
Vol.:(0123456789)1 3

AI and Ethics 
https://doi.org/10.1007/s43681-023-00323-3

ORIGINAL RESEARCH

Challenging AI for Sustainability: what ought it mean?

Sophia Falk1   · Aimee van Wynsberghe1 

Received: 20 April 2023 / Accepted: 5 July 2023 
© The Author(s) 2023

Abstract
This paper argues that the terms ‘Sustainable artificial intelligence (AI)’ in general and ‘Sustainability of AI’ in particular 
are overused to the extent that they have lost their meaning. The AI for (social) good movement is a manifestation of this 
trend in which almost any application used in the context of healthcare or agriculture can be classified as AI for good regard-
less of whether such applications have been evaluated from a broader perspective. In this paper, we aim to create a common 
understanding of what the ‘AI for Sustainability’ movement ought to mean. We distinguish between two possible AI for 
Sustainability applications, namely those that fulfill the necessary conditions and those that fulfill the sufficient conditions. 
The former are purely predictive systems that serve as information providers. The latter are directly involved in an activity 
that contributes to a sustainability goal. We argue that taking action is a key element in distinguishing between these two 
application groups, as inaction is the key bottleneck in effectively tackling climate change. Furthermore, we question how 
effective the use of AI applications can be for sustainability when the systems themselves are inherently unsustainable. 
Hence, AI for Sustainability should include both an action that contributes to a sustainable end goal as well as an investiga-
tion of the sustainability issues of the AI system itself. Following that, Sustainable AI research can be on a gradient: AI in 
an application domain, AI towards sustainability, and AI for Sustainability.
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1  Introduction

Increased climate awareness and dedication to combat the 
climate crisis are shaping the rise of technology applica-
tions to solve, or at least mitigate concerns, at the core of the 
climate crisis. There is an overall trend that the latest tech-
nology developments—namely artificial intelligence (AI) 
and machine learning (ML)—are also increasingly being 
used to tackle sustainability issues and the global climate 
crisis [10, 17, 44]. At the same time, growing attention is 
paid to the environmental costs of making and using AI and 
ML applications [12–14, 23, 26, 28–30, 34]. It has become 
known that the training of AI systems with large datasets is 
associated with high energy-related carbon emissions, while 
the cooling of data centers is related to high water and again 
energy consumption levels. Consequently, the environmental 

footprint of the servers running AI systems can no longer be 
ignored. Moreover, the production of the hardware needed 
to run AI systems relies on the unsustainable extraction of 
critical minerals and metals.

Clearly then, there are two sides to the umbrella term 
‘Sustainable AI’. The field of Sustainable AI has been pro-
posed by van Wynsberghe [43] to address both the use of AI 
for sustainable ends as well as the Sustainability of AI itself 
[43]. Since the time of this original publication, there have 
been numerous publications delving deeper into the meaning 
and manifestation of Sustainable AI. The field includes both 
understanding AI as physical infrastructure that requires 
minerals, metals, and energy to operate, as well as applying 
AI to pursue sustainability, or desirable goals [6]. Indeed, 
the Sustainability of AI is very difficult to assess, as many 
different variables and factors play a role, but it seems that 
the underlying notion is nevertheless easier to grasp—how to 
measure and make sense of the environmental costs associ-
ated with the making and using of AI/ML.

While AI for Sustainability is a concept that has gained 
traction in recent years, this debate lacks a clear and com-
mon understanding of what AI for Sustainability really 
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means, and further what it ought to mean. It is nothing new 
that the term ‘sustainability’ on its own is often used to 
create a good image of a product or service. The sustain-
ability concept in general can be criticized as a seemingly 
contentless ‘fuzzy notion’ or non-committal ‘all-purpose 
glue’ [45]. When analyzing the use of the word ‘sustain-
ability’, it becomes obvious that the term is a great exam-
ple for a fuzzy concept used as a buzzword in all sorts 
of contexts in academia and beyond. Because of its lack 
of definition and its capacity to legitimize ‘nearly every-
thing’, the term sustainability needs to be questioned [18]. 
Apparently, its meaning is either unclear or irrelevant to 
many users, so the term as such seems to gradually lose 
its meaning.

One might assume that AI for Sustainability can be 
defined in terms of application domain, i.e., if AI is used 
for achieving the UN’s sustainable development goals 
(SDGs), then it is AI for Sustainability [32]. Accordingly, 
if an AI application is used in agriculture or for the reduc-
tion of energy consumption, then it may be considered AI 
for Sustainability. We suggest this is not specific enough. 
Even when AI is used in certain application domains, it 
does not guarantee a successful end goal. The problem 
with this is that there are a variety of ways in which AIs 
can be used for the SDGs. On the one hand, AI can be 
used to make predictions about future events, on the other 
hand AI is used as part of the solution to future events. 
For example, AI has powerful forecasting capabilities and 
smart grid systems to manage the supply and demand of 
renewable energy [1, 27]. More accurate weather fore-
casts can optimize efficiency, reduce costs, and prevent 
the generation of unnecessary carbon pollution. Other AIs 
support biodiversity [16] or inform greener transportation 
networks [33]. This already shows how differently the sys-
tems are used to supposedly fulfill the same purpose. A 
second problem is that most, if not all, attempts to use AI 
for the SDGs do not consider the sustainability of the AI 
system itself. Can this really be considered AI for Sustain-
ability then?

In this paper, we will tackle two objectives. First, to cre-
ate more clarity on the topic of AI for Sustainability, we 
will propose necessary and sufficient criteria concerning the 
labeling of research as AI for Sustainability. We suggest that 
it is not enough to use AI applications for monitoring or to 
make predictions about future events, but that some form of 
action connected to it is required for the AI to become a part 
of the solution to the outcome. This is an important distinc-
tion to ensure that we reduce the inflationary use of the term 
‘AI for Sustainability’, and thereby prevent the term from 
becoming meaningless. Second, we wish to challenge the 
very notion of AI for Sustainability by questioning whether 
such a label is ever warranted if the application is not at the 
same time addressing Sustainability of AI issues.

2 � Sustainable AI: the next chapter

In recent years, growing attention has been directed toward 
the sustainability aspects of AI, or more accurately put, 
the environmental consequences of making and using AI. 
Leading researchers such as Strubell, Brevini, Coeckel-
bergh and many more address strong sustainability con-
cerns from different perspectives in their research. Strubell 
et al. [41], Lacoste et al. [26], and Dodge et al. [14] have 
focused their investigation on the Sustainability of AI sys-
tems by estimating the energy consumption of AI algo-
rithms, especially in ML and natural language process-
ing (NLP) methods. Crawford and Joler [13] take a more 
general approach by examining different life stages of an 
AI system, outlining the complex relationships between 
environment, resources, work force, labor conditions, 
intellectual human capital, users of an AI system as part 
of a sustainability analysis.

Further, the fields of AI for Sustainability, and AI for 
the SDGs, have become an important part of the global AI 
ethics discussion. AI ethicists Floridi and Coeckelbergh 
explore the potential of AI methods to be applied to help 
deal with a wide range of environmental and social issues 
[10, 17]. While Coeckelbergh calls for responsible use of 
‘AI for climate’ to create a greener, more sustainable world 
and mitigate climate change [14], the ethical framework by 
Floridi et al. [17] investigates the potential of AI to solve 
complex environmental and societal problems to build the 
foundation of a ‘Good AI society’. According to Floridi 
et al., AI put at the service of human intelligence has the 
possibility to greatly enhance human agency [17].

In 2021, van Wynsberghe suggested that it is not enough 
to look at the impacts of AI on the environment and the 
application of AI for sustainable ends in isolation. Rather, 
for Sustainable AI, both branches need to be considered, 
namely one side being AI for Sustainability and the other 
the Sustainability of AI [43]. The question now is what 
does Sustainable AI mean in practice? Is it a combina-
tion of the two, meaning AI for Sustainability can only be 
considered as such if the Sustainability of AI is also con-
sidered? This means that at least AI for Sustainability can 
only be defined in the context of Sustainability of AI. Yet, 
the Sustainability of AI can also be considered in isolation, 
without the purpose of the AI application ever having to be 
defined or known. However, this paper is about addressing 
the branch AI for Sustainability and to question what that 
means, and/or what it ought to mean.

Therefore, the scope of what we conceive of as an ‘AI 
system’ is relevant to the following discussion. We refer 
to AI at two different system levels. When we talk about 
AI for Sustainability, we refer to the use of the trained 
algorithm itself, i.e., the software level. However, we do 
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not limit our research to convolutional neural networks, 
deep learning (DL), ML or any specific method for devel-
oping AI algorithms. Furthermore, we include as resulting 
software outputs any expert system, natural language pro-
cessing, speech recognition or machine vision associated 
with addressing sustainability issues in some way. At this 
moment, it is not a question of whether we agree that it is 
really an AI for Sustainability, but what is currently clas-
sified as such in research and development.

When we consider the Sustainability of AI, we refer 
to both the hardware level of the systems on which the 
algorithms are trained and on a software level, the energy 
consumption of this process. One limitation of this is that 
non-AI-related programs also run on the same hardware. 
Nevertheless, data centers, where AI, among other pro-
grams, is trained, are the closest link that can be made to 
measure the energy and material consumption-related eco-
logical footprint.

3 � AI for Sustainability in the literature

As part of the research in Sustainable AI, the authors of this 
paper were interested in knowing about the kinds of research 
in this space, and to do so through an extensive literature 
review. One of the reasons for this was our belief that there 
has been an increase in the use of the term ‘sustainability’ 
in the AI discourse of late. Second, there is no common 
understanding of the kind of research that can be labeled as 
AI for Sustainability.

The literature search by title, abstract, and keywords1 
related to Sustainable AI in the Web of Science and Sco-
pus databases resulted in 8756 publications. In the first step, 
duplicates and certain publication formats, such as non-peer-
reviewed articles, conference proceedings, and book chapter, 
were excluded leaving us with approximately 6700 publica-
tions. The fact that AI plays a prominent role in the literature 
in the context of (environmental) sustainability is confirmed 
by the sheer number of publication results. However, this 
does not indicate whether it is a rather new trend. There-
fore, the remaining literature was analyzed by publication 
year. At this stage, no literature is excluded by title, topic, or 
abstract, as we are interested in all publications associated 
in the databases with (environmental) sustainability in the 
context of AI.

Between 2000 and 2016, the number of publications 
indexed with keywords related to Sustainable AI remained 
well below 100 publications/year for a decade before slowly 
increasing and finally reaching the 200 publications/year 
mark in 2017. Then in 2018, the topic ‘Sustainable AI’ 
gained traction and the number of publications increased 
exponentially (Fig. 1). In 2022, we have almost 2000 pub-
lications/year. Therefore, the hypothesis that the number of 
publications on the topic of sustainability in the AI discus-
sion has recently been increasing has firm evidence.

Similar results were reported in the worldwide AI ethics 
review of 200 guidelines and recommendations for AI gov-
ernance [25]. Of the 200 government documents reviewed 
that were published between 2014 and 2022, 30.5% were 
published in 2018. They reasoned that this was due to his-
torical events during this period, such as the first death 
from an Uber self-driving car in 2018 and the disclosure of 
the Cambridge Analytica case, in which personal data were 
used without consent for personal profiling and targeting 
advertising for political purposes. These and other incidents 
may explain the increasing attention to AI ethics and regula-
tion [25]. The review demonstrates that governments made 
an effort to regulate AI and started to turn it into guidelines. 
Seemingly, the topic of ethical Sustainable AI has benefited 
from the increased interest in AI.

However, it was challenging to review the sustainability 
concept in the context of the two branches of Sustainable AI. 
The first objective was to divide the publications into two 
groups: those dealing with AI for Sustainability and those 
dealing with the Sustainability of AI. Viewing the publi-
cation results, it became obvious that there is no common 
understanding of the kind of research that can be labeled AI 
for Sustainability. The research field is flooded with different 
types of publications in which the buzzword ‘sustainability’ 
is used in an unconscious or non-committal way, leading to 
the AI for Sustainability movement losing its meaning.

Hence, we did not continue with a further analysis of the 
publications and instead started questioning, what should be 
expected of the system to contribute to sustainability, and 
what do we mean by ‘sustainability’?

3.1 � What should be expected of the term 
sustainability?

The forward-looking nature of ecological sustainability 
was defined by the World Commission on Environment and 
Development (Brundtland Report) as ‘meeting today’s needs 
without compromising the ability of future generations to 
meet their needs’. This approach is important but poses some 
difficulties since future generations’ needs are neither easy 
to define nor determinate [31]. Further, environmental sus-
tainability in the broadest sense aims to protect the earth 
as a whole in the long-term. This covers, among others, 

1  Using the following keywords (some of them written with a wild-
card character, e.g., sustainab*): AI, ML, DL, neural networks, and 
sustainability, ecological, climate change, climate solutions, environ-
mental cost, climate cost, carbon, energy, natural resources, biodiver-
sity, and Sustainable Development Goals, global efforts, policy, jus-
tice, ethic, and moral philosophy. Following several review processes, 
the search string was finalized into a set of three search strings.
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resource management, environmental protection, preserva-
tion of wildlife, habitat restoration, conservation, and pres-
ervation of natural resources. Thus, sustainability refers to 
the ecosystem integrity and carrying capacity of the natural 
environment. This implies that natural resources must not 
be harvested faster than they can be regenerated while waste 
must not be emitted faster than it can be assimilated by the 
environment [31]. Since we disregard this implication, we 
are confronted with the climate crisis. The impacts of which 
provide a convincing argument for the importance of envi-
ronmental sustainability [31].

Multiple frameworks and indicators have been proposed 
to track sustainability and sustainable development over 
time, such as the planetary boundary framework [37], the 
sustainable development goals from the UN or life cycle 
assessments that quantify emissions from all life stages of 
a product or service [15]. In a methodological framework 
assessment to identify shared environmental sustainabil-
ity indicators of the previous three frameworks, Dong and 
Hauschild [15] find a shared focus on seven environmental 
impact categories, i.e., climate change, acidification, ozone 
depletion, eutrophication, chemical pollution, freshwater 
use, and change in biosphere integrity/biodiversity [15]. 
These indicators assess under what conditions the natural 
environment remains productively stable and resilient to 
support human and animal life and development, and if the 
current environmental state meets these conditions. Overall, 

environmental sustainability cannot be achieved through 
isolated initiatives, but through a combination of several 
actions that address each of these indicators. Thus, the goal 
of an AI for Sustainability must support at least one of the 
seven environmental sustainability indicators. In combina-
tion and collaboration, multiple AIs for sustainability can 
then potentially achieve the overall goal of sustainability. 
From hereafter, when the AI system is referred to achieve or 
contribute to sustainability or a sustainability goal, at least 
one of the previously described indicators must be positively 
impacted by the AI system to support the productive, stable, 
and resilient natural environment.

3.2 � Common attributes of AI for Sustainability

When examining the publication results through this lens, 
the first distinction that can be drawn is in which industry or 
sector, e.g., transportation, agriculture, smart cities, energy 
systems, the AI system is employed to reportedly improve 
sustainability. Upon closer inspection, we thought it is nec-
essary to identify common attributes of the different systems 
within their industry group, instead we found two different 
kinds of systems presented in this research field in general. 
While numerous papers explore AI systems for monitor-
ing and information generation, applied to prediction and 
forecasting models, other papers investigate AI systems that 
have an agentic action component that directly contributes 

Fig. 1   Increase in publications in the field of ‘Sustainable AI’ between 2000 and 2022 (number of publications per year) (own illustration)
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to the end result of sustainability. AI systems can be distin-
guished by the existence or absence of an artificial agent2 
providing the system with the capacity to exercise an action 
[35]. In short, there are monitoring/ predictive AI systems 
and agentic AI systems that perform an action. Examples of 
the former include predictive modeling and demand fore-
casting such as solar-irradiation forecasting [2], wind speed 
forecasting [11], country-specific energy import predictions 
[9], short-term power load forecasting [5], building energy 
usage and power consumption predictions [3, 46], extreme 
weather events forecasting [4, 36], suitable habitat forecast-
ing and conservation planning [16] and so on. Examples of 
the latter can include pesticide reduction in agriculture [40], 
optimal (renewable) energy management in smart grids, and 
power flow optimizations in microgrids [1, 8, 27] or optimal 
traffic scheduling techniques [33]. However, numerous pub-
lications focus on economic efficiency gains, and describe 
as a side effect a trend toward reduced resource dependency 
that contributes to environmental sustainability goals, such 
as reduced energy consumption. Yet, efficiency gains often 
lead to rebound effects rather than improved sustainability 
[21, 23, 47].

Nevertheless, there is some concrete research on the 
impact AI has on sustainable development and how AI meth-
ods could be used to further support the SDGs. Vinuesa 
et al. [44] find that AI can enable the accomplishment of 
134 out of 169 targets of the SDGs. They group the SDGs 
according to the three pillars of sustainability (economy, 
society, and environment) and identify in the category AI 
and the environment 25 targets (93%) for which AI could 
act as an enabler [44]. Sætra [38] already pointed out that 
the main problem of the study by Vinuesa et al. [44] is that 
it is very quantitative and empirical, aiming to describe all 
goals and subgoals in the context of a very condensed arti-
cle. As a result, it is an article with many ‘bold conclusions 
and attractive numbers and percentages’ that need more 
comprehensive explanations and deeper analysis [38]. Add-
ing to the shortcomings identified by Sætra [38], we sug-
gest that Vinuesa et al.’s positive result is reinforced by the 
way the authors define AI and what capabilities they expect 
from a software technology in order for the technology to be 
included in their assessment as AI for achieving the SDGs. 
Based on their definition of an AI for Sustainability, any 

software technology that can make predictions has the capa-
bilities of perception, decision-making, automatic knowl-
edge extraction and pattern recognition from data, interac-
tive communication and logical reasoning is included [44]. 
This generous inclusion of different sub-areas contributes 
to such a positive outcome that demonstrably sheds a posi-
tive light on the use of AI for achieving sustainability goals, 
especially around environmental sustainability. Statements 
and research results like this contribute to the hype cycle of 
technologies as a quick fix, i.e., technological solutionism.

4 � What should AI for Sustainability mean?

In our approach, we aim to create a stricter definition 
and expectation on how AI systems can contribute to the 
achievement or approximation of sustainability. Here we can 
draw a comparison to Green’s [19] critique of the lack of a 
common understanding in computer science of what ‘good’ 
in the sense of ‘social good’ means. His statement ‘when the 
movement encompasses everything, it stands for nothing’ 
[19] perfectly describes the situation of the AI for Sustain-
ability movement. Therefore, we need to find a way to limit 
the notion to prevent the misappropriation of the term and/
or the risk of ‘ethics washing’ with the term.

4.1 � The need for action

When researching the literature for Sustainable AI, the paper 
by Atmaja and Fukushi [4] discussing coastal flooding pre-
dictions appears. To be fair, the authors did not index their 
framework as ‘AI for Sustainability’ themselves; however, 
the Elsevier data science teams have built extensive key-
word queries, supplemented with ML, to map documents to 
SDGs, and mapped the following 4 to that article; Sustain-
able cities and communities, climate action, life below water, 
partnership for the goals. As a result, this paper and many 
others appear in a literature search in the category Sustain-
able AI. The paper states that coastal flooding predictions 
utilizing spatial ML could aid climate-related disaster risk 
analysis and contribute to risk reduction and policy sug-
gestions to improve disaster resilience. The research aims 
to archive recent studies on the application of geospatial 
science empowering AI, notably ML in coastal flood risk 
assessment [4].

To be sure, this is a noble effort and research that ought 
to be continued. But such a prediction does not say anything 
about how to prevent future flooding or how to protect the 
individuals at risk. Instead, it measures the consequences of 
previously unsustainable practices in society. Further, this 
information could be used against those communities, or 
it could be hidden from them. Such an event happened in 
Germany in July 2021 where the information, i.e., the high 

2  We are conscious about the fact that the term ‘agent’ in philoso-
phy of mind has a different approach to its definitions. The nature of 
agency in this context is detached from debates on free will, practi-
cal rationality, and moral responsibility [39]. In the computer sci-
ences, the agent character is rather defined by the standard concep-
tion of action, where an agent is a being with the capacity to act and 
agency purely denotes the exercise or manifestation of this capacity 
[39]. Depending on the human–system interaction, the action can be 
executed by an agent, a human, or a combination of both [20].
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likelihood of flood danger in certain areas, was known to 
policy makers but was not widely shared with the affected 
local communities. Local authorities had not informed peo-
ple on the night of the flood [22]. Consequently, intense 
rainfall caused severe floods and 184 fatalities occurred in 
the German federal states of Rhineland-Palatinate (RP) and 
North Rhine-Westphalia (NW). According to data from an 
online survey (n = 1315), 35% of respondents from NW and 
29% from RP did not receive any warning. Of those who 
received warnings, 85% did not anticipate particularly severe 
flooding, and 46% reported lacking situational knowledge 
regarding appropriate protective behavior [42]. So clearly, 
having the information does not necessarily change the out-
come of the situation. Thus, can the above-mentioned study 
by Atmaja and Fukushi [4] be considered research within 
the field of AI for Sustainability?

4.2 � Illustrating the many ways in which AI 
for Sustainability appears in the literature

For a better understanding of how we arrive at our definition, 
four concrete examples are given in which applications are 
categorized according to necessary and sufficient conditions. 
A necessary condition is a condition that must be met for a 
certain event to occur. A sufficient condition is a condition 
that will produce the event. The necessary condition must 
be present but standing on its own is not sufficient to ensure 
the existence of the event [7]. In this paper, the desired event 
is achieving sustainability, i.e., contributing to the positive 
influence on one of the seven environmental impact catego-
ries listed above. Not all AI systems meet the sufficient con-
dition to ensure that the event ‘sustainability’ will occur by 
performing an action. Therefore, we distinguish AI systems 
by determining whether they meet the necessary or suffi-
cient condition. The necessary condition is met if the AI 
system contributes to information generation (e.g., based 
on monitoring), which is then used to perform an informed 
action fulfilling the sufficient condition. We do not classify 
the publications or the research per se, but the AI application 
discussed, or the possible application of an AI system pro-
posed in the respective publication. In the following exam-
ples, we will illustrate the variety of applications that have 
so far fallen under the umbrella of AI for Sustainability and 
highlight some applications that meet the sufficient condi-
tion, and can, therefore, be labeled AI for Sustainability, 
while other applications meet the necessary condition, and 
should, thus, be labeled AI towards Sustainability instead. 
In short, we argue that to be considered AI for Sustainability 
both the necessary and sufficient conditions ought to be met.

Example 1. AI in the energy sector  Short-term prediction of 
the electricity load of individual households is a challenge 
in the research areas of smart grid management/planning, 

feasible energy use, energy conservation and electricity 
market bidding system design. The rationale for this is the 
unpredictability and uncertainty in the electricity consump-
tion pattern of individual households [5]. The user’s elec-
tricity consumption profile varies hourly, daily, weekly, and 
seasonally due to the different environmental and seasonal 
influences. In this example, the focus is on exploring and 
evaluating ML models to accurately predict the user's elec-
tricity consumption profile for energy management in a 
smart community [5].

The predictions from this model can be used as a basis 
for the subsequent implementation of optimal decision rules 
and therefore this application meets the necessary criteria 
and should be labeled AI towards Sustainability. In general, 
energy demand forecasts are essential to help, e.g., policy-
makers, to identify changes in demand and supply under cer-
tain conditions and are crucial for energy planning. Nonethe-
less, they do not necessarily encourage decision-makers to 
invest in additional renewable energy sources. Instead, poli-
cymakers can use the forecasts to ensure fossil fuel imports 
from trading partners to meet future energy demand. Hence, 
any prediction by AI systems can be as accurate as possible 
but will only meet the necessary conditions.

Example 2. AI in renewable energy  The use of advanced ML 
techniques to optimize power flow in a community micro-
grid is an illustration of an application that satisfies the suf-
ficient condition. The increasing penetration of distributed 
renewable energies regularly causes considerable, and rapid 
fluctuations in the power and voltage profiles on the electri-
cal grid. Since renewable energy loads are nonlinear, the 
penetration of distributed renewable energy sources forms 
a challenge for power system efficiency. Real-time control 
strategies that are swift and precise have become essential 
for ensuring that the power system operates at its peak per-
formance [1].

By resolving difficulties in real-time to improve power 
flow while taking into account the operational restrictions 
of the community microgrid, ML is seen as a promising 
tool for regulating the fluctuations of renewable sources 
and loads [1]. Aldahmashi and Ma’s [1] proposed ML algo-
rithms can make fast decisions even with highly uncertain 
variables in the power systems. Thereby, the ML system 
reduces power loss and increases power flow from renew-
able sources. The algorithms assessed have agentic deci-
sion-making capacities, helping to reduce dependence on 
fossil fuels, reduce energy loss, and thus directly contribute 
to a more sustainable consumption pattern and a reduction 
in energy-related emissions [1]. This application satisfies 
the necessary conditions since the ML method employs the 
capability to learn the best approaches to arrive at optimal 
solutions by monitoring and extracting important informa-
tion from past data. The sufficient criterion is subsequently 
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met by the generated information to carry out an action that 
has a beneficial impact on climate change.

Example 3. AI and climate change  Concerning climate change 
in general, the detection and identification of extreme 
weather events in large-scale climate simulations is an 
important concern for risk management, government policy 
decisions, and improving our fundamental understanding 
of the climate system. Supervised convolutional neural net-
works (CNNs) can achieve acceptable accuracy in classify-
ing well-known types of extreme weather events when large 
amounts of labeled data are available [36]. The system is a 
smart monitor that helps better understand and mitigate the 
effects of climate change. However, the value proposition is 
not enough to meet the sufficient condition. The system does 
not trigger any effect to influence sustainability and can be 
labeled AI towards Sustainability.

Example 4. AI in agriculture  Looking at sustainable agricul-
ture, the use of an AI system (xarvio) for digital farming 
solutions in crop protection optimization translated in a 
European case study to a 30% decrease in fungicide usage 
on field trial cereal crops and a 72% decrease in tank lefto-
vers reducing environmental pollution. In Brazil, the use of 
the AI application (using computer vision) resulted in a 61% 
average savings in weed spraying, cutting back on almost 
two-third of herbicide and water consumption [40].

This AI system meets the necessary and sufficient condi-
tions as informed decisions are based on its smart monitor-
ing and its collected information on sustainable agriculture. 
The system contains multiple annotated data points for all 
possible scenarios, such as weather data, light, season, weed 
locations, and so on. Based on this, the system decides in 
milliseconds how many milligrams of fungicide or herbi-
cide to spray. The agentic AI immediately triggers an action 
that has a significant impact on the natural environment by 
reducing the agrochemical load on the field. The use of this 
AI application directly leads to more sustainable consump-
tion and production patterns [40], thus meeting the sufficient 
condition.

5 � AI for Sustainability is not possible 
without the Sustainability of AI

When analyzing the effectiveness of an AI for Sustainability 
and positive impact on the climate crisis, it is important to 
also examine the sustainability of the AI itself. How useful 
can the impact of an AI system be towards sustainable ends 
if its own development and use defeats the purpose of its 
existence in the first place?

Since the pioneering study by Strubell et al. [41] on the 
vast energy-related carbon emissions from training an AI 
model, an increasing number of researchers [14, 26, 28, 29] 
investigate the carbon emissions that result from training 
a variety of freely available NLP and other AI methods. 
All are coming to the same conclusion: energy consump-
tion remains a relevant sustainability issue. Large language 
models are among the biggest ML models, encompassing 
up to hundreds of billions of parameters, requiring several 
weeks of GPU hours to train, while emitting carbon in the 
process. And the trend in recent years suggests that model 
sizes will continue to grow [24, 29]. For example, train-
ing BLOOM, an open-access multilingual language model, 
consumed 433 MWh resulting in 25 tons of CO2 equivalent 
emissions [29, 30]. In other words, BLOOM’s training con-
sumed enough energy to power the average US American 
home for 41 years [30].

Besides, only one training round is considered in these 
calculations, whereas numerous intermediate models are 
trained before the final model is also trained repeatedly. 
In addition, after the models have been published, they are 
frequently refined by additional inference training to elimi-
nate any deficiencies that are discovered (especially in com-
mercial applications such as ChatGPT). To make the scale 
even more evident, the environmental impact of one training 
round for GPT-3 was estimated to be 1,287 MWh resulting 
in 502 tons of CO2eq emissions [30].

In addition, the focus so far has been on estimating the 
energy consumption and associated carbon emissions of 
energy used to run specialized hardware such as GPUs 
[26, 28, 29, 41]. However, it is important to consider that 
the greater infrastructure that maintains and connects the 
hardware, such as power consumption of networking sys-
tems, datacenter maintenance and cooling systems, also 
consumes significant quantities of energy [14, 29]. If these 
factors are taken into account in the dynamic energy used 
for BLOOM training, the total carbon footprint of the model 
training increases by 14.6 tons CO2eq. Note, the estimated 
BLOOM carbon emissions are the result of one single use 
case of many, since the estimates depend on hardware used 
for deployment, the batch size of inferences, and the region 
where the model is running [29].

Selecting the appropriate geographic location of a data 
center can have the biggest operational emissions reduction 
benefit [14]. This is due to renewable energy availability 
or colder climates drastically reducing energy consumption 
for cooling the data centers. A previous study by Lacoste 
et al. [26] confirms these findings. A single choice such as 
data center location can make the direct emissions of an 
algorithm vary by a factor of 40, from 20 g CO2eq/kWh in a 
location that uses renewable energy sources to 820 g CO2eq/
kWh in a location that solely relies on fossil fuels. For a 
model such as BERT, which is trained on multiple GPUs 
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for several weeks, this can correspond to avoiding emitting 
several hundreds of kilograms of CO2eq by training on a 
server powered by hydroelectricity instead of fossil fuels 
[26]. While looking at these numbers, the concern remains 
that increased energy efficiency and installation of green 
data centers lose the race against exponential increase in 
usage.

Still, to reduce the environmental impacts caused by the 
use and development of large-scale AI systems, the impact 
of data centers is only a starting point. A footprint calculated 
in this way for AI falls short when it comes to measuring 
the actual impact of AI on climate change. The CO2 foot-
print of training and using the hardware is only part of the 
calculation as it only takes the direct or computer-specific 
effects into account. But at least as important are the indirect 
effects of AI outside its usage. Not embodied emissions out-
side training and using AI, such as emissions created during 
hardware and infrastructure production, transportation, and 
end-of-life need to be taken into consideration as well [13, 
34, 43]. There is no other way to put it than that AI is (to this 
date) inherently unsustainable given the need for humans to 
curb energy usage and carbon emissions.

How can it then be employed with good consciousness 
to solve sustainability issues? Is an AI for Sustainability at 
all possible to overcompensate its own negative influence? 
Similar concerns have been raised by Cowls et al. [12] who 
note that the carbon footprint of AI research can be signifi-
cant and emphasize that more evidence is needed to weigh 
up the greenhouse gas emissions generated by AI research 
against the energy and resource efficiency gains that AI can 
offer [12].

Therefore, we suggest that AI for Sustainability applica-
tions should only be considered as such when they satisfy 
the condition that they also take into account the environ-
mental damages and mitigate said damages through reduc-
tion of energy consumption, etc 3.

As mentioned above, it is difficult to assess the upstream 
and downstream emissions of AI development, apart from 
the energy-related emissions generated by the training and 
use of AI models. In addition, to this date, it is impossible 
to calculate whether the net environmental impact of AI for 
Sustainability is positive or how the positive impact on the 
respective sustainability goal can outweigh the very differ-
ent negative impact of the models’ development on sustain-
ability. However, the aim should be to establish a transpar-
ency status quo at least when it comes to easy-to-implement 
sustainability queries. The question, therefore, arises as to 

which sustainability reporting standards AI development 
should meet to fulfill the necessary condition.

As a first step, we propose to calculate the carbon emis-
sions that result from the training process. This can be done 
by monitoring the training of the models with tools like 
Code Carbon, which captures the energy consumption of 
the computation with its tracker function [14]. The calcu-
lated carbon footprint should be published in an emissions 
report as a transparency tool. In addition, it might incen-
tivise developers to reduce emissions by optimizing their 
code accordingly or hosting their cloud infrastructure in 
geographical regions that use renewable energy sources. 
This is, of course, at the level of the software developer. 
Data center hardware manufacturers would have completely 
different reporting standards; e.g., graphic processing units 
(GPUs) manufacturers should consider certification schemes 
for metals and minerals (and other factors of production) 
and include them in a sustainability report to contribute to 
transparency. Ideally, in the long term, software developers 
and datacentre operators will then be able to choose more 
sustainably produced computer hardware over others.

In addition, if data centers were required to track their 
ecological footprint (e.g., water consumption for cooling, 
energy consumption for individual computations and the 
operation of the data center, etc.) and make this report pub-
licly available, responsible software developers could make a 
more informed decision about where to train their models. In 
this way, sustainable practices would be implemented more 
and more in the industry at different levels.

More sustainable industry practices must be achieved 
with regulations such as corporate social responsibility or 
the shift in the market where consumer awareness is gradu-
ally changing. In any case, pressure to act must come from 
several sides at once. From regulators, customers, and inves-
tors until sustainability becomes a virtue or mainstream.

6 � What does this mean for the AI 
community?

Since the volume and complexity of novel data available 
for decision-making exceed existing analytics capabilities, 
organizations are being pushed to automate and extend data-
driven analytics using algorithmic technologies [20]. We are 
by no means rejecting this but simply seeking a clearer, more 
common, understanding of the terms related to algorithmic 
technologies. While some AIs are able to support the fight 
against the climate crisis, there are too many free riders who 
use the term AI for Sustainability only for marketing reasons 
to create a good image of their product or service, while 
probably achieving the opposite of what they claim as the 
development of the system contributes negatively to climate 
change.

3  The authors do not restrict themselves to AIs for Sustainability 
applications; rather, all AI applications should be held accountable 
for their environmental externalities like other emission intensive 
industries
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It seems necessary to raise awareness about the dif-
ferent degrees to which AI may or may not contribute 
to its stated and marketed goal. There is a need for a 
more differentiated perception and critical reflection 
of AI systems, which are often inconsiderately or for 
the wrong reasons referred to in the discourse as AI for 
Sustainability.

Having described the sustainability issues especially 
related to the development and use of AI systems, we 
add another necessary criterion, i.e., the sustainability 
analysis of the AI system. As previously stated, we want 
to challenge the notion of AI for Sustainability by ques-
tioning whether such a designation is even justified if the 
application does not simultaneously address issues of AI 
sustainability. Since investigating the Sustainability of AI 
applications is rare and not yet part of the status quo, we 
suggest this should become common practice.

Therefore, based on all the information discussed in 
this paper, we propose a definition that adopts the neces-
sary and sufficient condition for assigning the labels AI 
in ‘application domain’, AI towards Sustainability, and 
AI for Sustainability with each category increasing the 
sustainability inquiry of the AI application (Fig. 2). The 
highest achievable level is the AI for Sustainability, which 
fulfills three conditions: monitoring and information pro-
vision, a sustainability analysis of the application, and an 
action component that contributes to a sustainability goal.

We propose to use this gradient in the future to cat-
egorize AI applications and Sustainable AI research. 
Although desirable, the Sustainability of AI is not cur-
rently analyzed frequently and only to a certain extent. On 
this basis, we generally refuse to call a system AI for Sus-
tainability for the time being. If a system is then labeled 
AI for Sustainability in accordance with this gradient, the 
label indeed has a meaning.

7 � Conclusion

AI for Sustainability is not reduced to a certain industry, 
sector, or research area and each AI system is designed to 
solve a different problem. Moreover, there is currently a 
discrepancy in which AI for Sustainability applications are 
referring to—sustainable ends, sustainable methods, sus-
tainable…? To prevent the oversaturation of the term AI 
for Sustainability, we have presented three criteria that any 
application labeled as such must satisfy, namely monitor-
ing and information provision, a sustainability analysis of 
the application, and an action component that contributes 
to a sustainability goal.

We conclude this by arguing that the existence of infor-
mation alone does not necessarily impact the outcome of a 
situation. This was demonstrated by concrete examples, such 
as the terrible flood disaster in Germany in 2021. Therefore, 
the sufficient argument is only met when the AI system is 
connected to an action directly. Of equal importance, we 
question whether an inherently unsustainable system can 
contribute to sustainability goals at all. Any positive influ-
ence of the system is significantly set back when both the 
creation of the system and its use are extremely unsustain-
able. The question remains whether this can be balanced out 
in the long term, or whether it will only contribute nega-
tively to the climate crisis overall. Hence, when approaching 
AI for Sustainability, it seems crucial to us that the sustain-
ability of the AI system itself is assessed. At this point, the 
importance of a forward-looking responsibility in AI devel-
opment can be emphasized, where initial harm is prevented 
from occurring in the first place. Therefore, we propose the 
idea of a spectrum or gradient, in which Sustainable AI can 
be arranged on three levels: AI in the application domain, 
AI towards Sustainability, and AI for Sustainability.

Fig. 2   Gradient describing the 
spectrum of research conducted 
in the field of Sustainable AI 
(own illustration)
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So, we ask policymakers, researchers, and industry: 
where does your AI application fit on the gradient? Further, 
where should it fit?
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