the 𝐻𝐶𝑆 is 
a weighted usage ratio of different hardware resources, which include 
the CPU, RAM, network, and storage devices. It uses the properties in
Table 2 and considers a hypothetical resource availability to approxi-
mate the usage ratios per hardware resource:

• CPU efficiency ratio ( 𝑇𝐷𝑃
𝐶𝑎 ) ⋅ 𝐶𝑐: This is calculated by dividing the 

CPU’s Thermal Design Power (TDP, in watts) by the CPU base fre-
quency reported by the hardware manufacturer (𝐶𝑎, in GHz) to ob-
tain the power-to-cycle ratio, which is later multiplied by the hypo-
thetical consumption of the CPU (𝐶𝑐) to obtain an approximation 
of the power consumption and heat output to dissipate. Moreover, 
this method punishes raw CPU cycle capacity and fosters efficiency. 
While this method of deriving a metric for CPU consumption may 
not offer absolute precision, it invites a broader discussion on how 
alternative approaches risk conflating the characterization of soft-
ware behaviour with that of hardware performance.
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Table 3 
The weight of each hardware resource.
 Tag  Component  Weight
𝑁𝐸𝑇𝑤  Network Interface Card (NIC)  0.5
𝐶𝑃𝑈𝑤  CPU  0.3
𝑅𝐴𝑀𝑤  RAM  0.1
𝑆𝑇𝑤  Storage  0.1

• RAM usage ratio (𝑅𝑐𝑅𝑎 ): Similarly, this is calculated by dividing the 
RAM consumption (in GB) by the RAM availability (also in GB).

• Network Interface Card (NIC) usage ratio (𝑁𝑐
𝑁𝑎 ): This is calculated by 

dividing the network card consumption (in Mbps) by the network 
card availability (also in Mbps). The consumption is calculated by 
obtaining the average between the transmission and reception.

• Storage usage ratio ( 𝑆𝑐𝑆𝑎 ): Finally, this is calculated by dividing the 
storage consumption (in GB) by the storage availability.

As previous research has found, the programming language plays an im-
portant role in the final power consumption of software. In addition to 
the previous ratios, we employed the global Rosetta Code ranking of 
programming languages  (Code, 2025), which was re-ranked according 
to energy consumption by  Pereira et al. (2021). To do so, the posi-
tion in the aforementioned rank of the selected language is multiplied 
by a weight. The weight value employed was obtained by calculating 
the Inter-Quartile Range (IQR) of the rankings and dividing the result 
by 1000 to tone down the relevance of the result in the HCS. We are 
aware that during the design phase the values of the aforementioned 
properties are difficult to predict to produce accurate ratios. Neverthe-
less, we propose that software designers and architects use the system 
requirements of a similar application to the one being built as a frame 
of reference. Moreover, a market analysis of the target users and target 
hardware platform should be included in the process of obtaining the 
ratios to facilitate the decision-making.

In addition to the ratios, a system of weights whose individual values 
range from 0 to 1 is included to prioritize the consumption of certain 
hardware components over others. As seen in Table 3, we distributed 
the weights so that the network card carries the heaviest weight, with 
the CPU following it in second place and the RAM and storage in the last 
place. This hierarchy is backed by the results of previous research (build-
computers.net, 2023; Carroll et al., 2010; Chiaravalloti et al., 2011) 
where the consumption of hardware components is assessed under di-
verse circumstances to analyze the portion of the battery that each one 
consumes. The final 𝐻𝐶𝑆 is given by Eq. (1).

𝐻𝐶𝑆 =

(

√

𝑇𝐷𝑃
𝐶𝑎

⋅ 𝐶𝑐

)

⋅ 𝐶𝑃𝑈𝑤 + 𝑅𝑐
𝑅𝑎

⋅ 𝑅𝐴𝑀𝑤 + 𝑁𝑐
𝑁𝑎

⋅𝑁𝐸𝑇𝑤

+ 𝑆𝑐
𝑆𝑎

⋅ 𝑆𝑇𝑤 + 𝑃𝑟 ⋅ 𝑃𝑤 (1)

where:
 TDP = the TDP value of the CPU model of the target hardware
 Cc = a deliberate CPU consumption value from a BBCP
 Ca = a deliberate CPU availability value
 CPUw = the weight value for the CPU in Table 3
 Rc = a deliberate RAM consumption value from a BBCP
 Ra = a deliberate RAM availability value
 RAMw = the weight value for the RAM in Table 3
 Nc = a deliberate NIC from a BBCP
 Na = a deliberate NIC availability value
 NETw = the weight value for the NIC in Table 3
 Sc = a deliberate Storage consumption
 value from a BBCP
 Sa = a deliberate Storage availability value
 STw = the weight value for the Storage inTable 3
 Pr = the rank of the programming language in
 Pereira et al. (2021)
 Pw the IQR of the rankings divided by 1000

Table 4 
Available sensors taken into account in 
the Sensor Consumption Score.
 Sensor  Weight
 Network Interface Card (NIC)  0.25
 Bluetooth  0.25
 GPS  0.2
 Camera  0.1
 Display brightness  0.2

Table 5 
State-dependent values per sensor.
 Sensor  State  Value (0 to 1)
 NIC  Absent  Redistribute weights and remove from the HCS
 NIC  Off  0
 NIC  On  1
 NIC  Circumstancial  0.5
 Bluetooth  Absent  Redistribute eights
 Bluetooth  Off  0
 Bluetooth  On  1
 Bluetooth  Circumstancial  0.5
 GPS  Absent  Redistribute weights
 GPS  Off  0
 GPS  On  1
 GPS  Circumstancial  0.5
 Camera  Absent  Redistribute weights
 Camera  Off  0
 Camera  On  1
 Camera  Circumstancial  0.5
 GSM  Absent  Redistribute weights
 GSM  Off  0
 GSM  On  1
 GSM  Circumstancial  0.5

Table 6 
Possible values for the display’s brightness level.
Display brightness (Db)  Value (0 to 1)
Absent  Redistribute weights
Off 0
Low 0.4
Medium 0.6
High 1
Automatic brightness control us-
ing an external mechanism or sen-
sor

0.5

The next part of our algorithm, the Sensor Consumption Score, con-
siders the array of sensors in Table 1, which are most frequently present 
in smartphones. The only purpose-specific sensors we decided to include 
are the GPS and the camera, due to the relevant energy consumption of 
the GPS and the relevant data generation of the camera. A similar weight 
system to that in the 𝐻𝐶𝑆 is also included, with the Wifi/4G (NIC) and 
Bluetooth considered the “heaviest”, followed by the GPS and, finally, 
the camera. The weights are available in Table 4, and we distributed 
them to reflect the results of the research performed by Khan et al. 
(2016). There are four possible states per sensor: Absent, off, on, and 
circumstantial, where a circumstantial value attaches the sensor state to 
the software state (the sensor value applies as long as the software is 
directly in use), and an absent sensor means that the weights should be 
modified to account for a lack of a specific sensor by distributing its 
weight evenly across the available sensors. Not distributing the weight 
of an absent sensor would lead to skewed results, where the profiles 
whose target platform lacks a sensor would receive an unfair advantage. 
A quantitative value for each sensor state is available in Table 5.

The last addition to the 𝑆𝐶𝑆 is the display brightness (𝐷𝑏), whose 
state-dependent value is available in Table 6. We decided to include the 
display brightness in the 𝑆𝐶𝑆 as the research performed by Chen et al. 
(2013) reveals an important consumption of electrical energy generated 
by the display, especially when paired with the camera. The total 𝑆𝐶𝑆
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is given by Eq. (2), using the values in Tables 5 and 6 as an input for 
the variables, and the values in Table 4 for the weights. 
𝑆𝐶𝑆 = 𝑁𝑣 ⋅𝑁𝑤 + 𝐵𝑣 ⋅ 𝐵𝑤 + 𝐺𝑣 ⋅ 𝐺𝑤 + 𝐶𝑣 ⋅ 𝐶𝑤 +𝐷𝑏 ⋅𝐷𝑤 (2)

where:
 Nv = a value used for the NIC in Table 5
 Nw = the weight used for the NIC in Table 4
 Bv = a value for Bluetooth in Table 5
 Bw = the weight used for Bluetooth in Table 4
 Gv = a value for GPS in Table 5
 Gw = the weight used for GPS in Table 4
 Cv = a value for camera in Table 5
 Cw = the weight used for camera in Table 4
 Db = a value for the display brightness in Table 6
 Dw = the weight used for display brightness in Table 4
The last component in the algorithm is the 𝐵𝐶𝑆. The 𝐵𝐶𝑆 is created 

by taking into account the selected value for each property of the BBCP 
and giving it a property score value. The equivalences from BBCP values 
to property score values are available in Table A.2 of Appendix A. A table 
that assigns a combinational score values to the combination of specific 
properties’ values is also available in Table A.3 of Appendix A.2. Combi-
nations are an important part of the algorithm, as they help us to detect 
peculiarly detrimental behavioural patterns that could be prevented. 
For instance, a task distribution with a lack of a strategy would be
detrimental to energy consumption. Therefore, it is of the essence that 
the label should reflect the danger of this pattern. In addition, detect-
ing these “energivore” (higher than usual energy consumption) com-
binations aid us to generate an “eco-report” to elaborate on why such 
combinations are detrimental, guiding software designers with it. The 
final 𝐵𝐶𝑆 is given by Eq. (3), where the variables labeled from A to K 
represent the pertinent property score value, whose value can be found 
in Table A.2. 𝐶𝑜 represents the total combinational score obtained with 
the possible combinations of properties values in Table A.3. 

𝐵𝐶𝑆 = ⌈(𝐶𝑜 +
𝐾
∑

𝑖=𝐴
𝑆𝑖)⌉ (3)

where:

𝑆𝑖 = property’s score value in Table A.2
 Co = valid property combinational score value in Table A.3 of
 Appendix A.2
The algorithm includes the components explained so far to create 

a final Consumption Score (𝐶𝑆). The 𝐶𝑆 is given by Eq. (4), which 
produces an estimated percentage of a profile’s hardware consumption, 
including the effect of its behavioural traits. 
𝐶𝑆 = (𝐻𝐶𝑆 ⋅𝐻𝐶𝑆𝑤 + 𝑆𝐶𝑆 ⋅ 𝑆𝐶𝑆𝑤) ⋅ 100 + 𝐵𝐶𝑆 (4)

where:

 HCSw =  a weight value 0 ≤ 𝐻𝐶𝑆𝑤 + 𝑆𝐶𝑆𝑤 ≤ 1
 SCSw =  a weight value 0 ≤ 𝐻𝐶𝑆𝑤 + 𝑆𝐶𝑆𝑤 ≤ 1
The pseudo-code of the algorithm for a single profile is available in 

Algorithm 1. Once the three core components (𝐻𝐶𝑆, 𝑆𝐶𝑆, and 𝐵𝐶𝑆) 
are obtained from the variables in the profile, the 𝐶𝑆 is obtained. The 
last step is to categorize (label) the estimated total percentage of hard-
ware consumption. The categorization consists of labels from A to G, 
where A represents the lower hardware resource usage and G is the 
highest, similar to the EU’s energy label, using that similarity to our ad-
vantage as people already react positively to this categorization scheme. 
With respect to the almost equidistant ranges that make each label eligi-
ble, we are convinced that at the current stage they suffice for providing 
some guidance but we do not consider these ranges to be permanently 
applicable. In the same fashion in which the EU’s energy label has been 
rebalanced multiple times to close holes in their algorithms, with suf-
ficient data a better distribution of the values for each threshold that 
make a label applicable could be considered. A comparison of results 

among our linear, Pareto, and Gaussean scales is later included in the 
experimental evaluation section of this paper. 

Algorithm 1 Obtaining a consumption score and a label.
Require: 𝐵𝐵𝐶𝑃 , a profile containing all the values required to generate 

the 𝐶𝑆
1: 𝑃𝐶𝑆 ← the consumption score of the profile
2: 𝑃𝐶𝑆 = 𝑅𝑎𝑡𝑒𝑃 𝑟𝑜𝑓𝑖𝑙𝑒(𝐵𝐵𝐶𝑃 )
3: procedure RateProfile(𝐵𝐵𝐶𝑃 )
4:  HCS, SCS, BCS ← values from the respective profile
5:  Consumption Score ← (𝐻𝐶𝑆 ⋅𝐻𝐶𝑆𝑤 + 𝑆𝐶𝑆 ⋅ 𝑆𝐶𝑆𝑤) ⋅ 100 +

𝐵𝐶𝑆
6:  if Consumption Score ≤ 20% then
7:  label← “Category A”
8:  else if 20% > Consumption Score ≤ 30% then
9:  label← “Category B”
10:  else if 30% > Consumption Score ≤ 40% then
11:  label ← “Category C”
12:  else if 40% > Consumption Score ≤ 50% then
13:  label ← “Category D”
14:  else if 50% > Consumption Score ≤ 60% then
15:  label ← “Category E”
16:  else if 60% > Consumption Score ≤ 70% then
17:  label ← “Category F”
18:  else if 70% > Consumption Score then
19:  label ← “Category G”
20:  end if
21:  return Consumption Score, label
22: end procedure

As the BBCP allows software designers to describe multiple opera-
tions per profile, we created a variation of the algorithm that obtains 
the 𝐶𝑆 of each operation. Furthermore, a 𝐶𝑆 for each operation al-
lows us to label the intensity of the hardware consumption and the be-
havioural characteristics of profiles. For instance, an elevated amount 
of “A” rated operations running simultaneously could severely impact 
energy consumption (a higher intensity), similarly to a G labeled oper-
ation. To label intensity, the algorithm performs a step-by-step analysis 
of the state of each operation, its prerequisites, and its results; all as de-
fined by the BBCP. The evolution of the activity per step is rated with 
the average 𝐶𝑆 for all the active operations in each step, which is later 
labeled. In Fig. 1, a visual representation of a step diagram consisting 
of 4 operations and 3 steps can be observed. In the diagram the activ-
ity or lack of activity per operation is shown as “on” and “off” states 
respectively.

The variation of Algorithm 1 that supports step rating is available 
in Algorithm 2. This is of vital importance, as software architecture 
requires that the designers understand when each operation will take 
place. Such necessity is an opportunity to provide software designers 
with an estimation of the parallel execution of their architectures, iden-
tifying the most resource-consuming sequences and points in time. As 
the 𝑆𝑡𝑒𝑝𝑅𝑎𝑡𝑖𝑛𝑔 consists of the average hardware consumption of the 
operations at a given step, the rating can become unreliable in scenar-
ios where the difference between the consumption of operations is too 
great. To address the issue, we decided to give steps where the aforemen-
tioned scenario is present the rating of its more demanding operation; 
this is performed by 𝑊 𝑒𝑖𝑔ℎ𝑡𝑆𝑡𝑒𝑝𝑆𝑐𝑜𝑟𝑒() in Algorithm 2.

The specific steps followed by 𝑊 𝑒𝑖𝑔ℎ𝑡𝑆𝑡𝑒𝑝𝑆𝑐𝑜𝑟𝑒() are the following:
(i) We obtain the Step Variance (variance) among the consumption 

scores (𝑂𝑐𝑠) of the operations in a given step using its array of opera-
tions’ consumption scores: 

𝑆𝑡𝑒𝑝𝑉 𝑎𝑟𝑖𝑎𝑛𝑐𝑒 =
∑𝑅𝑙

𝑘=1(𝑂𝑐𝑠[𝑘] − 𝑆𝑐𝑠)2

𝑅𝑙
(5)
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Fig. 1. An example of a step diagram created with PlantUML using the results of the algorithm.

Algorithm 2 Obtaining a consumption score and a label for a profile 
step using RADIANCE+.
Require: 𝐵𝐵𝐶𝑃 , a populated BBCP with all the values necessary for 

generating a 𝐶𝑆
Require: 𝑂𝑠, the state of every operation for a given step
1: 𝑆𝑡𝑒𝑝𝑅𝑎𝑡𝑖𝑛𝑔 = 𝑅𝑎𝑡𝑒𝑆𝑡𝑒𝑝(𝑅𝑎𝑡𝑒𝑂𝑝𝑒𝑟𝑎𝑡𝑖𝑜𝑛𝑠𝐼𝑛𝑆𝑡𝑒𝑝(𝐵𝐵𝐶𝑃 , 𝑂𝑠))
2: 𝑆𝑡𝑒𝑝𝑆𝑐𝑜𝑟𝑒 = 𝑆𝑐𝑜𝑟𝑒𝑆𝑡𝑒𝑝(𝑆𝑡𝑒𝑝𝑅𝑎𝑡𝑖𝑛𝑔)
3: procedure RateOperationsInStep(𝐵𝐵𝐶𝑃 , 𝑂𝑠)
4:  𝑂 ← all the operations in the 𝐵𝐵𝐶𝑃
5:  𝐴𝑜𝑐𝑠 ← an array with the 𝐶𝑆 of each operation
6:  for each 𝑜 ∈ 𝑂
7:  if 𝑂𝑠[𝑜] is On then
8:  We obtain:
9:  HCS, SCS, BCS ← of operation [𝑜]
10:  Ocs← the 𝐶𝑆 of operation [𝑜]
11:  We push the tuple (𝑂𝑐𝑠,[𝑜]) into 𝐴𝑜𝑐𝑠
12:  end if
13:  end for
14:  return 𝐴𝑜𝑐𝑠
15: end procedure
16:
17: procedure RateStep(𝐴𝑜𝑐𝑠)
18:  𝑅𝑙 ← length of the array 𝐴𝑜𝑐𝑠

19:  𝑆𝑡𝑒𝑝𝐶𝑜𝑛𝑠𝑢𝑚𝑝𝑡𝑖𝑜𝑛 = (
∑𝑅𝑙

𝑘=1 𝐴𝑜𝑐𝑠[𝑘][𝑂𝑐𝑠])
𝑅𝑙

20:  𝑊 𝑒𝑖𝑔ℎ𝑡𝑒𝑑𝑆𝑡𝑒𝑝𝑅𝑎𝑡𝑖𝑛𝑔 = 𝑊 𝑒𝑖𝑔ℎ𝑡𝑆𝑡𝑒𝑝𝑆𝑐𝑜𝑟𝑒(𝑆𝑡𝑒𝑝𝐶𝑜𝑛𝑠𝑢𝑚𝑝𝑡𝑖𝑜𝑛, 𝐴𝑜𝑐𝑠)
21:  return 𝑊 𝑒𝑖𝑔ℎ𝑡𝑒𝑑𝑆𝑡𝑒𝑝𝑅𝑎𝑡𝑖𝑛𝑔
22: end procedure
23:
24: procedure ScoreStep(StepRating)
25:  𝑙𝑎𝑏𝑒𝑙 ← obtained with the criteria of Algorithm 1
26:  return 𝑙𝑎𝑏𝑒𝑙
27: end procedure

where:

𝑅𝑙 = the number of operations in the step
𝑂𝑐𝑠 = the operations’ consumption score
𝑆𝑐𝑠 = the mean consumption score of the step
(ii) We obtain the standard deviation of the variance, 𝑆𝑡𝑒𝑝𝐷𝑒𝑣𝑖𝑎𝑡𝑖𝑜𝑛

(𝑆𝐷) using the 𝑆𝑡𝑒𝑝𝑉 𝑎𝑟𝑖𝑎𝑛𝑐𝑒 (𝑆𝑉 ), of the previous step: 

𝑆𝑡𝑒𝑝𝐷𝑒𝑣𝑖𝑎𝑡𝑖𝑜𝑛 =
√

𝑆𝑉 (6)

(iii) We decide the final 𝑆𝑡𝑒𝑝𝑅𝑎𝑡𝑖𝑛𝑔 based on the 𝑆𝐷: 

𝑆𝑡𝑒𝑝𝑅𝑎𝑡𝑖𝑛𝑔 =

{

highest score in 𝐴𝑜𝑐𝑠, if 𝑆𝐷 ≥ 𝑆𝑅𝑡

average 𝑂𝑐𝑠 for the step, if 𝑆𝐷 < 𝑆𝑅𝑡
(7)

where:

 SRt =  a deliberate threshold amount
After obtaining a weighted Step Score through the steps above, the 

step is assigned a label, and the step rating and categorization proce-
dure is finished. In the following section, we present a series of exper-
iments where we profile and rate (Discord, 2024), a voice, chat, and 
video call platform, under diverse circumstances, to observe how the 
current weight system’s values and each component of the algorithms 
categorize it. In addition, we also compare the label generated with our 
algorithm when profiling a 3D rendering process on two different ma-
chines.

5.  Experimental evaluation

The experimental evaluation of the expert algorithm consisted of 2 
different sets of experiments: a set of test cases using a voice/text/chat 
communication app and a test case running a 3D modeling app. There 
were 3 main objectives to our experiments: (1) test the expert labelling 
algorithm with preexisting software by obtaining hardware consump-
tion metrics under diverse circumstances; (2) test if the properties of 
software behaviour proposed with the BBCP appropriately affect the la-
bel, and aid the user to infer the behaviour of an existing software; and 
(3) determine if transferring the consumption of resources demanded by 
software in one device produced a different label in other hypothetical 
machines, and was meaningful. The premise of these experiments is that 
labelling a similar application to the application that software designers 
and developers wish to create, using our algorithm, will tell them:

• Which features of the application could consume power the most.
• What behaviours of the application can increase power consumption.
• How could the features of their application be labelled and how 
much do each of them matter.

• How different combinations of software behaviours can affect power 
consumption.

• How efficient their designs could be when executed on hardware 
platforms with varying configurations.

5.1.  Specific tools and methods

Democratizing the adoption of software design labelling methods as 
our goal implies that the methods of collecting sample data should re-
main easy to replicate. Due to the scope of our work, precision was not 
of the outmost importance to us, but obtaining a baseline with a simple 
method of data recollection remained necessary to generate a frame of 
comparison that we could use to test our proposal. Specifically, the tools 
and methods used during the collection of data for each test case and 
their variation are as follows:
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Table 7 
Experimental test cases’ samples.
 Tag  Sample Name  Execution Place  Noise Suppression  Noise Level (dB)  Network Connection  Frame Rate  Image Resolution
 TC1S1  Idle Sample 1  Foreground  N/A  N/A  N/A  N/A  N/A
 TC1S2  Idle Sample 2  Background  N/A  N/A  N/A  N/A  N/A
 TC2S1  Voice Call Sample 1  Foreground  Off  60  N/A  N/A  N/A
 TC2S2  Voice Call Sample 2  Foreground  On  60  N/A  N/A  N/A
 TC2S3  Voice Call Sample 1  Background  Off  60  N/A  N/A  N/A
 TC2S4  Voice Call Sample 2  Background  On  60  N/A  N/A  N/A
 TC3S1  Video Call Sample 1  Background  Off  60  WAN  N/A  N/A
 TC3S2  Video Call Sample 2  Background  On  60  WAN  N/A  N/A
 TC3S3  Video Call Sample 1  Foreground  Off  60  WAN  N/A  N/A
 TC3S4  Video Call Sample 2  Foreground  On  60  WAN  N/A  N/A
 TC4S1  Live Stream Sample 1  Background  N/A  N/A  LAN  30  720p
 TC4S2  Live Stream Sample 2  Background  N/A  N/A  LAN  60  1080p
 TC4S3  Live Stream Sample 3  Background  N/A  N/A  WAN  30  720p
 TC4S4  Live Stream Sample 4  Background  N/A  N/A  WAN  60  1080p

• Power consumption recording: a smart power meter was employed 
during each sample to record the average system-wide power con-
sumption of each laptop. More precisely, we used a Xiaomi Smart 
Plug 2. We chose this smart meter because it is available in multi-
ple regions of the world, has and affordable price, and is consumer 
friendly, reducing the need of specialized hardware, which is fre-
quently identified as a hurdle in the adoption of green software meth-
ods (Hindle, 2016). Besides, the laptops employed during the experi-
ments ran solely on A/C power to enhance the precision of our power 
consumption readings.

• Hardware recording: the laptops employed during the test cases ran 
Windows 11 build 23H2, and PerfMon was used to record hardware 
consumption with a sampling rate of one sample every 15 s ( 4

60𝐻𝑧).
– The network consumption employed in each profile per variation 
of each test case is the average of the sum of the transmission and 
the reception rates in Mbits.

• Repeatability and precision: 15 samples of each test-case variation 
were recorded to ensure repeatability and enhance the precision of 
our reading. Data were statistically processed to remove outliers us-
ing a Z score method. The test cases which involved user input were 
performed using a lightweight macro-recording software called Tiny-
Task, ensuring repeatability of the input commands and a minimum 
overhead.

Although these tools and methods used in our experimental evaluation 
are not extremely sophisticated, they serve our purpose and facilitate 
the replication of the experiments.

5.2.  Labelling an internet-based communication application

For the first set of experiments, consisting of 4 test cases with mul-
tiple variations, we selected Discord (2024) (a popular voice, chat, and 
video call application) as the test application. The purpose of the four 
tests was to observe the labels generated with our algorithm in rela-
tion to the consumption generated by each feature of Discord. The start-
ing parameters and variations for each test case sample are available in
Table 7. Discord was selected due to its popularity in the age groups 18 
to 34 (Ceci, 2023), which are heavily engaged in video game playing; a 
relatively energy-expensive activity when compared to other computer-
based activities (Mills et al., 2019). The test cases defined are suitable 
for our purposes, as we want to illustrate how our approach can be used 
to easily help developers to estimate software consumption from the de-
sign phase. Whereas other possible test cases could be defined, and more 
demanding experimental procedures could be used, it should be noted 
that we do not focus on hardware assessment.

The first test case (TC1), idle consumption, involved recording the 
baseline hardware consumption of Discord in a source machine running 
Windows 11, using perfmonitor and a sampling rate of 15 s, without any 
interference or usage other than Discord’s home screen. Two samples 

Table 8 
Specifications of the portable computer 
(source machine) used for most of the 
experiments (Lenovo Legion Go).
    Component  Specification  
  CPU  3.3GHz AMD Z1 Extreme 
  TDP  15W (manually set)  
  Storage  516 GB  
  RAM  16 GB  
  Network  2400Mbps  

of this test case were created with Discord executed in the foreground 
(TC1S1 in Table 7) and then in the background (TC1S2 in Table 7), to 
observe if a difference in consumption existed, as the algorithm does 
differentiate between foreground and background usage. The hardware 
specifications of the source machine used in all test cases are available 
in Table 8, the complete experimental setup for each sample and their 
results are publicly available as supplementary material (Larracoechea 
et al., 2025). The steps for carrying out the first test case consisted of 
the following:
1. Discord was executed and left on its home screen first in the fore-
ground (TC1S1) and then in the background (TC1S2).

2. Windows 11 hardware resource monitor (perfmon) was left record-
ing Discord’s hardware usage in the source machine for 5min.

3. The hardware resource consumption reported by the monitor during 
the test, and the behavioural traits of the application were used to 
characterize an operation in a BBCP profile.
The second test case, voice call (TC2), involved recording the hard-

ware consumption of Discord during a 10min voice call between 2 par-
ticipants connected through different networks. Only the metrics of our 
source machine were recorded. Two samples of this test case were per-
formed: one with Discord running in the background and another with 
Discord in the foreground. Additionally, both samples were executed 
with noise suppression either on or off (TC2S1 to TC2S4). The purpose 
of sampling the differences in noise suppression “on” and “off” was to 
observe if it had an impact on the hardware consumption. The com-
plete experimental setup for each sample and their results are available 
as well in the supplementary material  (Larracoechea et al., 2025). The 
steps for each sample of the test case were as follows:
1. Discord was executed and left in a voice call in either the foreground 
(TC2S1 and TC2S2) or the background (TC2S3 and TC2S4) and ei-
ther noise suppression off (TC2S1 and TC2S3) or on (TC2S2 and 
TC2S4) depending on the test case sample.

2. The hardware resource monitor was left recording Discord’s hard-
ware usage for 10min.

3. A vacuum cleaner with an approximate sound level of 60dB was left 
running in the background during the test while a text script was read 
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Table 9 
Minimum system requirements for 
executing Dusk.
    Component  Specification  
  Processor  2.4GHz  
  RAM  2 GB  
  Storage  2 GB  
  Network  0Mbps (offline) 

aloud by a person. The vacuum cleaner served as a noise baseline to 
test noise suppression.

4. The hardware resource consumption reported by the monitor during 
the test was used to characterize an operation in a BBCP.
The third test case, video call (TC3), involved recording the hard-

ware consumption of Discord throughout a 10min video call between 2 
participants in separate networks, where only the source machine’s con-
sumption was recorded. Similar patterns with slight variations (TC3S1 
and TC3S2) as the previous test case were conducted using similar steps. 
The only difference was the use of a 1080p external camera for the video 
call, capturing our research member reading a script.

The fourth and final test case, video game live stream, (TC4S1 through 
TC4S4) involved recording the hardware consumption of Discord for a 
10min video game stream between 2 participants, recording the con-
sumption of the source machine only, while also executing the game be-
ing streamed. The game chosen for this test is “Dusk” a 3D shooter game. 
Dusk was chosen due to its low system requirements and its availability. 
Dusk’s system requirements for Windows are available in Table 9.

There are 4 samples of this test case (TC4S1 to TC4S4), each con-
sidering different live stream image resolutions and frame rates, with 
comparisons between 2 machines on a LAN (Local-Area Network) and 
two machines on different networks. The steps followed for each varia-
tion of this test case are as follows:
1. Discord was executed and left in a video call with the second ma-
chine, both connected to the same LAN (TC4S1 and TC4S2) or sepa-
rate networks (TC4S3 and TC4S4) depending on the test variation.

2. Dusk was started and Discord was switched to live game streaming 
mode, with either 720p at 30 FPS (TC4S1 and TC4S3) or a 1080p 
resolution and 60 FPS (TC4S2 and TC4S4). The integrated webcam 
of the source machine was turned off.

3. A member of our research team played the same level of Dusk for 
5min while the hardware resource monitor recorded Discord’s con-
sumption in the source machine.

4. The hardware resource consumption recorded by the monitor was 
used to characterize an operation in a BBCP profile.
It should be noted that the properties Operation Depth, Operation Task 

Distribution, and Operation Data Handling override the values of Depth, 
Data Handling, and Task Distribution, as the feature sampled can change 
the way the application is perceived. Furthermore, disparities among 
samples reflect their intrinsic differences e.g.: video call samples’ screen 
brightness is used in the foreground (TC3S1 and TC3S2) but not in the 
background (TC3S3 and TC3S4).

Taking TC4S1 (720p 30fps LAN live stream) as an example, the logic 
followed to characterize each BBCP profile for the test cases was similar 
to the following:
1. Task Distribution: Centralized, as the hardware consumption and 
monitoring occurs in the same machine.

2. Computational criticality: High, as the live stream is meant to be 
“live”; as close to “real time” as possible.

3. Computational complexity: Set to High, as we expect the constant 
video feed collection, compression and network casting to be a taxing 
operation.

4. Distribution strategy: No, as there is no need for it (equivalent to 
off, as the task distribution is set to centralized).

5. Consumption rate: Indefinite, as normally a live stream’s duration 
depends entirely on user’s discretion.

6. Data flow behaviour: Regular, as we have a clearly defined expec-
tation of the rate at which data will be shown (30 fps); live video 
interruption is considered a detriment to the user.

7. Data flow direction: Bi-directional as the source machine was also 
receiving data from the “spectating” machine (audio feed).

8. Data handling: Destroy, as the live stream was not meant to be 
stored for further reproduction.

9. Access Frequency: Irregular, as the live stream occurs at the user’s 
discretion.

10. Depth: Background as the user sees and interacts with Dusk, not with 
Discord.

11. Dependence: Dependent as it relies on Dusk to gather the data for 
the feed.

12. Operation data handling: Destroy as there are no differences be-
tween the operation and the profile it exists in.

13. Operation task distribution: Centralized for the same reasons as 
data handling.

14. Operation depth: Background for the same reason as the profile’s 
depth value.

15. CPU usage: Obtained from the resource monitor as an average per-
centage of CPU consumption in the last 60 s of execution. Re-scaled 
to actual consumption in GHz.

16. RAM usage: Obtained from the resource monitor as a total working 
consumption in KB, re-scaled to GB; RAM consumption without the 
total RAM allocation.

17. Storage usage: Obtained from the resource monitor as a total in KB, 
re-scaled to GB.

18. Network usage: The average total bytes sent and received per sec-
ond reported by the resource monitor.

19. Camera: Off, as it is not used during the sample.
20. Screen brightness: Set to off as Dusk was in the foreground.
21. GPS: Off as it is not required.
22. Bluetooth: Off as it was not required.
23. NIC (WIFI): On to perform the transmission of the live stream.
24. Programming language: JavaScript as Discord’s front end is mostly 

programmed in TypeScript through React (Discord Blog, 2023).

As it can be seen, such a procedure can be used to infer the value 
for each property during the design phase of a software application by 
taking inspiration from existing applications of a similar type.

5.2.1.  Results
We obtained a sample for each of the test cases by creating a test 

case profile using the BBCP and filling it with operations indicative of 
the setup for each test case sample; the details are available in  Lar-
racoechea et al. (2025). Later, Algorithm 1 was implemented in RADI-
ANCE+. Finally, we created a profile that held the hardware specifi-
cations of the source and guest machines (Tables 8 and 12). As previ-
ously mentioned, the setup and results for each sample are available 
in Larracoechea et al. (2025) and system-wide power consumption for 
every sample was recorded with a smart meter to determine the power 
consumption of our source machine (see  Table 11). We modified the 
algorithm to repeat each sample with each laptop specification that we 
made available for it; this means that, once we captured the resource 
consumption of Discord and Dusk in the source machine, the same data 
were reutilized to test the resilience of the algorithm and its utility in 
comparative hypothetical hardware. We also increased our subject size 
from the source machine to 12 laptop specifications: the source ma-
chine operating at 3 different TDP settings, and the specifications of 
some models among the most sold laptops in the 4th quartile of 2024 
(Laptop Media, 2025).

The results of the complete procedure produced relevant labels 
and insights into how our algorithm pondered every characteristic and 
variable, giving us the opportunity to include a 3D scatter plot in
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Fig. 2. Scatter plot of all the results of all samples in TC3 for all laptops.

Fig. 3. Scatter plot for the simultaneous sampling (same step) of Dusk and 
TC4S4.

RADIANCE+ to expose how the results of each sample per laptop spread 
out according to their HCS, SCS, and BCS. A sample of such scatter plots 
belonging to TC3 is available in Fig. 2.

Algorithm 2 was also implemented in RADIANCE+ to categorize the 
simultaneous execution of TC4S4 and Dusk and obtain the score of a step 
with a step rating threshold (𝑆𝑅𝑡) of 15. We chose 𝑆𝑅𝑡 = 15 so that a 
deviation among operations’ scores (𝑆𝐷) of 10 points (a threshold of 
10) would automatically scale up the step’s score to the heaviest (high-
est 𝑂𝑐𝑠) operation in it. We decided on a value of 15 as a round-up if the 
deviation among operations’ scores was close to shifting into a higher 
label. The resulting scatter plot for the results for this algorithm is avail-
able in Fig. 3. Regarding the results, most of the laptops inherited a label 
comparative to the 𝑂𝑐𝑠 of Dusk. This was due to the sheer difference in 
magnitude between the 𝑂𝑐𝑠 of both operations in the same step, which 
is evidenced by the observed distance in Fig. 3.

Additionally, we used the data in Table 10 and found that a positive 
correlation exists between the Gross CPU efficiency 𝑇𝐷𝑃

𝐶𝑎  of the CPU in 
a hardware host and the Step 𝑂𝑐𝑠 as we intended, with 𝑟(13) = 0.96, 𝑝 <
.05, hence why almost all the laptops involved (84.6% of them) were la-
beled G, and the remaining laptops with a D. The complete sample setup, 
hardware specifications, results and labellings for every sample in TC1 
through TC4 are available in Larracoechea et al. (2025). To conclude, 
we experimented with the thresholds that label the CS of each sam-
ple with two additional distributions: Pareto and a Gaussian bell curve. 
This change in the distribution of the values assigned to the thresholds 
changed the rigor of the categorization, as can be seen in Fig. 4.

Fig. 4. Recategorization of the results obtained from TC4S4 with a rebalancing 
of the thresholds using Pareto and a Gaussian bell curve.

Table 10 
Data summary for laptops.
 Laptop Model  CPU efficiency  Step OCS  Label
 HP 14 (HP 14-ep1001ns)  25  179.854  G
 Apple MacBook Air 13 (2022)  6.198  99.101  G
 Apple MacBook Air 15 (2024)  7.273  105.840  G
 Acer Aspire 3 (A315-24P)  5.357  92.502  G
 Lenovo V15 G2 IJL  5.455  93.183  G
 Lenovo IdeaPad Slim 3 Chromebook  7.143  105.05  G
 HP 15-7H3D6UA  5.357  92.49  G
 HP 17-cn0000  5.957  96.60  G
 HP 15-fd0166ns  1.765  61.32 F
 Lenovo Legion Go (5W)  1.515  57.25 E
 Lenovo Legion Go (15W)  4.545  86.56  G
 Lenovo Legion Go (30W)  9.091  115.29  G
 Alienware 13 R3 2013  16.071  147.19  G

Table 11 
Recorded system-wide power consumption during each test case executed in 
the source machine @ 15W of TDP unless contradicted and a sample of the 
recorded power usage in the guest machine, all using a smart meter.
 Test Case  Average power recorded (W)  CS obtained
 TC1S1  17  13.57
 TC1S2  17  14.428
 TC2S1  15  18.310
 TC2S2  15  19.196
 TC2S3  15  23.301
 TC2S4  15  23.071
 TC3S1  19  57.32
 TC3S2  19  59.020
 TC3S3  16  49.234
 TC3S4  17  50.191
 TC4S1  17  39.708
 TC4S2  17  39.017
 TC4S3  17  39.150
 TC4S4  17  39.686
 Blender - Lenovo 5W (source)  16  19.224
 Blender - Lenovo 15W (source)  35  78.058
 Blender - Lenovo 30W (source)  52  126.092
 Blender - Alienware 45W (guest)  68  172.654

5.3.  Labelling a 3D modelling and rendering application

In addition to Discord, we also performed an experiment to cate-
gorize the hardware consumption of Blender  (Foundation, 2024), an 
open-source 3D creation suite, while rendering a scene and generating 
a still image from a 3D scene. We selected Blender due to its open-source 
nature and repository of free test scenes. These previous and last exper-
iments were created to demonstrate: (1) the categorization of a more 
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Fig. 5. Scatter plot of the results of each laptop sampled in the Blender test 
case.

Table 12 
Specifications of the portable computer 
(guest machine) used for the rendering ex-
periment with Blender.
    Component  Specification  
  CPU  2.8GHz (I7 7700HQ) 
  TDP  45W (OEM setting)  
  Storage  500 GB  
  RAM  32 GB  
  Network  867Mbps  

computationally expensive software operation and (2) the contrast in 
labels generated using two different hardware platforms. Table 7 sum-
marizes the circumstances of the experiment surrounding each sample.

The same Algorithm 1 was used to sample each test case, with slight 
variations depending on the sample’s demands. The test case consisted 
of the following:

1. The source machine was left rendering a control scene as-is (avail-
able in: https://www.blender.org/download/demo/bundles/bu
ndles-3.0/asset-demo-bundle-3.0-cube-diorama.zip/), with no 
parameter modifications to the render settings.

2. The resource manager recorded the process from the beginning to 
the end of the render.

3. We created a BBCP and characterized it in a similar fashion to the 
previous samples to obtain a final label.

4. We repeated the steps with another machine we call the “guest ma-
chine”, whose hardware specifications can be found in Table 12. 
Three samples were recorded with the test machine at a TDP of 5W, 
15W, and 30W respectively.

We hypothesized, for the last experiment, that the energy label 
would be close to the worst, a G, as the rendering process employs “ray 
tracing”: a technique where a collection of vectors representing a “ray of 
light” are scattered from a pre-defined source point in the 3d scene. The 
consequential bounces of the rays that go back into the source are taken 
as input for generating reflections (such as a reflection of a mirror) and 
shadows. This rendering technique is popular due to the quality of its 
results. Furthermore, it is the main feature in many contemporary video 
games which use this technology to create impressive surroundings for 
the players to play in.

5.3.1.  Results
The data of the results for each of the samples in this test case can be 

found in Section 1.6 of the supplementary material (Larracoechea et al., 
2025). They depict a similar scenario to Dusk without additional soft-
ware labeled simultaneously (a step rating). The similarities are evident 
by the spread data points per laptop in the scatter plot of Fig. 5, which 
we attribute to a positive correlation in efficiency to 𝑂𝑐𝑠.

5.4.  Discussion

As justified by the results, and the significant amount of additional 
data we present in our supplementary online material (Larracoechea 
et al., 2025), it is manageable and informative to consider the peculiar-
ities of a software product being executed in multiple tentative hard-
ware hosts from a black box perspective and extrapolate the results from 
a single recorded sample (the guest machine) to generate labels that 
represent both the peculiarities of software and the appropriateness of 
a hardware host for execution. While the positive correlation between 
the CPU’s gross power efficiency ratio may initially appear modest, we 
believe it provides meaningful support for our proposal. It highlights 
a valuable mechanism for promoting efficiency and greener software 
practices by punishing raw processing power or capacity. Moreover, we 
believe that delving deeper into the peculiarities of hardware would 
misguide our objective of labelling software (Comission, 2024b). While 
our study could be extended with even more experiments, the consider-
ation of more variables, and fine-tuning of the weights for each compo-
nent in our proposal, the results obtained and the recorded system-wide 
power consumption data available in Table 11 are already correlated by 
𝑟(18) = 0.937, 𝑝 < .05 , and so they can be considered reliable.

However, we noticed that there are several research directions that 
could be approached. Firstly, as the hardware resource usage metrics 
are an average generated per second by the performance monitor, a 
study on the intensity of software usage (how long software is used over 
time) could be done to re-adjust or re-purpose the algorithm to consider 
the intensity of the usage, considering more than a single instance of 
a profile. We are currently exploring this direction, as the experiment 
with Blender demonstrated that, even though the proportional usage 
of the CPU for both machines remained more or less the same (around 
94% with the TDP set to 15W in the source machine), the disparity 
between the amount of time it took to render the scene in each ma-
chine is an important metric that matters to long-term consumption of
resources.

Secondly, as the hardware resource usage we measured produced a 
low ratio of consumption to availability, more tests could be performed 
under flexible hardware availability to catalog software under restrictive 
hardware circumstances. Especially when software depends on others, 
such as how Discord depends on a game to perform live game streaming. 
This could be done by prioritizing the operations in the profiles with 
the highest computational criticality over other profiles, reducing the 
hardware resources available for the subsequent parallel execution of 
profiles.

Thirdly, the weights’ values we assigned to the 𝐶𝑆 (0.7 for the 
𝐻𝐶𝑆 and 0.3 for the 𝑆𝐶𝑆) were selected before testing, with the initial 
hypothesis that the change in hardware consumption would be dras-
tic among Discord’s features. This proved to be true, and we found a 
positive relation, which is why we maintained these values. A deeper 
sensitivity analysis could be performed to better understand and assign 
weights that better reflect the intent of the software against its instant 
consumption, to produce a label based on projections, for example, an 
indefinite consumption rate could increase the weight of 𝐻𝐶𝑆 (𝐻𝐶𝑆𝑤).

We must also highlight that the best hypothetical hardware host for 
every experiment was the Lenovo Legion Go @ 5W of TDP (as seen 
in Tables 5, 9, 13, 17, and 21 of the supplementary material (Larra-
coechea et al., 2025)). This came partially as a surprise to us because 
we expected it to under-perform with such a harsh limit applied. The 
maximum clock speed we observed during the Blender sample @ 5W of 
TDP for instance was 0.55GHz, from which it only consumed an average 
of 0.13% during the experiment. This sparked in us enthusiasm for de-
vices that let knowledgeable users tailor the performance to their needs 
against conforming to software demands. This could lead our readers to 
conclude that our results are skewed by the manual setup of our source 
machine, but we would like to remind them that the tests were con-
ducted with the device set at 15W of TDP and that the consumption of 
resources recorded with it were used as the consumption baseline and, 
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therefore, the baseline for cross comparison with other laptops. We are 
eager to see more manufacturers adopt features that cede the control 
over energy-hungry hardware components to the user in such a simple
manner.

Finally, we recognize the relevance of incorporating insights from 
related fields such as energy analytics in cloud computing, process 
scheduling, and energy-aware AI design. While our current work focuses 
on hypothetical consumer hardware environments from a design-stage 
labelling perspective, we believe that the core ideas, particularly the 
black-box profiling approach and consumption-based software catego-
rization, could be extended to cloud environments, where virtualization 
and dynamic scheduling decisions significantly impact energy consump-
tion. Similarly, integrating our methodology with process scheduling 
strategies or AI systems that optimize for energy efficiency could unlock 
promising avenues for future research. We believe that the advanced 
features of the BBCP  (Larracoechea et al., 2024a), including its support 
for time-restricted and shifting stochastic behaviours, already provide a 
solid foundation for exploring such avenues. This opens the door for us 
and for others who wish to adapt our approach to extend the proposal 
toward domains such as cloud energy analytics, process scheduling, and 
energy-aware AI design.

6.  Conclusions and future work

In this paper, we presented our expert algorithm for categorizing the 
hardware consumption, behavioural characteristics, and sensor usage of 
prospective (and existing) software applications and their features. In 
addition, we proposed a variant of the first algorithm that categorizes 
the intensity of the hardware consumption and behaviour that prospec-
tive software could exhibit. The novelty of our proposal, compared to 
existing approaches—such as measuring software power consumption 
through direct interaction with CPU-level APIs, power meters, or spe-
cialized testbeds—lies in the ability to generate a label at the design 
stage of the SDLC, before any software exists, without relying on manda-
tory tools or intricate processes, and tightly integrated with a DSL and 
our custom CASE tool, RADIANCE+. This tool offers a flexible frame-
work that can be configured and updated according to the preferences 
of the user and emerging recommendations in this area. Our experi-
mental tests of the algorithm and its variant show that the labels can 
be obtained by inferring the behaviour of a similar software and testing 
its consumption of hardware resources or obtaining test data from its 
hardware requirements, and cross-examine alternative hardware hosts 
to find the most applicable hardware hosts from an efficiency point 
of view that uses readily-available hardware specification metrics. We 
also found a positive correlation between the recorded system-wide con-
sumption and final scores of the samples that we validated our proposal 
with. Finally, we do not want to understate that this proposal forms 
part of cohesive approach for software design. The intricacy of the algo-
rithm proposed here and the data generated with it do not necessarily 
imply that the process to obtain it should be cumbersome. A guide for 
replicating the experiments in this paper with very simple steps is avail-
able in our supplementary material (Larracoechea et al., 2025), which 
includes the detail data of our experiments. Besides, a website that con-
tains additional information and other resources related to our proposal 
of EnergyScore is available (University of Zaragoza & Pau, 2025).

As future work, we will explore how the algorithm can be adapted 
to consider the evolution of prospective hardware workloads, shifts be-
tween software behaviour and software features, and the change in us-
age patterns over time. In addition, we will explore how scheduling 
algorithms that take into account the labels produced with our pro-
posal could produce “greener” software deployments. Finally, we will 
consolidate our proposal for a green software design method that fos-
ters energy saving starting from, but not limited to, the design stage of
software.
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Appendix A.  Properties of the BBCP employed

Table A.1 presents the high-level properties considered by the al-
gorithm when analyzing software behaviour and energy consumption 
(in the table, “Com. Cent.” is a shorthand for “Computation Centric”, 
“Dat. Cent.” for “Data Centric”, “Con. Cent.” for “Conduct Centric”, 
and “Comput.” for “Computational”). These properties are categorized 
into three dimensions: computation-centric, data-centric, and conduct-
centric, each highlighting different aspects of software operation. From 
distribution strategies and computational criticality to data handling 
and usage patterns, the table outlines key qualitative and quantitative 
traits that help determine the possible energy-impact and potential op-
timization strategies. The combination of tags, definitions, and value 
ranges offers a structured overview to guide profiling and decision-
making.
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Table A.1 
High-level properties used by the algorithm.
Tag and property  Com. Cent.  Dat. Cent.  Con. Cent. Definition Possible values
A:
Task distribution ✓  5  5 This qualitative property defines if the computation 

that software performs has to be always executed 
in the same computational entity or it can be dis-
tributed among several others. It also helps us to 
understand where energy is going to be consumed.

Centralized, Distributed

B:
Distribution strategy ✓  5  5 This qualitative property defines if the user has a 

distribution strategy planned for distributed tasks.
Yes, No

C:
Comput. criticality ✓  5  5 This qualitative property is meant to define if the 

computational results are tied to a time constraint. 
Knowing there is a time constraint, requiring the 
computationally fastest and physically closest host.

Low, Medium, High

D:
Comput. complexity ✓  5  5 This qualitative and quantitative property estab-

lishes an amount of computation required to ac-
complish the goal of a software or software com-
ponent.

Low, Medium, High

E:
Data flow behaviour  5 ✓  5 This qualitative property refers to the consistency of 

the data flow where consumption of data can be, or 
not, interrupted. It helps us to identify if intermit-
tent energy management strategies can be applied.

Regular, Irregular

F:
Data flow direction  5 ✓  5 Complementary to the previous property, this qual-

itative property defines whether data flows from or 
to the software or from and to the software. It helps 
us to identify a relationship of energy consumption 
between software and its components, as well as 
other software units.

Unidirectional, Bidirec-
tional

G:
Data handling  5 ✓  5 This qualitative property establishes what is done 

to data after the software consumes it. This helps 
us to assess the storage consumption of software.

Keep, Destroy, Store and 
broadcast

H:
Access frequency  5  5 ✓ This qualitative property is meant to define how of-

ten the software is used. It helps us to understand 
the predictability of its usage.

Regular, Irregular

I:
Consumption rate  5  5 ✓ This qualitative property complements the previous 

one (access frequency). It defines if the usage of the 
software is well defined or undefined; it can also 
be understood as “how long” whereas access fre-
quency is “how often”.

Definite, Indefinite

J:
Depth  5  5 ✓ This property defines an execution level for the soft-

ware fragment you are profiling within the system 
the application is executed in. It also allows us to 
know if energy management strategies can be ap-
plied to the service without detriment to the user. 
In other words, this property allows us to determine 
if we can apply energy management strategies to 
the software you are currently profiling without af-
fecting the user.

Foreground, Background

K:
Dependence  5  5 ✓ This property establishes whether the software pro-

file is subject to any dependency relationship with 
other software or profiles.

Dependee (other entities 
depend on it), Depen-
dant, Independent

A.1.  BCS-equivalent values per BBCP property

Table A.2 details the reference values assigned to each possible 
value of the high-level properties identified earlier. These reference 
values, ranging from 0 to 1, represent the relative impact or rele-
vance of a property value in terms of energy consumption or man-

agement complexity. Higher values indicate a greater potential influ-
ence. The table also outlines any pre-requisites for a given value to 
apply and provides justifications based on empirical evidence or real-
world scenarios. This mapping enables the algorithm to translate qual-
itative characteristics into a quantifiable framework for energy-aware
profiling.
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Table A.2 
Property score value assigned to the possible value of each property.
 Tag and Property  Property value  Score (0–1) Pre-requisite Justification

 A0 Task distribution  Centralized  0.5 None We decided to leave the score value as a 0.5 because we are unaware if a 
strategy for producing green software will be employed or not.

 A1 Task distribution  Distributed  1 None We assigned a score value of 1 due to the complexity of managing a dis-
tributed architecture, as software units (such as microservices) are volatile in 
behaviour, availability, cost, and quality of service (Caporuscio et al., 2020). 
The aforementioned reasons could produce a computational management 
and energy consumption overhead of attempting to use such an architecture, 
especially without previous experience. Recently, Amazon cited some of the 
previous challenges as motivators for switching from a distributed microser-
vices architecture to a monolith application (Tech, 2024).

 B0 Distribution strategy  Yes  0 None The score value of this property was set to 0 as its purpose is to provide 
a combinational score; a score created from the combination of 1 or more 
values.

 B1 Distribution strategy  No  1 None We punish the lack of distribution strategy as it could harm the energy con-
sumption of hardware in multiple locations with no holistic vision of how it 
will be consumed.

 C0 Computational criticality  Low  0.3 None An elevated priority superposes a profile over others, with the possibility 
of it demanding more resources and, therefore, consuming more energy or 
impacting the possible quality of service of other software.

 C1 Comput. criticality  Medium  0.6 None

 C2 Comput. criticality  High  1 None

 D0 Comput. complexity  Low  0.3 None
The score value increases with the increase in the demand of computational 
resources. D1 Comput. complexity  Medium  0.6 None

 D2 Comput. complexity  High  1 None

 E0 Data flow behaviour  Regular  0.8 None As there is a constant exchange of data, fewer opportunities to apply energy-
saving strategies are present, furthermore, a constant data exchange means 
that there is a constant consumption of energy involved in transmitting and 
processing it. As we previously stated, the energy consumption of network 
hardware is one of the biggest power hogs, the score value is meant to reflect 
this.

 E1 Data flow behaviour  Irregular  0.4 None As the value of this property represents the opposite of the previous value, 
we reduced its score value without bringing it down to 0, as data exchange 
is still a relevant variable for categorizing consumption.

 F0 Data flow direction  Unidirectional  0.5 None We decided that the score value was appropriate as data is sent, not ex-
changed, creating a weak relationship of energy consumption among soft-
ware entities.

 F1 Data flow direction  Bidirectional  1 None In contradiction, to the property value above, this property value establishes 
a strong relationship of energy consumption to maintain the communication 
among software entities. Hence the score value. Cloud-based applications 
such as Google Meet or GeForce Now are good examples of this, as a con-
stant recollection of input from the user is sent to the cloud and a stream of 
data is constantly sent from the cloud to the user, creating a feedback loop.

 G0 Data handling  Keep  0.5 Task distribution is set to dis-
tributed

Keeping incoming data and generated data produces hardware consumption. 
The score value was chosen to reflect the increasing energy consumption of 
cloud storage (Pesce, 2021), as writing to a local storage device is far more 
efficient (Magazine, 2017) and the energy consumption of updated network 
transmission infrastructures, such as 5G is still unknown (Kamiya, 2021).

 G1 Data handling  Destroy  0 None Destroying data after its consumption prevents the usage of storage.
 G2 Data handling  Store and broadcast  0.5 Task distribution is set to dis-

tributed and distribution strategy 
is set to yes

Storing data to become a provider of it, coupled with a distribution strategy, 
can benefit the energy consumption by becoming the closest source of data to 
other devices. A good example of this is CDNs (Content-Delivery Networks). 
Broadly speaking, CDNs allow frequently accessed data to be replicated in 
geographically distributed servers responsible for delivering it to the closest 
users. Even though a similar strategy could be replicated using devices as 
data nodes, a lot of variables involved in keeping the data up to date could 
negatively or positively impact energy consumption (Bianco et al., 2017).

 H0 Access frequency  Regular  0 None A regular task frequency aids in predicting when strategies and deployments 
could be employed.

 H1 Access frequency  Irregular  0.5 None An unpredictable frequency means that software could be consumed at any 
point in time, making usage chaotic.

 I0 Consumption rate  Definite  0 None We can predict exactly for how long software will be used when it is solicited.
 I1 Consumption rate  Indefinite  0.1 None We cannot predict exactly for how long software will be used when solicited.
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Table A.2 
Continued.

 J0 Depth  Foreground  0.5 Task distribution must be set to 
centralized

The display is needed to use this software and it cannot be delegated.

 J1 Depth  Background  0 Task distribution can be either 
centralized or distributed

The display is not employed.

 K0 Dependence  Dependee  0.5 None Other software depends on the software being profiled, establishing an 
energy consumption relationship elsewhere. K1 Dependence  Dependant  0.5 None

 K2 Dependence  Independent  0 None No energy relationship with other software is present.

Table A.3 
Possible combinations of the properties used by the 𝐵𝐶𝑆 and their combinational score values.
 Tag  Combination  Score Justification  Logical effects
 C1 𝐴1 ∧ 𝐵1  3 If the task distribution is distributed, we penalize 

not having a distribution strategy, as network con-
sumption to distribute the tasks would produce the 
risk of overloading other devices.

 Sets the score of A1 and B1 to 0

 C2 𝐴1 ∧ 𝐵0 −1 Applying a proven deployment or distribution strat-
egy should allow for further energy savings. With 
this in mind we can possibly affect the energy score 
(reduce the score) to support the user’s intentions 
of producing green software.

 Sets the score of A1 to 0

 C3 𝐶2 ∧ 𝐸0  2 Contrary to the previous combination, a regular 
flow of data means that, now that software com-
ponents are distributed in a network more network 
usage (among devices) is required. Therefore, en-
ergy consumption is unpredictable.

 The scores of A1 and E0 are set to 0 C2 is invalidated (not applicable)

 C4 𝐶2 ∧ 𝐸1 ∧ 𝐺2 −2 A decentralized task distribution in addition to a 
strategy for distributing tasks and a strategy for 
broadcasting data could benefit (lower) the energy 
consumption by obtaining the most frugal execu-
tion and creating an easier to reach data node.

 The scores of A1, E1 and G2 are set to 0 C2 is invalidated (not applicable)

 C5 𝐶2 ∧ 𝐸1 ∧ 𝐺1 −1 A decentralized task distribution in addition to a 
strategy for distributing tasks could benefit (lower) 
the energy consumption by obtaining the most fru-
gal execution. A lack of data distribution strategy is 
not as beneficial.

 The scores A1, E1 and G1 are set to 0 C2 is invalidated (not applicable)

A.2.  BCS-equivalent values of combined BBCP properties

Table A.3 presents selected combinations of high-level property val-
ues used in the BCS (behavioural Consumption Score) and their associ-
ated combinational reference values. These combinations capture inter-
actions between properties that, when occurring together, significantly 
influence the overall energy profile–either positively or negatively. Each 
combination is assigned a reference value and accompanied by a justi-
fication that explains its impact on energy consumption, along with the 
logical effects on individual property scores. This mechanism allows the 
scoring model to account for interdependencies between properties and 
supports more nuancedy energy-aware assessments.

Supplementary material

Supplementary material associated with this article can be found in 
the online version at 10.1016/j.eswa.2025.130046
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