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Abstract
Software is developed using programming languages whose choice is made based on a 
wide range of criteria, but it should be noted that the programming language selected can 
affect the quality of the software product. In this paper, we focus on analysing the differ-
ences in energy consumption when running certain algorithms that have been developed 
using different programming languages. Therefore, we focus on the software quality from 
the perspective of greenability, in concrete in the aspects related to energy efficiency. For 
this purpose, this study has conducted an empirical investigation about the most suitable 
programming languages from an energy efficiency perspective using a hardware-based 
consumption measurement instrument that obtains real data about energy consumption. 
The study builds upon a previous study in which energy efficiency of PL were ranked 
using a software-based approach where the energy consumption is an estimation. As a 
result, no significant differences are obtained between two approaches, in terms of rank-
ing the PL. However, if it is required to have a more realistic knowledge of consumption, 
it is necessary to use hardware approaches. Furthermore, the hardware approach provides 
information about the energy consumption of specific DUT hardware components, such 
as, HDD, graphics card, and processor, and a ranking for each of component is elaborated. 
This can provide useful information to make a more informed decision on the choice of 
a PL, depending on several factors, such as the type of algorithms to be implemented, or 
the effects on power consumption not only in overall, but also depending on specific DUT 
hardware components.
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1  Introduction

Most commonly, software applications are developed using high-level, general-purpose 
programming languages (PLs). Traditionally, stakeholders select programming languages 
for a software project based on a wide range of criteria. These criteria encompass both 
technical and non-technical factors, such as abstraction level, project domain (frontend, 
backend, data science, etc.), expressiveness, documentation, learning curve, library and 
tool support, and more. As a result, in practice, a great diversity of programming languages 
is observed in projects (Bissyandé et  al., 2013), which in many cases adopt a multilin-
gual approach (Yang et al., 2024). Such as discussed in Section 2, the choice of a suitable 
programming language (or a set of them) for a software project is, therefore, an impor-
tant decision that impacts critical aspects such as development productivity and the overall 
quality of the final product (Bhattacharya & Neamtiu, 2011; Muna, 2022; Ray et al., 2014). 
In fact, software greenability can be considered as another characteristic of software prod-
uct quality that can be included in the quality model proposed by ISO/IEC 25010 (IEC, 
2011). As proposed in (Calero et al., 2015) software greenability is the degree to which a 
product lasts over time, optimising the parameters, the amounts of energy and the resources 
used. Therefore, it is of great importance to assess programming languages in accordance 
with the amount of energy that the software needs to be run in order to facilitate their selec-
tion for each specific context. Yet, there is one criterion that has been largely overlooked in 
related literature —the carbon footprint of software solutions produced by the chosen pro-
gramming language(s). According to (Pereira et al., 2017), it is crucial to consider energy 
efficiency as a key factor when selecting a programming language. While there are other 
studies emphasizing the importance of considering the energy consumption of program-
ming languages, such as (Lima et  al., 2016) and (Pereira et  al., 2016), it’s worth noting 
that the number of such studies remains relatively small. The increasing significance of 
this topic is further emphasized by today’s society’s high dependence on software, as we 
rely on various applications for our daily and professional activities. This extensive use of 
software has led to a significant increase in ICT (Information and Communication Tech-
nology) energy consumption. By 2025, it is projected to exceed 20% of the total energy 
consumption, contributing to up to 5.5% of the world’s carbon emissions (Andrae, 2019; 
Vidal, 2017). While the hardware components of ICT systems are the ones responsible for 
energy consumption and the resulting emissions, it’s the software they run that dictates 
how this consumption occurs. Consequently, to achieve energy-efficient ICT systems, it’s 
essential to optimize not only their hardware components but also their software compo-
nents. To capture the energy consumption of software applications, two distinct approaches 
can be employed: a software-based approach and a hardware-based approach. The former 
utilizes software tools to estimate energy consumption and analyse resource usage, offering 
a cost-effective and user-friendly option. In contrast, the latter relies on measurement hard-
ware devices, which yield real-time and highly precise energy consumption measurements, 
albeit at a higher cost.

Therefore, given the potential importance of making informed decisions when select-
ing the most suitable programming languages in each context from an energy efficiency 
perspective, this study has conducted an empirical investigation using a hardware-based 
consumption measurement instrument. This study builds upon the previous study carried 
out by (Pereira et al., 2021), in which 27 programming languages based on their energy 
efficiency were ranked under a software-based approach using RAPL. Our motivation for 
this research is threefold, as we aim to answer the following research questions:
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RQ1) Does the use of hardware-based measurements, when compared with a (soft-
ware-based) estimation approach, influence ranking programming languages by energy 
consumption?

RQ2) How do programming languages rank based on the energy consumption for differ-
ent algorithms?

RQ3) How do programming languages rank with respect to the energy consumption of 
several DUT hardware components (HDD, graphics card and processor)?

To answer the stated RQs, we selected a set of fourteen programming languages and six 
algorithms, the ones that run correctly for all the selected languages. The measuring device 
used was EET (Energy Efficiency Tester), a hardware device that has been used in previ-
ous studies with similar goals, and which is able to obtain the software’s energy consump-
tion measurements when running on a DUT (Device Under Test).

The main contributions of our work are the following:

1.	 We corroborate the already existing ranking by adding a new point of empirical evi-
dence.

2.	 We assess the actual consumption of the PLs with a hardware-based approach versus 
the obtained previous study results which were based on estimations.

3.	 We delve deeper into the analysis of energy consumption of PLs, as it is essential to con-
sider not only the overall consumption of each language but also various DUT hardware 
components of interest, such as the processor, graphics card, and hard drive.

The remainder of this article is structured as follows: In Section 2, we explore the state 
of the art and the background related to this work. In Section 3, we introduce the FEET-
INGS framework, which provides the hardware measurement environment used in the 
study. The results obtained are analysed in Section 4. Section 5 discusses the threats to the 
validity of the study, and finally, in Section 6, we present the conclusions and proposed 
lines of future work.

2 � Related work

Traditionally, programming language evaluation has focused on productivity and qual-
ity dimensions. As reported in (Ray et  al., 2014), empirical studies can be classified in: 
(i) Controlled Experiments, being examples of these studies: comparison of static and 
dynamic typing in PLs on quality and productivity (Hanenberg, 2010; Kleinschmager 
et al., 2012); effects of the type of language (procedural, imperative, functional,..) on reli-
ability, quality and/or development effort (Harrison et al., 1996; Pankratius et al., 2012); 
(ii) Surveys, focusing on aspects such as capturing developers’ opinions on why some lan-
guages are more popular than others (Meyerovich & Rabkin, 2013), or which PLs are most 
used by hackers (Koch et al., 2022); (iii) Repository Mining, addressing the PLs effects of 
PLs on software reliability (Koch et al., 2022), productivity and/or quality (Bhattacharya & 
Neamtiu, 2011; Kochhar et al., 2016), security challenges, among others.

However, comparative studies on the effects of programming languages on energy 
consumption are in a more incipient state. In more general terms, the unquestionable 
influence of software on energy consumption is fostering the research in the field of 
green software (Kern et  al., 2018; Penzenstadler et  al., 2014; Pinto & Castor, 2017). 
In the last few years, several works discuss what is and how to address software 
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sustainability by identifying the need to assess its energy consumption (Becker et  al., 
2015; Calero & Piattini, 2015; Fonseca et  al., 2019; Naumann et  al., 2011; Pinto 
& Castor, 2017; Venters et  al., 2014). However, as stated by (Pang et  al., 2015), 
programmers do not have much experience in software energy consumption. Pinto and 
Castor (Pinto & Castor, 2017) conducted a survey with software developers to know 
their perceptions of software energy consumption issues and concluded that they do 
not completely understand how to write, maintain and evolve energy-efficient software 
systems. Currently, software developers have to rely on Q&A websites, blog posts or 
YouTube videos when trying to optimise energy consumption, but these resources 
are not supported by empirical evidence, and may even be inaccurate (Li & Halfond, 
2014; Manotas et al., 2016). Fortunately, some efforts have been made to obtain more 
reliable results. (Pereira et  al., 2020) propose an energy leakage location technique, 
called SPELL, to identify inefficient energy consumption in the source code of software 
systems. (Chowdhury et  al., 2019) propose the GreenOracle model, which is based 
on dynamic traces of system calls and CPU utilisation, to estimate software energy 
consumption. The model was subsequently improved, resulting in the GreenScaler 
model (Chowdhury & Hindle, 2016). Other addressed lifecycle stages have been design, 
as for instance about how software architecture influence on energy consumption (Cabot  
et  al., 2019; Guamán & Pérez, 2021); and maintenance (Manotas et  al., 2016) (Cruz 
et al., 2019) (Mancebo et al., 2021a, b).

More focused on LPs energy consumption evaluation, typically studies have tackled the 
topic by analysing one or a few of them as target. In (Ray et  al., 2014), it is examined 
how different programming languages and compiler optimization flags affect energy 
consumption. The energy efficiency of C, C++, Java, Python and various compiler flags 
in the context of Fast Fourier Transform, Linked List Insertion/Deletion, and Quicksort 
implementations were assessed. Real-time power consumption data from the Intel Power 
Governor library highlighted that improved performance in sequential code typically 
reduces energy usage, with the choice of programming language playing a pivotal role. 
Optimized C++ often outperformed Java and even optimized C in specific scenarios, with 
-O3 and -O2 compiler optimization flags enhancing energy efficiency. Other studies are 
focused on a specific PL such as the study in (Koch et  al., 2022) about examining the 
energy efficiency of programs written in Haskell, for which dual-pronged approach is 
employed to see the impact of strictness and concurrency on energy consumption. RAPL 
was applied to obtain the estimation of energy consumption. The results revealed that 
subtle changes can have significant effects on energy efficiency, as for instance selecting 
the MVar data sharing primitive over TMVar can result in a 60% energy saving. As a 
result, some green guidelines for Haskell programs development are suggested. Moreover, 
it was concluded that performance does not consistently correlate with energy consumption 
in concurrent scenarios as compared with sequential ones. In the research by (Corral-
García et al., 2021) the challenges faced by beginners and non-expert programmers in the 
realm of high-performance computing (HPC) are addressed by introducing a transcompiler 
to enhance the performance of their HPC routines and tasks written in C or C++. The 
findings highlight the impact of even small code fragments on execution times and 
suggest that these techniques can significantly benefit HPC users, particularly for long-
running or resource-intensive computations. More specifically, in HPC context, energy 
consumption of C optimisations is addressed in (Kelefouras & Djemame, 2019) by using 
an energy estimation model. Other studies also remark the important of an optimal choice 
of hardware platform and programming language, taking into consideration the intended 
use and required computing power (Choroszucho et  al., 2019; Georgiouet al., 2018). In 
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particular, C/C++ and Python, were tested to assess their suitability for implementing 
solutions involving hardware microcontroller-based platforms.

A more complete comparative among PLs effect on energy consumption is provided by 
(Pereira et al., 2021), who proposed to the best of our knowledge the first classification of 
this type, studying the energy efficiency of twenty-seven programming languages when 
applied to ten different programming problems. The relevance and interest on the proposed 
ranking may be witnessed not only by the significant number of citations made on the arti-
cle describing it (Pereira et al., 2017) but also by the numerous discussion threads one can 
find about both the ranking and the paper (Pereira et al., 2017). This ranking was estab-
lished based on the benchmark solutions obtained from the Computer Language Bench-
mark Game (CLBG) (‘The Computer Language Benchmarks Game’, n.d.). In (Pereira 
et al., 2021), the authors extended their previous work (Pereira et al., 2017) by studying an 
additional set of benchmark problems. These benchmarks were taken from a chrestomathy 
program repository called Rosetta Code (‘Rosetta Code’, n.d.) therefore providing a com-
plementary analysis based on solutions that might be more idiomatic about the considered 
programming languages and/or representative of real-world code. This complementary 
analysis confirmed, in essence, the previously established general ranking, therefore pro-
viding an additional level of validation to it.

The background study by (Pereira et  al., 2021) motivated and inspired this research, 
which shares the following similarities: (s1) the target PLs of this research are a repre-
sentative subset of the former study; (s2) the selected algorithms and test cases are the 
same in both studies; (s3) the test cases were executed on a DUT with similar character-
istics. In addition to adding a further point of empirical evidence to the existence ranking 
with a hardware-based measurement approach, this study aims to add further contributions, 
mainly by: (c1) facilitating a better awareness of the energy consumption impact of the 
selected PLs with actual consumption values obtained with a hardware measuring instru-
ment; (c2) to analyse the impact of PLs on the energy consumption of specific hardware 
components.

3 � Methods: applying the FEETINGS framework to the ranking 
of programming languages

In order to make our hardware-based study reliable and replicable, we have followed 
FEETINGS (Mancebo et  al., 2021a, b), a Framework for Energy Efficiency Testing to 
Improve Environmental Goals of the Software. In this section we present the instantiation 
of FEETINGS to our study.

3.1 � The FEETINGS framework

FEETINGS (Mancebo et  al., 2021a, b) is a framework to promote reliable capture and 
analysis of software energy consumption data and is composed of:

•	 The conceptual component, which consists of an ontology, called GSMO (Green Soft-
ware Measurement Ontology), containing the concepts related to the software energy 
measurement.

•	 The methodological component, which includes GSMP (Green Software Measure-
ment Process), a process with the required steps to measure the software’s energy 
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consumption in a systematic way. GSMP has been built from the conceptualization 
provided by GSMO. GSMP has been modelled with SPEM v2 (OMG, 2008) (Soft-
ware & Systems Process Engineering Meta-Model Specification) and implemented as 
an electronic process guide by using Eclipse Process Framework Composer (available 
at: https://​alarc​os.​esi.​uclm.​es/​FEETI​NGS). GSMP consists of seven phases which are 
divided into different activities, as illustrated in Fig. 1 and further described next.

1.	 Scope Definition, which starts specifying the requirements for the evaluation of energy 
efficiency and identifying and describing the software to be analysed (software entity). 

Fig. 1   GSMP phases summary

https://alarcos.esi.uclm.es/FEETINGS


Software Quality Journal	

As an example, in this study, the software entities are the programming languages that 
we are going to analyse. At the end of this phase, the representative test cases to be run 
for the analysis of the energy consumption of the software entity are defined.

2.	 Measuring Environment Setting. Firstly, the selection of the measuring instrument to 
obtain the energy data of the software entities to be analysed takes place, which may 
be a hardware device or a software tool. In the particular case of this study, the EET 
(Energy Efficiency Tester) hardware meter has been chosen. Then, the Device Under 
Test (DUT), i.e. the hardware where the tests cases will be run, is specified. Next, the 
definition or selection of the set of measures to be used for the analysis is addressed, 
such as the energy related ones (total energy consumption, consumption by DUT com-
ponent, etc..), which can be complemented with other measures such as code complexity. 
The baseline power consumption, i.e. the idle power consumption of the DUT, is also 
determined during this phase. To ensure accurate results, it is essential to ensure that no 
software is running in the background and all services and processes that could affect 
the measurement are stopped.

3.	 Measurement Environment Preparation, which is initiated as for the baseline power 
consumption measurement, checking that no software is running in the background and 
that all services and processes that could affect the measurement are stopped. Once this 
is completed, the number of times each measurement should be repeated is established. 
This choice depends on the stated objective and the available (Dirlewanger, 2006; Pinto 
& Castor, 2017) we recommended to define 20-30 measurements to have a wide enough 
sample size (central limit theorem) (Kern et al., 2018). As a result, in this context a 
measurement is considered as a set of energy consumption samples from a single test 
case run. Finally, the testbed is conFig.d, where the software entities and the services 
required in the DUT need to be installed and the chosen software entities are prepared, 
so that they are ready to be evaluated by means of the defined test cases. The procedure 
also establishes that, once the measurements for one of the software entities are com-
pleted, the DUT must be restored, so that it returns to its initial state, and this procedure 
is repeated for the different software entities.

4.	 Performing the Measurements, where the energy consumption measurements will be 
iteratively carried out and collected. Firstly, for each test case of software entity the 
measurements are carried out and the testbed is cleaned at the end of each iteration to 
avoid affecting the power consumption of the next test case to be run. Then, the raw 
energy consumption data taken from the measuring instrument are collected, by includ-
ing the details of the DUT, the definition of the run test case, the current configuration, 
the start and end time of the run and the power values.

5.	 Test Case Data Analysis, which consists of firstly turning the raw data into useful infor-
mation for the analysis, namely by doing data wrangling as suggested in (Penzenstadler 
et al., 2014). Once the data has been prepared for analysis, the descriptive statistics for 
each test case are obtained.

6.	 Software Entity Data Analysis, which starts with the calculation of the energy consump-
tion of the software entity, where the power of the baseline (phase 2) must be subtracted 
from the average power of the measurements of the software entity for each component 
(including the DUT). The consumption without the baseline is calculated (Eq. 1) by 
subtracting the average power of the baseline (P Baseline) from the average power of 
the measurement (P Measurement) and multiplying the result by the average duration 
of the measurement (T Measurement):



	 Software Quality Journal

	   The energy consumptions presented in this study does not include baseline energy 
consumption, which is that consumed by the operating system and the components 
(network card, sound card, among others) that, even while not being used, consume a 
minimum amount of energy.

7.	 Reporting the Results, which focuses on the development of the resulting laboratory 
package (LP) to promote the replicability of the empirical study conducted (Brooks 
et al., 1996), (Basili et al., 1986) and (Solari et al., 2018) on documenting the process and  
results obtained in the study to be sent to the client and other stakeholders. Guidelines 
such as the proposed by Jedlitschka and Pfahl (Jedlitschka & Pfahl, 2005) can be fol-
lowed for this purpose.

Technological component, which supports the process and includes EET (Energy Effi-
ciency Tester) and ELLIOT. EET is shown in Fig. 2. This is a hardware-type measuring 
instrument with a sampling frequency of 100 Hz, i.e. it captures 100 energy data points 
per second. EET is able to obtain the energy consumption of different components of the 
DUT, for which it includes internal sensors to capture energy data of the processor, graphic 
card and hard disk, along with one external sensor for the monitor and to obtain the total 
consumption of the DUT (without including the monitor consumption). To obtain the con-
sumption data, the sensors are connected to the energy distribution lines that feed these 
components.

3.2 � Application of GSMP to this study

Table 1 summarises the application of GSMP phases and activities to our study, conducted 
during 2021. For the study, a subset of 14 out of the 27 programming languages analysed 
in (Pereira et al., 2021) was used. These programming languages were selected taking into 
account that compiled languages, interpreted languages and languages running on virtual 
machines had to be chosen. We selected six algorithms to our study, the ones that run cor-
rectly for all the selected languages The compilers used on the study were the same than 

(1)Energy Consumption whitout baseline = (PMeasurement − PBaseline) ∗ TMeasurement

Fig. 2   EET connected to a DUT (Device Under Test) and ELLIOT reports
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in the previous study to minimize bias. These algorithms are described in Table 2. Thus, 
the software entity class was defined as the programming languages, whereas the software 
entities were the 14 programming languages selected and the test cases were six algorithms 
selected. Finally, the test cases run is defined as the implementation of each algorithm on 
the different programming languages.

Regarding the DUT used for this study (to see Table 1), it is important to note that the 
most similar configuration possible was sought, although as a result it was not possible to 
have a DUT identical to that of the SwE study. Namely, both studies were conducted on 
Linux, with SwE utilising Linux Ubuntu Server 16.10 and HwM using Ubuntu 16.04.2 
LTS. In relation to the hardware, the SwE study involved a Haswell Intel(R) Core(TM) 
i5-4460 CPU @ 3.20 GHz with 16 GB of RAM. As they are not exactly the same, varia-
tions in the results are to be expected. For this reason, we only compare the relative posi-
tions of the languages in the rankings of the two studies.

In the next section we present the analyses from the obtained measurement results 
(Phase VI).

4 � Results

This section presents the energy consumption results obtained for each programming lan-
guage using the hardware measurement device and following the steps defined in GSMP. 
The aim is to analyse the results in order to produce a ranking of programming languages 
according to their consumption by using the EET hardware meter (referred as HwM) and 
compare it with the obtained previous findings (Pereira et al., 2021) in which a software 
estimator was used (referred as SwE). In addition to a general comparison at the level of 
the programming languages, further comparisons considering the type of language (com-
piled, interpreted, and virtual machine) and the paradigm used (object-oriented, script-
ing, imperative, and functional) are carried out. It is also checked whether there are dif-
ferences in energy consumption between different programming languages depending on 
the algorithm they solve (Binary-trees, Fannkuch-redux, Fasta, Mandelbrot, N-body, and 
Spectral-norm).

Taking into account that the hardware measurement device also provides energy con-
sumption data at the level of some of the computer’s hardware component, in particular 
for the hard disk, graphics card and processor, the differences in consumption between the 
different components are discussed.

The experimental package can be found at the repository of this study (Gordillo et al., 2024).

4.1 � Comparison of Swe and HwM studies

This section discusses the general comparison of the rankings obtained in HwM and SwE 
studies, analysing the overall and per-algorithm energy results, respectively.

4.1.1 � Overall ranking

Firstly, we compare programming languages based on the average time and energy used to 
solve analysed algorithms. Table 3 shows the global mean of time and energy for each pro-
gramming language (PL) evaluated with each approach (SwE, HwE).
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As can be observed, the time and energy values obtained in SwE and HwM are dif-
ferent, which was expected as one study is based on estimates and the other on actual 
consumption measurements. Furthermore, although we have maintained as many com-
mon variables as possible to replicate the original SwE study, the difference can be also 
explained by the fact that the computer used to run the test cases is not exactly the same.

Despite the differences in the data obtained, Fig.  3 shows that the ranking of pro-
gramming languages (from lowest to highest energy consumption) is nearly the same in 
both studies. The left-hand side of Fig. 3 shows the position obtained by each language 
using SwE, while the right-hand side shows the ranking based on the HwM results. 
Haskell has achieved better results, moving up two positions in the ranking and push-
ing JavaScript and Dart down one position, although they remain in the same order. 
Table 3 also shows that Dart’s results closely match to JavaScript’s results in both rank-
ings. Therefore, the difference is mainly due to the disparities of Haskell in execution  
time and energy consumption.

Next, Ward’s hierarchical clustering method (Murtagh & Legendre, 2011) was used 
to group the languages with similar energy consumption. The RStudio tool was used for 
the clustering process and after analysing different options, a number of 5 clusters was 
chosen as the most suitable option. The main purpose of these clusters is to better under-
stand which set of programming languages could be used to develop software with similar 
energy behaviour. The aim is therefore to provide a label similar to those used in other 
areas, such as the energy efficiency of a home or household appliances. For this purpose, 
the left-hand side of Fig. 4 shows the clusters obtained, while the right-hand side presents 
the same information but in graphical form, identifying the tier list for the overall ranking 
of PLs, based on the position of the languages in the consumption ranking. As can be seen, 
each level is labelled with the letter A, B, C, D or E being A the most efficient and E the 
least efficient, and to each label is assigned a colour, namely dark green, light green, yel-
low, orange and red, respectively.

Table 3   Mean values of energy and time of the 14 program languages SwE vs. HwM

PL Time
SwE (s)

Time
HwM (J)

Energy
SwE (J)

Energy
HwM (J)

Type Paradigm

C 2.364 1.201 66.643 206.135 Compiled Imperative
C++  2.286 1.227 67.162 219.207 Compiled OO, Imperative
Ada 3.501 1.941 96.143 312.421 Compiled OO, Imperative
Java 3.992 1.904 113.273 337.046 Virtual

Machine
OO

Pascal 7.601 4.486 157.002 671.455 Compiled Imperative
Haskell 8.236 5.293 206.918 684.366 Compiled Functional
JavaScript 13.367 8.203 192.353 851.364 Interpreted OO, Scripting
Dart 13.773 8.765 199.232 956.296 Interpreted OO, Scripting
PHP 78.338 39.583 2380.527 6462.751 Interpreted OO, Scripting
Erlang 83.407 41.769 2805.190 6868.359 Virtual

Machine
Imperative, Functional

JRuby 113.818 80.307 3527.398 12,492.886 Interpreted Scripting
Ruby 166.949 105.054 5636.157 17,183.644 Interpreted Scripting, Functional
Python 143.993 120.475 6286.523 19,067.487 Interpreted OO, Scripting
Perl 191.956 115.179 6641.842 19,229.640 Interpreted OO, Imperative, Functional
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Some conclusions can be drawn from these results. On the one hand, although all com-
piled languages are ranked with the label A, C and C++ are more efficient than Pascal and 
Haskell. Regarding interpreted languages, JavaScript and Dart stand out as energy-efficient 
options, while Perl, Ruby and Python appear to be less energy-efficient. Among virtual 
machine languages, Java is the best choice, while Erlang is the worst. Therefore, in general, 
compiled languages have better energy performance.

On the other hand, depending on the type of paradigm, it can be concluded that in the 
object-oriented paradigm, C++ is the best option, followed by Ada and Java, while Python 
and Perl are the least recommended. In the scripting paradigm, JavaScript and Dart are 
highly recommended, while JRuby, Ruby and Python are less recommended. In the Imper-
ative paradigm, C, C++ and Ada are preferred, with a small advantage of C, while Pascal 

Fig. 4   Clusters in Programming languages for DUT energy consumption (a) and tier list (b)

Fig. 3   Ranking of the 14 languages SwE vs. HwM
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is not recommended. Finally, in the functional paradigm, Haskell is the lowest energy con-
suming language, while Perl and Ruby are the least recommended.

4.1.2 � Comparison by algorithm

In this section, programming language rankings obtained in SwE and HwE studies are 
assessed from algorithm focus, i.e., to check whether there are differences between the 
energy consumption of the selected PLs depending on the type of algorithm being solved.

First, Table  4 shows the results of the current study (HwM), showing the position 
obtained by each PL in each algorithm as well as the global ranking (considering the 
energy consumption of all algorithms). The background colours indicate the cluster in  
which each language has been classified for each algorithm. The colours follow the same  
conventions as the label colours shown in the previous section.

As it can be observed in Table 4, the energy performance that a language exhibits in 
general also corresponds to this performance in a large part of the algorithms analysed. 
However, in some cases, some differences are observed (e.g. C and C++ exchange posi-
tions for the Spectral-Norm algorithm, as well as Ada and Java for the Binary-trees and 
Fasta algorithms; Ruby is ranked tenth for the binary-trees algorithm but reaches the last 
position for the fankuch-redux algorithm; Haskell ranks third for the spectral-norm algo-
rithm, but eighth for the fasta and n-body algorithms), which gives us an interesting insight  
into the need, not only to consider one PL or another when making a decision, but also 
to take into account the type of problem to be solved.

Analysing by language type the results in Table  4 show that the best compiled lan-
guages are C and C++. In terms of virtual machine languages, Java is the only one that has 
achieved good results regardless of the algorithm it solves. The only interpreted PLs that 
have emerged as a good option in the 6 algorithms studied are JavaScript and Dart. So, in 
general, these are the only two PL that we can recommend among the interpreted program 
languages, but they are far from the compiled ones. Therefore, from the previous analysis 
it can be confirmed that compiled PLs are generally a better option than interpreted PLs.

From the perspective of paradigms, the most optimal languages are those that employ 
the imperative style: C, C++, and Ada. Additionally, object-oriented languages, such as 
C++, Ada, and Java, also demonstrate considerable energetic efficiency. The remaining 

Table 4   Ranking of the 14 languages

PL Binary-trees Fankuch-redux Fasta Mandelbrot N-body Spectral-norm Overall Type Paradigm

C 1 1 1 1 1 2 1 Compiled Impera�ve
C++ 2 2 2 2 2 1 2 Compiled OO, Impera�ve
Ada 4 3 4 3 3 6 3 Compiled OO, Impera�ve

Java 3 4 3 4 5 5 4 Virtual 
machine OO

Pascal 7 5 6 8 4 4 5 Compiled Impera�ve
Haskell 6 6 8 6 8 3 6 Compiled Func�onal
JavaScript 8 7 5 5 6 7 7 Interpreted OO, Scrip�ng
Dart 9 8 7 7 7 8 8 Interpreted OO, Scrip�ng
PHP 12 10 9 9 11 10 9 Interpreted OO, Scrip�ng

Erlang 5 9 10 11 10 9 10 Virtual 
machine

Impera�ve, 
Func�onal

JRuby 11 13 12 14 9 13 11 Interpreted Scrip�ng

Ruby 10 14 13 12 12 12 12 Interpreted Scrip�ng, 
Func�onal

Python 13 12 14 10 13 14 13 Interpreted OO, Scrip�ng

Perl 14 11 11 13 14 11 14 Interpreted OO, Impera�ve, 
Func�onal
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paradigms achieve their optimal positions in the middle of the table, with Haskell leading  
in functional programming and JavaScript and Dart excelling in scripting. The ranking of  
PLs by type and paradigm can be consulted at the complementary material included in 
the repository (Gordillo et al., 2024).

On the other hand, Fig. 5 shows the comparison between studies.
Such as can be observed in Fig. 5, the results of the HwE study largely confirm the 

ranking obtained in SwE. There is only some fluctuation in the position of some PLs, 
especially among languages that have obtained very close data and therefore small 
energy variations modify their position in the ranking. The detailed energy and time 
data of both studies are shown in Appendix A (Table 5).

Fig. 5   Comparison of rankings between SwE and HwM data by PL and algorithm



Software Quality Journal	

4.2 � Components comparison

In this section we move the focus to a more detailed analysis of consumption per DUT 
hardware component (HDD, graphics card and processor), so that we can determine how 
much these hardware components are affecting the overall consumption of a PL (Sec-
tion 4.2.1) and the consumption of a PL applied on a specific algorithm (Section 4.2.2).

4.2.1 � Overall ranking

Table 5 shows the results of the energy consumption of each PL for each computer compo-
nent. It is also shown the total consumption at computer level, i.e. DUT column, which was 
previously analysed in Section 4.1. To complement this data, Fig. 6 illustrates graphically 
the portion of the total consumption (DUT) that is due to each component, which confirms 
as expected, that the highest consumption was due to the processor. The energy consump-
tion of the HDD and graphics card had little influence compared to the processor, which can 
be explained for the characteristics of the benchmark algorithms, for instance, which do not 
require much HDD access along with minimal interaction by means of User Interfaces.

Based on the above results, new rankings for each computer component have been elabo-
rated, as shown in Fig. 7. The left side of the figure shows the position of each PL according to 
its total consumption (DUT) in relation to the position of that PL according to its consumption 
of graphics card (left side) and processor (right side). As it can be noted the position differ-
ences between the Device Under Test (DUT) and the processor are minimal. These differences 
are notable in the cases of Haskell-JavaScript-Dart, mainly due to Dart’s efficient processor 
use. In contrast, the two lower positions, Python-Perl, show minimal differences.

Table 5   Mean values of energy per component for the 14 program languages

PL DUT (J) HDD (J) Graphics Card 
(J)

Processor (J) Type Paradigm

C 206.135 7.632 15.918 72.202 Compiled Imperative
C++  219.207 3.521 32.129 83.957 Compiled OO, Imperative
Ada 312.421 26.849 21.953 96.203 Compiled OO, Imperative
Java 337.046 11.125 17.922 108.070 Virtual machine OO
Pascal 671.455 21.021 27.208 218.353 Compiled Imperative
Haskell 684.366 27.320 38.009 277.230 Compiled Functional
JavaScript 851.364 39.497 43.357 310.059 Interpreted OO, Scripting
Dart 956.296 44.519 53.239 263.375 Interpreted OO, Scripting
PHP 6462.751 240.212 284.506 1896.346 Interpreted OO, Scripting
Erlang 6868.359 226.986 276.987 2066.120 Virtual machine Imperative, 

Functional
Jruby 12,492.886 419.669 831.175 4079.473 Interpreted Scripting
Ruby 17,183.644 628.897 1308.912 6035.509 Interpreted Scripting, Func-

tional
Python 19,067.487 610.824 846.523 6848.738 Interpreted OO, Scripting
Perl 19,229.640 632.679 823.432 6278.473 Interpreted OO, Imperative, 

Functional
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When comparing the position obtained by the PLs taking into account the power con-
sumption of the DUT with the position obtained according to the power consumption of 
the graphics card, we can observe that the behaviour of the PLs is different. For instance, 
C++ uses the graphics card more extensively than its close counterparts in the ranking, in 
contrast to Java. At the bottom of the figure, Ruby shows a higher use of the graphics card 
compared to its close language counterparts, while Python demonstrates either lower usage 
or more moderate consumption of the graphics card. This suggests that PLs make a differ-
ent use of this resource for their computational operations, given that the benchmark pro-
grammes do not require, for example, an intensive use of the graphic card to interact with 
the user through a graphic interface.

Fig. 6   Percentage relationship between components and DUT

Fig. 7   Ranking of the 14 languages for components
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On the other hand, the right side of Fig. 7 shows the position obtained by the PLs due 
to overall energy consumption (DUT) with respect to their ranking due to their effect on 
HDD consumption. In this case there are notable variations. C uses the HDD more than 
C++, and Ada exhibits higher HDD usage compared to its close language counterparts 
in the ranking. In the lower positions of the ranking, Python demonstrates more moderate 
HDD consumption than its counterparts.

As for the rest of the results of this study the Ward’s hierarchical clustering method 
(Murtagh & Legendre, 2011) has been applied to group the PLs by DUT hardware compo-
nent (Fig. 8) and corresponding tier lists have been generated (Fig. 9).

As can be seen in Figs. 8 and 9, there is a fairly uniform behaviour in the ranking, with 
each language moving up or down by a maximum of one position. For example, JRuby gets 
the label D for HDD and graphics card tier list but gets the letter C for Processor, similarly 
Python is classified as E considering HDD and processor consumption but is labelled D for 
the graphics card.

4.2.2 � Comparison by component and algorithm

This section compares the power consumption of each DUT hardware component depend-
ing on the programming language and the algorithm to be solved (detailed data can be 
found in Appendix C).

With regards to HDD, as Table 6 shows, in general there are not many fluctuations con-
sidering the consumption derived from the algorithm being solved. The most significant 
case is the Perl language when solving the spectral norm algorithm, as it obtains better 
results than for the rest of the algorithms. In terms of language type, the best compiled, 
virtual machine and interpreted languages are C++, Java and JavaScript respectively. From 
a paradigm perspective, C is the best option for imperative programming, while C++ per-
forms best for the object-oriented paradigm. In the case of the functional paradigm, Haskell 
achieves the best results, and finally, among scripting languages, JavaScript obtains the 
best position.

Fig. 8   Clusters in Programming languages for components

Fig. 9   Tier lists in Programming languages for components
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Next, Table  7 shows the ranking according to the energy consumption of the graph-
ics card. It can again be noted that compiled languages obtain better values than inter-
preted languages for the majority of the algorithms. However, there are some exceptions. 
For example, although Ruby is generally the worst language in terms of the graphics card 
energy consumption, for the binary-trees algorithm this consumption is better than other 
interpreted languages such as Perl, JRuby or Python. The same applies to the JRuby pro-
gramming language and the N-body algorithm. In this case it consumes less than PHP, 
despite that in the overall ranking PHP obtains better position.

Despite these exceptions, there is a tendency for the graphics card to consume less 
energy when the algorithms are implemented using one of the top eight languages of the 
Table  7 (C-Dart), regardless of the algorithm. In terms of programming paradigms, C 
emerges as the best language for imperative programming, and Java for the object-oriented 
programming. In the functional paradigm, Haskell offers the most favourable results and, 
finally, for scripting languages, JavaScript is the best choice.

Table 7   Comparison of Graphics card tier lists by algorithms

PL Binary-trees Fankuch-redux Fasta Mandelbrot N-body Spectral-norm General Type Paradigm

C 1 2 2 2 8 4 1 Compiled Impera�ve

Java 2 4 3 3 5 5 2 Virtual 
machine OO

Ada 3 1 7 5 6 6 3 Compiled OO, Impera�ve

Pascal 6 3 6 7 2 1 4 Compiled Impera�ve

C++ 8 5 1 1 1 2 5 Compiled OO, Impera�ve

Haskell 5 6 8 8 7 3 6 Compiled Func�onal

JavaScript 7 7 4 4 3 7 7 Interpreted OO, Scrip�ng

Dart 10 8 5 6 4 8 8 Interpreted OO, Scrip�ng

Erlang 4 9 9 11 10 9 9 Virtual 
machine

Impera�ve, 
Func�onal

PHP 11 10 10 9 11 11 10 Interpreted OO, Scrip�ng

Perl 14 11 11 13 13 10 11 Interpreted OO, Impera�ve, 
Func�onal

JRuby 13 13 12 14 9 13 12 Interpreted Scrip�ng

Python 12 12 14 12 12 14 13 Interpreted OO, Scrip�ng

Ruby 9 14 13 10 14 12 14 Interpreted Scrip�ng, Funcional

Table 6   Comparison of HDD tiers list by algorithms

PL Binary-trees Fankuch-redux Fasta Mandelbrot N-body Spectral-norm Overall type Paradigm

C++ 1 1 1 1 1 2 1 Compiled OO, 
Impera�ve

C 2 3 3 2 2 3 2 Compiled Impera�ve

Java 3 2 2 4 4 5 3 Virtual 
machine OO

Pascal 8 4 6 8 3 1 4 Compiled Impera�ve

Ada 5 6 8 5 8 6 5 Compiled OO, 
Impera�ve

Haskell 6 5 7 7 7 4 6 Compiled Func�onal

JavaScript 9 7 4 3 6 7 7 Interpreted OO, Scrip�ng

Dart 10 8 5 6 5 8 8 Interpreted OO, Scrip�ng

Erlang 4 9 10 11 10 11 9 Virtual 
machine

Impera�ve, 
Func�onal

PHP 12 11 9 9 11 9 10 Interpreted OO, Scrip�ng

JRuby 11 13 12 13 9 13 11 Interpreted Scrip�ng

Python 13 12 14 10 14 14 12 Interpreted OO, Scrip�ng

Ruby 7 14 13 12 12 12 13 Interpreted Scrip�ng, 
Func�onal

Perl 14 10 11 14 13 10 14 Interpreted
OO, 

Impera�ve, 
Funcional
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Finally, Table 8 shows the ranking obtained concerning the processor energy consump-
tion. In this case, there is a uniform energy consumption behaviour, although some lan-
guages show significant variations. For example, the language Perl is classified as label 
B, C, D and E depending on the algorithm it solves. This variation indicates that, for this 
language, the type of algorithm it solves affects the processor energy consumption (or at 
least affects it more than in the other cases). On the other hand, the Erlang programming 
language achieves a good result for the binary tree algorithm, being better than the Pascal 
language, which is a compiled language and generally consumes less energy. Consider-
ing different programming paradigms, C emerges as the language of choice for imperative 
programming, while C++ highlight in the domain of object-oriented programming. In the 
case of functional programming, Haskell is the top PL, and finally, regarding scripting lan-
guages, Dart is the best.

Table 8   Comparison of Processor tier lists by algorithms

PL Binary-trees Fankuch-redux Fasta Mandelbrot N-body Spectral-norm Overall Type Paradigm

C 1 1 1 1 1 4 1 Compiled Impera�ve
C++ 2 3 3 2 4 2 2 Compiled OO, Impera�ve
Ada 3 2 4 3 2 6 3 Compiled OO, Impera�ve

Java 4 4 2 4 5 5 4
Virtual 

machine OO
Pascal 6 5 6 8 3 1 5 Compiled Impera�ve
Dart 7 7 7 5 6 8 6 Interpreted OO, Scrip�ng

Haskell 8 6 8 7 8 3 7 Compiled Func�onal

JavaScript 9 8 5 6 7 7 8 Interpreted OO, Scrip�ng
PHP 12 10 9 9 9 10 9 Interpreted OO, Scrip�ng

Erlang 5 9 10 10 11 9 10
Virtual 

machine
Impera�ve, 
Func�onal

JRuby 10 13 12 14 10 12 11 Interpreted Scrip�ng
Ruby 11 14 13 12 12 13 12 Interpreted Scrip�ng, Func�onal

Perl 14 11 11 13 14 11 13 Interpreted
OO, Impera�ve, 

Func�onal
Python 13 12 14 11 13 14 14 Interpreted OO, Scrip�ng

Table 9   Comparison of average tier list by component

PL DUT Average HDD Average Graphics card Average Processor Average Type Paradigm

C 1 2 1 1 Compiled Impera�ve
C++ 2 1 5 2 Compiled OO, Impera�ve
Ada 3 5 3 3 Compiled OO, Impera�ve
Java 4 3 2 4 Virtual machine OO

Pascal 5 4 4 5 Compiled Impera�ve
Haskell 6 6 6 7 Compiled Func�onal

JavaScript 7 7 7 8 Interpreted OO, Scrip�ng
Dart 8 8 8 6 Interpreted OO, Scrip�ng
PHP 9 10 10 9 Interpreted OO, Scrip�ng

Erlang 10 9 9 10 Virtual machine Impera�ve, Func�onal
Jruby 11 11 12 11 Interpreted Scrip�ng
Ruby 12 13 14 12 Interpreted Scrip�ng, Func�onal

Python 13 12 13 14 Interpreted OO, Scrip�ng
Perl 14 14 11 13 Interpreted OO, Impera�ve, Func�onal
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4.2.3 � Overall discussion

Finally, to summarise the results obtained in the HwM study, Table 9 shows the position of 
the PLs considering the overall consumption, i.e. the DUT consumption, the consumption 
of the hard disk, the graphics card and the processor as well as the colour of the cluster in 
which they have been classified.

As shown in Table 9, based on average energy consumption, the compiled languages 
C and C++ emerge as the top choices, closely followed by Ada. It can be highlighted that 
C++ has a higher consumption of the graphics card compared to its close counterparts. 
Java is the virtual machine language that has always been in the top four positions and has 
been labelled as A in all cases. JavaScript and Dart are the interpreted languages with the 
best behaviour and are in the middle of the rankings, achieving an A label for energy con-
sumption of the DUT and processor and a B label for the hard disk and graphics card.

An analysis based on programming paradigms reveals that the most prominent posi-
tions are occupied by imperative languages, including C, C++, and Ada. These positions 
also encompass C++, Ada, and Java, which excel in the object-oriented paradigm. Haskell 
emerges as the best performing functional language, with JavaScript and Dart following as 
the top choices in the scripting paradigm.

Table 10   Effect size of the consumption (J) averages of the measurements by language

Language vs Language HDD Graphics Card Processor DUT 
C++ vs C small small medium small 

Erlang vs Dart small Small small small 
Erlang vs Haskell medium medium medium medium 

Erlang vs JavaScript large medium medium small 
Erlang vs Pascal medium medium medium medium 
Erlang vs PHP small Small small small 

Haskell vs Dart medium Small medium small 
Haskell vs Pascal small Small small small 

Java vs C small Small medium small 
Java vs C++ small medium small small 

JavaScript vs Ada medium Large large medium 
JavaScript vs Dart medium Small medium small 

JavaScript vs Haskell small Small small small 
JavaScript vs Pascal small Small small small 

JRuby vs Python small Small small small 
Pascal vs Dart small Small medium small 
Perl vs Erlang medium medium medium medium 
Perl vs JRuby medium medium small medium 
Perl vs PHP small Small small small 

Perl vs Python medium Large medium large 
Perl vs Ruby small Large small small 
PHP vs JRuby medium Large medium medium 
PHP vs Ruby medium Large medium medium 

Ruby vs JRuby small Small small small 
Ruby vs Python small Small small small 
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4.3 � Statistical test of the study data

To confirm whether the differences obtained in this study can be considered statistically sig-
nificant the non-parametric Mann-Whitney test was applied, given the non-normality of the 
data distribution according to the results of the Kolmogorov-Smirnov test. The stated null 
hypotheses is that there are no significant differences in the instant power (average) or con-
sumption values (DUT and components) between the compared groups (by language or by 
language-algorithm). The details of these statistical tests and the obtained results are included 
in the provided experimental package (Gordillo et al., 2024). As the resulting p-value was less 
than 0.05 for all comparisons, the null hypothesis can be rejected. Furthermore, effect sizes 
were calculated by applying the r formula proposed by Cohen (Cohen, 2013) and adapted to 
the results of the Mann-Whitney test. The value of r is calculated as follows:

Depending on the value of r, the effect is either small (if the value is less than 0.3), 
medium (if the value is between 0.3 and 0.5) or large (if the value is greater than 0.5). In 
the case of the comparison of LPs by mean consumption, for most of the compared groups 
the effect size was large, as reported in the experimental package (Gordillo et al., 2024). In 
fact, of the 91 cross-language comparisons, the effect size was medium in 24 cases (26%) 
for HDD, Processor and DUT, and in 20 cases (22%) for Graphics Card. Table 10 shows 
the results obtained for the compared groups that did not have a large effect size for the 
different hardware components. Finally, it is worth noting that the following pairs of LPs 
have obtained a small effect size for all hardware components and overall (DUT) (marked 

(2)r = �z� ∗
√
n

Table 11   Effect size of the power averages of the measurements by language

Language vs 
Language HDD Graphics Card Processor DUT  

JRuby vs Dart small small   
JRuby vs Python small small   
Pascal vs JRuby small  Small  
Pascal vs Ruby small  Small  
Perl vs Erlang Médium 
PHP vs Dart small    

PHP vs JRuby small  Médium  
PHP vs Pascal small    
PHP vs Python small    
PHP vs Ruby small  Small  

Python vs Dart  small Small  
Ruby vs Dart small small   

Ruby vs JRuby medium small Small  
Ruby vs Python medium small   
JRuby vs Dart    small 
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in grey in Table 10): Erlang vs Dart and PHP; Haskell vs Pascal; JavaScript vs Haskell and 
Pascal; JRuby vs Python; Perl vs PHP; Ruby vs JRuby and Python.

In relation to the comparisons by average power (W), as we can see in Table 11, from 91 
comparisons only 15 (16.4%) have low values for some hardware component. In the case of 
DUT, the only one was JRuby vs Dart.

Finally, the comparisons by average consumption between test cases (PL x algorithm) 
revealed that only 1% (5 out of 456 comparisons) achieved a small effect size, while 1 
achieved a medium effect size (0.2%). Ruby vs JRuby stands out in the fasta algorithm, which 
obtained a small effect for both HDD and Processor. Table 12 presents these comparisons 
with the least favourable results. Concerning the comparisons by average power of the test 
cases, of the 456 results per component or DUT, only binary trees had a small effect on Perl 
versus Erlang for the processor component.

5 � Threats to validity

In this section we outline the potential threats to the validity of our study (Wohlin et al., 
2012) and detail the actions we have undertaken to mitigate their impact.

With regard to construct validity, to mitigate as much as possible the possible 
threats to the reliability of measurements we used a hardware instrument (EET) which 
provides more realistic and accurate results of energy consumption. Furthermore, it 
provides about 100 energy samples per second, which can be considered as a suit-
able sampling rate, aspect which was reinforced repeating each case test run 30 times 
to assure a higher reliability of the measurements. The provided energy consumption 
results are specific to this hardware instrument, and they can differ If other hardware 
instruments are applied, although it would not be expected high differences such as 
confirmed with a previous study in which EET was validated versus a gold standard 
(Mancebo et al., 2021a, b).

In relation to Internal Validity, we dealt with several factors that may affect the results 
of this study, according to the methodology described in Section 2: several repetitions were 
performed to mitigate the possible atypical values related with consumption; the DUT was 
restarted and prepared to be in the same stage before the execution of each test case to 

Table 12   Effect size of the consumption averages of the measurements by language-algorithm

HDD 

TestCase Effect size 
n-body: Perl vs PHP medium 

binary-trees: Pascal vs Ruby Small 
fasta: Ruby vs Jruby Small 

Processor 
TestCase Effect size 

fasta: Ruby vs Jruby Small 
fannkuch-redux: JRuby vs Python small 

DUT 
TestCase Effect size 

binary-trees: Java vs C++ small 
binary-trees: PHP vs Jruby small 



Software Quality Journal	

ensure that the conditions were as much as possible the same. For instance, the OS pro-
cesses running in the background were kept the same and at a minimum necessary to run 
each test case; and the baseline consumption of the DUT in each test case was subtracted 
from the test case measurements to avoid as much as possible confounding effects. On 
the other hand, we tried to replicate (Pereira et al., 2021)’s study under the same condi-
tions as far as possible, selecting the closest version of OS possible, and the exact versions 
of CBLG algorithms. We had to select from these algorithms the subset which could be 
executed in all the languages with the same version of compilers used in the original study. 
Although more modern versions of the compiler could have been used, we opted for the 
exact versions to mitigate the effects mentioned above. In addition, the DUT used in this 
study was not possible to be identical to the SwE study, but the most similar configura-
tion was set to mitigate this. Anyway, some proportional variations in the results are to be 
expected. Overall, and bearing in mind that the objective was to make a ranking, it is not 
considered to be a serious threat that could affect the position in which the languages have 
been placed.

Finally, with regard to external validity, this study selected a representative set 
of PLs to fulfil the stated research goal focused on evaluate the existing PLs ranking 
and going beyond estimation results by providing actual energy measurements. New  
programming languages can be incorporated in future studies to provide additional 
evidence. Another limitation is related to the algorithms selected for the study. The 
CBLG benchmark was used to do a fair comparison with the reference ranking. This 
benchmark has a varied set of algorithms that may have a different effect on the 
energy consumed depending on the different PC resources used, for which we con-
sider this is enough representative for our purpose. In any case, it would be desirable 
to extend this study with other benchmarks to reinforce the external validity obtained  
and to conduct empirical studies which analyse the impact on real software projects.

6 � Conclusions and further work

Nowadays, programmers have a wide variety of programming languages to choose 
from to meet their objectives. Sometimes the programming language to be used can 
be a constraint of the project, but many other times you can choose and the choice 
of one language or another can affect the green aspect. Among all the selection cri-
teria we can distinguish between both technical and non-technical factors, such as 
abstraction level, project domain, for instance for  programming the frontend, the 
backend, or the  project is of data science. Other factors are related with the learn-
ing curve, the existing documentation, supporting libraries included in the language, 
and even more. The choice of a suitable programming language (or a set of them) 
for a software project is, therefore, an important decision that impacts productiv-
ity, quality and the greenability of the project. This implies considering a trade-off 
(García-Mireles et  al., 2018) when choosing a language that must satisfy the tra-
ditional criteria (quality and productivity) but at the same time should take green-
ability into account. This study aims to contribute to this by helping developers and  
managers to make more informed trade-off decisions by addressing how the choice of 
programming language can affect the energy consumption of the developed software. 
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In order to do that, an experiment has been conducted in which fourteen programming 
languages and six algorithms have been analysed using a hardware-based consumption  
measurement instrument. This study is based on a previous work in which the same 
programming languages and algorithms (among others) where analysed but using a 
software-based approach.

As a result of this study, interesting lessons learned have emerged that would also 
help to focus future work on the issue. Firstly, evidence is contributed to the com-
parison between consumption measurement approaches (hardware-based, HwE) and 
consumption estimation approaches (software-based, SwE). Our results shed some 
light on the suitability of the application of estimators when the main objective of 
the research is to carry out rankings or comparative studies between one approach or 
another. In fact, no significant differences are obtained in the HwE and SwE rankings 
that would suggest that it is the measurement or estimation approach that is really 
affecting the results. However, if what is required is a more realistic knowledge of 
consumption, it is necessary to use hardware approaches. Similarly, it is of interest 
when it is possible to carry out studies that combine hardware approaches, and the 
information obtained is also complemented by estimation approaches. For example, 
RAPL allows to obtain valuable information on processor usage (cores, DRAM) that 
could be used to explain in a more concise way the power consumption of the proces-
sor (cores, DRAM).

Secondly, it has been illustrated how analysing the power consumption of specific 
DUT hardware components can provide useful information to make a more informed 
decision on the choice of a PL. We have therefore created a new ranking for each of the 
components (HDD, graphics card, and processor). Furthermore, to complete the study, 
energy consumption has been analysed considering the type of PL, the paradigm and 
the algorithm that was solved. As a conclusion, it has been detected for future work 
the need to expand the variety and type of benchmarks with algorithms that allow for 
a more in-depth analysis of the impact of Programming Languages (PLs) on specific 
components of the PC. For example, with algorithms that require more intensive work 
on the graphics card or HDD.

Finally, the results obtained with the study and the preceding studies represent a first 
advance on an empirical knowledge base on the influence of PLs on consumption that 
deserves to be extended by addressing other elements that could also be important in the 
decision, such as their combination with compilers and their optimizations. According 
to the results obtained, lower-level compiled languages such as C or C++ also exhibit 
energy efficiency, but on the other hand this could affect the productivity of program-
mers who prefer other more high-level alternatives, or simply because the PL chosen 
includes the necessary libraries to do the job. In these cases, suitable combinations of 
PL with compiler, e.g., Python with a compiler that optimizes its code, could satisfy the 
energy requirements, in addition to meeting time to market or other project constraints.  
This requires focusing on new studies that analyse these language-compiler combina-
tion effects.
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Table 14   Standard deviation of energy of the 14 program languages in all algorithms Table 14

TestCase HDD GraphicsCard Processor DUT

Ada 4,117044145 2,605081221 20,19223942 70,81378648
C 2,147145825 3,72768583 22,00685816 68,53727902
C++  0,792544467 41,00613461 25,62311821 73,9916664
Dart 0,491809366 0,412163592 12,91856013 49,47540082
Java 1,286228893 2,558218725 22,8374847 71,92801296
JRuby 3,460725814 38,9769536 17,85346656 50,95541611
Perl 7,946296538 4,913497282 21,18491748 53,87749007
PHP 3,324390341 1,217144498 17,27686032 51,62263353
Haskell 0,195780487 0,488298042 11,64893547 31,34134239
JavaScript 0,158469654 0,321404,796 24,81865213 72,54326701
Pascal 0,154784969 0,267011014 26,53736993 97,86342773
Erlang 0,470862174 0,84737853 16,52191026 52,49918075
Python 3,277377695 3,912137333 17,97783696 54,45943983
Ruby 6,695049608 52,44450035 21,28774456 55,84387203

Fig. 10   Clusters of Programming languages for each algorithm considering energy consumption

Appendix B

Figure  10 shows the clusters of the programming languages for each algorithm, using 
Ward’s method
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Fig. 11   HDD clusters by algorithm

Fig. 12   Graphics Card clusters by algorithm
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