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I N V I T E D  R E V I E W

Artificial intelligence-powered solutions for environmental 
sustainability in medical imaging: a scoping review

PURPOSE
Growing evidence shows that medical imaging has a substantial environmental impact. With the 
increasing adoption of artificial intelligence (AI) in clinical settings, it is important to explore how 
this technology may support environmental sustainability. 

METHODS
Literature searches were performed across eight databases (PubMed, Wiley Online Library, Embase, 
Web of Science platform, the Cochrane Library, Cumulative Index to Nursing and Allied Health Lit-
erature Ultimate, Google Scholar, and MedRxiv) for the period January 2020–June 2026. Full-text 
sources in the English language were eligible for inclusion. The Joanna Briggs Institute checklists 
were employed for risk of bias assessment. All data were analyzed using a textual narrative synthe-
sis. 

RESULTS
In total, 23 studies were deemed eligible for inclusion. The literature proposed that AI tools in med-
ical imaging could be used to minimize energy consumption by optimizing patient scheduling, 
decreasing scanner idle times and workstation use, reducing computed tomography over-scan-
ning, contrast agent usage, and radiation dose, harnessing low-field magnetic resonance imaging, 
and curtailing low-value imaging. However, AI technologies may also impact the environment in 
harmful ways. 
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Climate change is a complex phenom-
enon associated with global warming 
and irregular weather patterns, and it 

poses severe environmental, societal, eco-
nomic, and political challenges globally. It 
also causes an ongoing increase in global 
temperatures, rising sea levels, and a sub-
stantial release of toxic substances in the 
environment.1 Greenhouse gas (GHG) emis-
sions are among the major determinants of 
global environmental change.

Healthcare is a significant contributor to 
GHG emissions, responsible for almost 5% 
of global emissions.2 Therefore, it is impera-
tive to find effective ways to reduce its car-
bon footprint by implementing policy and 
practice changes at both the individual and 
organizational levels. Various suggestions 
have been documented in the literature; 
these include, but are not limited to, manag-
ing physical waste, reducing commuting, im-
plementing decarbonization measures, and 
conducting workforce training to change 
culture.3 

Medical imaging is among the top car-
bon footprint contributors within healthcare, 
with previous data showing that medical im-
aging can contribute up to 15% of a hospi-
tal’s electricity consumption (as measured for 
a specific institution).4 Radiology accounts 
for up to 1% of global emissions;5 computed 
tomography (CT) and magnetic resonance 
imaging (MRI) are the principal culprits,6 
contributing an estimated 0.77% of global 
CO2 emissions in 2016 (with a projected 30% 
increase by 2030).7 MRI scanners consume 

> 100 MWh per year, and a single scanner 
spends 31%–38% of its annual energy con-
sumption in a “system-off” state.8 Moreover, 
two-thirds of CT energy consumption occurs 
while the scanner is idle.5 These inefficiencies 
are exacerbated by an explosion of AI tools 
that require data centers, storage, and model 
training/inference computing power, which 
substantially contributes to the medical im-
aging carbon footprint.

The associated storage of medical images 
on data servers over many years generates 
GHGs.9 In addition, the use and disposal of 
iodinated contrast agents (ICAs) and gado-
linium-based contrast agents (GBCAs) may 
contaminate water systems, requiring fur-
ther energy to secure cleaner water sources. 
Interventional radiology may also pose a siz-
able sustainability burden, since it generates 
substantial physical waste, mainly associated 
with single-use surgical supplies.10 It also 
presents high energy consumption due to 
prolonged use of ionizing radiation and the 
use of ICAs. Finally, there is an urgent need 
to reduce any travel-related carbon footprint 
exhibited during major conferences,11 which 
attract large numbers of delegates from 
medical imaging and related specialties. The 
above challenges have led major societies 
around the globe to advocate policy chang-
es, such as allowing hybrid attendance, min-
imizing the length or frequency of events, 
and promoting global collaboration to 
achieve environmental sustainability in med-
ical imaging. Environmental sustainability in 
medical imaging, often called “green radiol-
ogy,” integrates practices that mitigate the 
negative impact of climate-related changes, 
supports environment-sparing policies, and 
takes into account environmental, economic, 
and social aspects of imaging.12

The medical imaging discipline is already 
being transformed by artificial intelligence 
(AI)-based solutions, with development and 
adoption of AI products showing a steady in-
crease over the last few years.13 These tools 
can offer increased diagnostic accuracy, op-

timized workflows, enhanced patient care, 
and more benefits for clinical practice. At the 
same time, AI systems require substantial 
computational power and storage capacity 
at data centers, and this leads to increased 
energy consumption and high carbon emis-
sions.14 Therefore, although AI can offer po-
tential benefits to healthcare delivery, its 
sustainability should also be thoroughly 
evaluated and balanced with the proposed 
benefits stemming from its use.15,16 AI may, 
for instance, help curb the environmental 
impact of medical imaging by addressing 
current challenges in the field, such as min-
imizing low-value imaging, reducing energy 
consumption, optimizing use of resources, or 
lowering radiation dose.17,18

This scoping review aims to map out 
currently available AI-powered initiatives in 
medical imaging to help improve environ-
mental sustainability. 

Methods

Registration

This scoping review has been retrospec-
tively registered into the Open Science 
Framework platform (registration number: 
https://osf.io/mhuc6/overview).

Research question

The research question of this review was 
formulated according to the Population, 
Concept, and Context framework, a univer-
sally accepted framework suggested by the 
Joanna Briggs Institute (JBI) to construct 
research questions for scoping reviews. In 
this review, “medical imaging” represents 
the population of the research question (in-
cluding MRI, CT, ultrasound, X-rays, nuclear 
medicine, and interventional radiology), 
“AI” constitutes the concept (including all 
AI-powered initiatives and interventions 
aiming to enhance environmental sustaina-
bility), and “sustainability” is operationalized 
as the context within which the contribution 

CONCLUSION
Although AI-powered solutions hold promise for improving sustainability in medical imaging, the true environmental impact remains largely unexplored. 

CLINICAL SIGNIFICANCE
The findings of this work further strengthen the dual role of AI adoption in medical imaging related to environmental sustainability. 

KEYWORDS
Radiology, sustainability, artificial intelligence, medical imaging, environment, green

Main points

•	 AI can potentially reduce energy consump-
tion and waste across different imaging mo-
dalities.

•	 There is a significant environmental impact 
linked with AI-enabled radiology practice. 

•	 However, balancing functionality and sus-
tainability is necessary for all AI-enabled 
devices in radiology.
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of these technologies is explored. Therefore, 
the final research question of this scoping re-
view is: How can AI-powered initiatives con-
tribute to sustainability in medical imaging?

Reporting

Reporting of the findings of this scoping 
review conforms with the Preferred Reporting 
Items for Systematic Reviews and Meta-Anal-
yses (PRISMA) extension for scoping reviews.19

Search strategy

Searches were performed across eight 
different electronic bibliographic databases: 
PubMed, Wiley Online Library, Embase, Web 
of Science platform, the Cochrane Library, 
Cumulative Index to Nursing and Allied 
Health Literature Ultimate, Google Scholar, 
and the MedRxiv database for preprint work. 
In addition, handsearching strategies were 
used to identify relevant sources of evidence 
published in content-related journals and 
special issues. Backward citation searching, a 
well-established technique used when con-
ducting systematic or scoping reviews,20 was 
also employed.

Searches were independently performed 
by three researchers using different combina-
tions of synonyms of “radiology” (e.g., medi-
cal imaging, radiography, unique names of 
medical imaging modalities such as CT, MRI), 
“AI” [e.g., machine learning, deep learning 
(DL), algorithms], and “sustainability” (e.g., 
carbon emissions, environment-friendly, 
green energy, carbon footprint). An updated 
literature search was conducted in June 2026 
before submission of this scoping review for 
publication. The search strategy was finalized 
after iterative discussions within the research 
team; relevant keywords were used for iden-
tification of sources of evidence, and these 
were appropriately combined into differ-
ent search strings using Boolean operators 
(AND/OR/NOT) and relevant filters to limit 
the results appropriately. Finally, truncations 
were used to ensure that all variations of key-
words would be included in the obtained re-
sults. The full search strategy can be found in 
Supplementary Material 1.

Inclusion and exclusion criteria

Explicit inclusion and exclusion criteria 
were defined during the conceptualization 
of this scoping review, and these are listed 
below (Table 1). For the purpose of this scop-
ing review, AI was defined as any AI-powered 
intervention helping to reduce the environ-
mental impact of medical imaging, either di-
rectly (e.g., AI-enabled power management) 

or indirectly (e.g., shorter scan times due to 
AI-based image reconstruction). AIs of any 
architecture were eligible for inclusion. The 
energy use of AI models themselves was also 
within the scope of this review.

Selection process

All identified sources were imported by 
the researchers into (Rayyan.ai, Cambridge, 
MA), an AI-powered platform specifically 
designed for automation and transparency 
of article screening and selection during re-
views.21 After removal of duplicates, two re-
searchers independently performed screen-
ing of titles and abstracts of all the remaining 
articles against the eligibility criteria of this 
review. All sources deemed eligible for in-
clusion in the scoping review were further 
evaluated at full-text level. Any discrepancies 
at this stage of the selection process were re-
solved by the senior authors of this scoping 
review. 

Data extraction

After selection of the sources, two re-
searchers independently populated data 
extraction tables, extracting data on year of 
publication, country, study objectives, study 
design, participants/setting, and outcomes 
(Supplementary Table 1). A separate data ex-
traction table was created to hold data on AI 
purpose, AI system used, imaging modality, 
measured effect with units, comparators, and 
AI’s own cost/energy (Supplementary Table 
2). Final confirmation and amendments were 
actioned by a senior researcher.

Critical appraisal of sources

The JBI Critical Appraisal Tools were em-
ployed for risk of bias assessment. Specific 
tools were used according to the study de-
sign of the included studies. Regarding nar-
rative reviews and opinion statements, the 
dedicated JBI tool for assessing the quality 
of textual and opinion-based evidence was 
used. Cross-sectional studies were evaluated 
using the JBI tool for analytical cross-section-

al studies, as this was updated earlier this 
year. The detailed risk of bias assessment 
outcome can be seen in Supplementary Ma-
terial 2. 

Synthesis of results

This scoping review followed a narrative 
synthesis approach for reviewing and syn-
thesizing the findings of all included studies. 
Narrative synthesis employs a textual ap-
proach to summarize and present all findings 
across different studies, without excluding 
numerical analyses. This approach aims to 
arrange heterogeneous sources of evidence 
into more homogeneous subgroups to fa-
cilitate analysis of the findings.22 In addition, 
narrative synthesis has proved efficient in 
converting evidence into practical and clear 
guidelines.

Results
In total, 23 studies were included in this 

scoping review. No studies were excluded 
based on risk of bias assessment. The follow-
ing PRISMA flow diagram summarizes the 
process of searching, screening, and select-
ing sources of evidence (Figure 1).

Study characteristics

Among the 23 included studies, most (n = 
15) were narrative-based sources not report-
ing primary data (narrative reviews, editori-
als, or scientific statements),5,6,8,23-34 followed 
by observational studies (n = 5),35-39 2 sys-
tematic reviews,40,41 and 1 scoping review.42 
Publication years ranged from 2023 to 2026. 
The included studies were from the USA (n = 
4), Canada (n = 4), Australia (n = 3), UK (n = 
2), Germany (n = 2), the Netherlands (n = 2), 
Switzerland (n = 2), Japan (n = 1), France (n 
= 1), Ireland (n = 1), and Norway (n = 1). The 
majority (n = 22) of the included studies ex-
amined AI-enabled ways to improve sustain-
ability in MRI and CT. Two studies discussed 
AI-enabled environmental sustainability in 
nuclear medicine. 

Table 1. Eligibility criteria

Inclusion criteria

Sources of evidence written in English

Published between January 2020 and June 2026

Only full-text sources

Preprints allowed

Exclusion criteria

Animal and cadaveric studies

Sources not related to artificial intelligence-powered environmental sustainability

Corporate material from vendors that was not part of a peer-reviewed publication
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Regarding the sources’ classification per 
AI system type, most included sources dis-
cussed DL approaches, with some of them 
specifically focusing on convolutional neural 
networks (CNNs) or U-Net architectures, fol-
lowed by those using large language models 
(LLMs) and generative adversarial networks. 
Different types of AI-powered interventions 
were used in the included studies, with most 
focusing on accelerating image acquisition, 
enhancing image quality with AI-enabled 
methods, or reducing energy consumption 
and carbon emissions. In addition, LLMs 
were used to analyze reports.

The main findings identified within the 
obtained studies are presented below, clas-
sified according to whether they were re-
ported in primary or secondary sources of 
evidence.

Sustainability outcomes from primary 
studies

Different sustainability outcomes were 
reported in the primary studies included in 

this scoping review. First, DL-based image 
reconstruction combined with simultaneous 
multi-slice techniques achieved an energy 
consumption reduction of 0.39 kWh per scan 
in patients undergoing routine MRI examina-
tions.36 This value is being reported as it was 
mentioned in the primary study, without its 
exact method being available. In another 
study, implementing DL sequences across all 
body regions was measured to lower energy 
consumption in a range of 31%–72%, and the 
projected annual carbon footprint savings 
per scanner were found to be up to 5,422 kg 
CO2.37 Similarly, DL-powered MRI sequences 
reduced energy per examination, and this 
reduction was modelled at 21%–65%,38 ac-
cording to the acceleration factors, which is 
further translated into considerable cost sav-
ings. In addition, application of UNet++ ap-
proaches for breast lesion segmentation in 
dynamic contrast-enhanced MRI (DCE-MRI) 
was found to achieve approximately a five-
fold reduction in energy consumption, and 
its calculated carbon footprint was reduced 
to 0.13 ± 0.03 kg CO2.35 When analyzing the 

reports of chest radiographs, a general-pur-
pose LLM was measured to consume consid-
erably less energy (0.59 kWh vs. 4.16 kWh) 
when a much smaller parameter size was se-
lected (7 vs. 70 billion parameters).39

Sustainability outcomes reported in sec-
ondary sources

The following sustainability outcomes 
were reported in secondary sources of ev-
idence (e.g., narrative reviews, systematic 
reviews). Therefore, they should be inter-
preted with caution, since they are primari-
ly based on recommendations, rather than 
evidence-based outcomes. Moreover, the 
clinical and workflow-related benefits below 
cannot be associated with a directly proven 
environmental benefit, since specific metrics 
for these are not reported in the following 
sources of evidence. All outcomes have been 
grouped in relevant themes and categories, 
according to the patient pathway within the 
medical imaging department (Figure 2).

Reducing imaging equipment idle time

AI tools can help reduce the overall energy 
consumption of medical imaging equipment 
by lowering the energy they consume dur-
ing idle times; this can be achieved through 
AI-powered automatic equipment shutdown 
during expected periods of idle time.5

Artificial intelligence-accelerated image ac-
quisition

As stated above, AI-powered acceleration 
techniques have been reported to have a 
beneficial impact on sustainability in var-
ious ways. For example, AI-assisted image 
reconstruction techniques can be applied to 
automate planning of imaging planes to de-
crease the time needed for this task during 
the examination,5,6,30 resulting in less energy 
required due to shorter examination times. 
Specific AI-assisted methods have been 
recommended by many professional socie-
ties to accelerate cardiac MRI examinations 
(CMRs),23,24 and it was further explained that 
AI-powered abbreviated protocols for CMRs 
should focus on outstanding clinical ques-
tions only, thus helping to lower the carbon 
footprint of these examinations.30 

Another suggested way of reducing 
MRI scan times is to use half the number 
of phase-encoding steps,8 with DL-based 
image reconstruction techniques showing 
potential to achieve an annual energy con-
sumption reduction of up to 13%.8 Regard-
ing CT, advanced DL image reconstruction 
algorithms have been recommended to be Figure 1. Preferred Reporting Items for Systematic Reviews and Meta-Analyses flow diagram of study 

identification, screening, and inclusion.
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integrated to reduce energy consumption 
per case.33 

Image post-processing

AI tools can also assist clinicians after im-
age acquisition; de-noising images that have 
been accelerated using AI-powered tech-
niques can further contribute to enhanced 
environmental sustainability,5,8,30 as it pre-
vents scan repeats due to low image quality 
or a low signal-to-noise ratio (SNR). In nuclear 
medicine, AI can generate pseudo-CT atten-
uation maps to be used in positron emission 
tomography or single-photon emission CT, 
thus avoiding CT radiation dose.29 Automat-
ed image analysis can also offer the advan-
tage of otherwise unobtainable pixel-based 
data (e.g., to improve the estimation of in-
determinate pulmonary nodule malignancy 
risk at chest CT, thus informing whether fur-
ther interventions are required that could be 
wasteful).5 In CMR, AI tools can also perform 
automated image analysis and reporting to 
reduce workstation use.24 Finally, opportun-
istic screening can be achieved with certain 
AI solutions; incidental data can be extract-
ed from medical imaging examinations (e.g., 

coronary artery calcium score quantification 
from chest CT scans) and contribute to re-
duced GHG emissions from repeated studies 
when information was already available on 
other tests.5

Radiation dose reduction

Helical scanning requires irradiation of 
larger lengths than those planned. This is re-
ferred to as over-scanning and can increase 
radiation dose. Studies found that manual 
over-scanning (i.e., scan range expanding 
beyond the target anatomy due to human 
errors during manual scan range determi-
nation) often occurred in chest CT scans, 
and this was mainly observed in the inferi-
or boundaries of the scan range. A recent 
systematic review indicated that AI-ena-
bled applications using CNNs facilitated re-
al-time monitoring of scan ranges, reduced 
over-scanning and radiation dose, and sub-
sequently improved radiation safety.41

Low-field magnetic resonance imaging

Recent AI advancements that could allow 
clinicians to benefit from low-field and ul-

tra-low-field MRI were also discussed in the 
respective studies. Low-field imaging has 
lower energy requirements to sustain the 
static magnetic field and less reliance on gra-
dients for signal encoding, although it exhib-
its a lower SNR than high-field MRI scanners. 
However, AI-powered image reconstruction 
methods can enhance the SNR in low-field 
systems and generate synthetic images with 
higher signal and spatial resolution for op-
timal diagnosis while maintaining a lower 
energy consumption profile than previous 
methods.23 Generative AI systems could pro-
vide images with high signal and of compa-
rable clinical value.24 Such approaches were 
suggested to allow low-field MRI to evolve as 
an alternative to higher field strengths, help-
ing to reduce energy consumption.8 

Workflow optimization

AI tools have been employed to optimize 
clinical workflows and resource utilization. 
Clinical decision support systems powered 
by AI could be used to personalize recom-
mendations and avoid unnecessary imaging 
examinations that have no clinical value and 
to reduce low-value imaging.5,25,34 This could 
also be achieved by using natural language 
processing (NLP) tools to decrease low-value 
and high-cost imaging.23 Clinical workflows 
could be further improved with the use of 
intelligent scheduling algorithms that can 
optimize imaging equipment usage8 and re-
duce equipment idle time.23,34 The increased 
diagnostic accuracy provided by AI systems 
may further contribute to environmental 
sustainability by reducing repeat scans.8 
Furthermore, AI could be utilized in work-
force scheduling, which not only improves 
employee wellbeing but also reduces unnec-
essary travel and GHG emissions by clinical 
staff.5,6 Where possible, AI-based telemed-
icine approaches, such as virtual IR clinics, 
can be employed to reduce patient travel 
and carbon footprint.8

Contrast agents

It has been suggested that AI tools can 
be used to optimize contrast dosage27,28,32 in 
diagnostic imaging and radioisotope dosim-
etry in nuclear medicine,6 determine when 
contrast agent administration is not need-
ed, or generate DL-based virtually enhanced 
images.5,23 AI-generated virtual contrast-en-
hanced images can potentially reduce the 
amount of ICAs in CT by 50% while main-
taining image quality.5 In another review, 
DL-based virtual enhancement models were 
found to achieve delineation between is-
chemic and non-ischemic fibrosis and scar-

Figure 2. Main themes and categories derived from textual narrative analysis. *Image created with 
BioRender. AI, artificial intelligence; GHG, greenhouse gas; CT, computed tomography; SNR, signal-to-noise 
ratio. 
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ring in CMR similar to late gadolinium en-
hancement.24,30 DL-based models allow for 
reduced contrast dosage;5,26,27,32 for instance, 
they can predict brain DCE-MRI images using 
only 10% of the standard GBCA dosage8 or 
achieve up to 80% dosage reduction in MR 
angiography of congenital heart disease.24 
The contrast-to-noise ratio exhibited on MRI 
images acquired with reduced GBCA dosage 
can be restored by DL models.5

Discussion
Previous work has been published on 

AI-enabled medical imaging and environ-
mental sustainability. A narrative literature 
review highlighted critical aspects of AI-re-
lated environmental sustainability in medi-
cal imaging.5 However, our work followed a 
robust and comprehensive approach, em-
ploying a scoping review methodology. Fur-
thermore, a recent systematic review found 
that environmental sustainability is seldom 
evaluated; of 4,449 citations, only 18 studies 
met the inclusion criteria, 6 reported quanti-
tative outcomes, and algorithms designed to 
be “lightweight” generated 2.19–17.15 times 
less carbon emissions and 1.60–751.62 times 
less energy than standard models.43 Howev-
er, this work focused mainly on clinical ra-
diological studies using AI tools to support 
diagnosis and on quantitative metrics of en-

vironmental sustainability. Similarly, a recent 
scoping review focused on any sources of ev-
idence discussing the environmental impact 
of AI in medical imaging, although quantita-
tive metrics from primary studies were not 
reported.42 Our study focused on exploring 
ways in which AI can have a positive environ-
mental impact on medical imaging, having 
a clinical/operational focus and following 
the patients’ pathway to guide radiogra-
phers through this AI-enabled process. Any 
strictly computational/quantitative-focused 
literature was not the primary focus of this 
review. Moreover, our study was the only one 
to perform broader searches across eight da-
tabases. Table 2 provides a brief comparison 
between our scoping review and its two an-
tecedent reviews. 

This scoping review revealed not only AI’s 
environmental cost, as developing and de-
ploying AI models requires substantial com-
puting power and therefore large amounts 
of energy,5 but also its potential for more sus-
tainable clinical services in medical imaging. 
AI can shorten scans through abbreviated ac-
quisitions, improve scanner scheduling, and 
reduce low-value imaging. These opposing 
forces constitute the so-called “AI sustaina-
bility paradox”: the need to weigh the envi-
ronmental burden of AI against its ability to 
reduce energy consumption.44

Environmental footprint of artificial intelli-
gence beyond the scanner

The environmental footprint of AI itself 
encompasses multiple stages of the AI life-
cycle. Training, validation, and deployment 
of AI models demand significant computing 
power; for instance, training one NLP model 
using a neural architecture search can emit 
more than 626,000 pounds of CO2-e,45 which 
is approximately five times the lifetime emis-
sions of an average car; carbon intensity var-
ies by location, although newer estimates are 
considerably lower than they were. A single 
GPT-3 training produces between 223,920 
and 858,360 kg CO2-e,5 depending on the 
data center’s energy source. Inference, which 
is executed millions of times, can cumulative-
ly exceed training emissions. Selecting ener-
gy-efficient hardware (e.g., halving CPU cores 
can reduce emissions by 33%) and optimizing 
algorithms through pruning, quantization, 
or model distillation can save 15%–76% of 
energy.5 Inference with lightweight models 
on low-power edge devices, reusing open-
source models, and using federated learning 
further reduces the computational burden.42 
Nevertheless, transparent reporting of mod-
el energy consumption remains rare. Beyond 
computing, cloud data centers supporting AI 
training and storage emit large amounts of 
carbon. According to the International En-
ergy Agency, global data centers emit 180 

Table 2. Comparative table of antecedent similar reviews

Study Design Search methodology Criteria Results Primary focus Metrics 
reported

Added value

Thomson et 
al.43

Syst. 
review

MEDLINE and Embase 
were searched for 
peer-reviewed sources 
from 2015 to 2025

Only hospital-based 
clinical radiology 
papers
Conference papers 
also included

Eighteen sources 
of evidence 
(14 studies, 
4 conference 
abstracts)

Any quantitative 
measure of artificial 
intelligence (AI)’s 
environmental 
impact

Energy 
consumption 
(watts or joules)
Carbon 
emissions 
(CO2eq)

No research 
comparing AI vs. 
standard care was 
identified 

Champendal 
et al.42

Scoping 
review

MEDLINE, Embase, 
Cumulative Index to 
Nursing and Allied 
Health Literature 
Ultimate, and Web of 
Science were searched 
from 2014 to 2024

All sources 
discussing the 
environmental 
sustainability of 
AI applications in 
medical imaging

Thirteen sources 
of evidence (9 
original studies, 
4 reviews)

To explore how 
the environmental 
sustainability of AI 
in medical imaging 
is addressed

No quantitative 
sustainability 
metrics were 
reported

Lack of studies 
measuring 
the true 
environmental 
impact of AI

Current 
study

Scoping 
review

PubMed, Wiley Online 
Library, Embase, Web 
of Science platform, 
the Cochrane Library, 
Cumulative Index to 
Nursing and Allied 
Health Literature 
Ultimate, Google 
Scholar, and MedRxiv 
from 2020 to 2026

Peer-reviewed 
literature discussing 
all AI-powered 
initiatives 
to improve 
environmental 
sustainability in 
medical imaging
No conference 
papers included

Twenty-three 
sources of 
evidence (15 
reviews/scientific 
statements/
editorials, 5 
original studies, 
3 systematic/
scoping reviews

To explore how 
AI can help curb 
the environmental 
impact of medical 
imaging

Energy 
consumption 
(kWh)
Carbon footprint 
(kg CO2)

All possible 
ways across the 
patient’s pathway 
in which AI 
can reduce the 
environmental 
burden of medical 
imaging were 
reported, with 
an operational/
clinical focus, 
rather than 
trying to quantify 
environmental 
outcomes
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million tonnes of CO2.46 Strategies such as 
tiered storage, compression, deduplication, 
and leveraging renewable-energy-powered 
providers42 can mitigate these emissions. 

Lifecycle impact beyond the hospital

Comprehensive lifecycle assessments esti-
mating the overall environmental impact of 
medical devices are not yet standardized.42 
Although the production of imaging equip-
ment is resource- and energy-intensive, the 
impact per examination over a 10–15-year 
lifespan of the product is thought to be low 
compared with the ongoing energy use. How-
ever, estimates of the grey energy of medical 
imaging equipment—the environmental 
footprint resulting from its production—are 
imprecise owing to a scarcity of information 
on equipment weight and composition.47 
Nonetheless, pathways for upgrading equip-
ment and prolonging its useful lifespan, as 
well as sustainable manufacturing practices 
that anticipate recyclability, can contribute to 
a reduced overall environmental impact.

Even in the daily running of CT scanners, 
the majority of energy is consumed outside 
of the hospital. This includes the generation 
and transmission of electricity and the pro-
duction of consumables, such as single-use 
materials, textiles, and contrast agents.48 
Consequently, approximately three-quarters 
of the environmental impact of CT scanning 
is caused outside of hospitals.48

Sustainability strategies in medical imag-
ing beyond artificial intelligence

Efforts to decarbonize medical imaging 
should not rely solely on AI. Basic “turn-it-
off” strategies, which switch scanners to 
low-power modes during nights and week-
ends, can reduce energy consumption. 
Equipment procurement should prioritize 
modular upgrades and low-energy compo-
nents to extend lifespan and avoid prema-
ture replacement. Hospitals are establishing 
sustainability officers, developing procure-
ment policies that favor recycled packaging, 
and promoting recycling or proper disposal 
of e-waste. Medical imaging departments 
should embed climate literacy into training, 
emphasizing the four pillars of green radi-
ology: reducing energy, water, and helium 
use; recycling waste (including contrast); 
fostering environmentally friendly behavior; 
and reducing ionizing radiation. Renewa-
bles-powered data centers and evaporative 
cooling can further reduce the footprint, and 
more open and transparent reporting from 
both research and industry about the envi-
ronmental impact of imaging and AI tools 
is urgently needed to guide purchasing and 
practice decisions.

Education, transparency, and accountabil-
ity

Despite growing environmental concerns, 
integration of sustainable practices into AI or 

medical imaging education remains mini-
mal. The widely adopted AI Literacy Course 
for radiology residents focuses on algorith-
mic bias and ethics but does not explicitly 
address environmental impact. Similarly, in 
a first-year medical student AI course, topics 
include fundamentals, prompt engineering, 
and ethical use of generative AI, again with-
out consideration for sustainability. Educa-
tors should incorporate climate literacy, envi-
ronmental cost accounting, and sustainable 
healthcare principles into curricula. The So-
ciety for Cardiovascular Magnetic Resonance 
calls for carbon cost and environmental 
awareness to be incorporated into medical 
education and CMR training programs.24

Transparency is equally critical in an en-
vironment where environmental metrics 
are rarely disclosed for both AI tools and 
medical devices. Recent work proposed the 
development of energy and carbon efficien-
cy ratings for AI models and standardized 
ecolabels, analogous to the Energy Star 
program for consumer devices.49 Vendors 
should report the carbon footprint of their 
products (physical and software) alongside 
clinical performance, enabling purchasers 
to compare tools on sustainability as well as 
accuracy and cost. The European Society of 
Radiology’s Green ID initiative exemplifies 
this approach;50 it certifies medical imaging 
departments’ sustainability practices based 
on criteria covering energy, waste, and pro-

Table 3. Recommendations to enhance sustainability in medical imaging

Category Action

Mandate lifecycle 
assessments and carbon 
labelling for artificial 
intelligence (AI) tools

Regulatory agencies and purchasing bodies should require vendors to report energy use and carbon emissions for training 
and inference.
The environmental impact should be split into in-hospital and out-of-hospital emissions.
Transparent and standardized metrics will allow comparison of AI models and drive innovation toward lightweight 
architectures.

Integrate environmental 
sustainability into AI 
education curricula

Medical schools, radiology residency programs, healthcare schools for allied health professionals, and continuing education 
courses should teach carbon accounting, green computing techniques, and the environmental implications of AI.
Course curricula should include sustainability alongside ethics and bias to prepare a workforce that can balance 
environmental costs and clinical benefits.

Optimize imaging protocols 
and reduce low‑value 
imaging

Implement AI‑accelerated protocols that shorten scan times and energy use without sacrificing diagnostic quality.
Implement clinical decision support systems that incorporate environmental impact to avoid unnecessary or low-value 
scans.
When multiple modalities offer similar clinical value, choose the method with the lowest radiation dose and environmental 
impact.

Improve data and hardware 
efficiency

Use lightweight algorithms, edge computing, and federated learning to minimize training and inference emissions.
Adopt tiered storage, data compression, and renewable‑powered data centers to reduce the footprint of data storage.
Procure equipment with modular upgrades, and implement idle‑mode management strategies to extend device lifespans.

Engage stakeholders 
through policy, certification 
and collaboration

Professional societies should develop toolkits and certifications (e.g., Green ID) to support departments in adopting 
sustainable practices.
Policymakers should integrate sustainability into reimbursement and accreditation criteria.
Collaboration between medical imaging professionals, industry, engineers, and patients is essential to align sustainability 
goals with clinical outcomes.
Building a culture of environmental stewardship and establishing research frameworks with standardized reporting will 
generate the robust evidence base needed to benchmark progress and accelerate the adoption of green medical imaging 
practices.
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curement, and it aims to translate awareness 
into actionable changes.

Professional bodies have recognized 
the need for collective action. A 2025 mul-
ti-society position paper (from the Ameri-
can College of Radiology, Asian Oceanian 
Society of Radiology, European Society of 
Radiology, International Society of Radiolo-
gy, and others) calls for urgent, measurable 
changes to medical imaging practice and 
outlines priority actions: improve climate lit-
eracy, conduct research into resource usage 
and low-value imaging, develop toolkits for 
departments, collaborate with industry on 
emissions metrics and circular economy ap-
proaches, and engage patients.7 The paper 
stresses that sustainable imaging must not 
exacerbate global inequities; CT and MR im-
aging account for only 0.77% of global CO2 
emissions, yet access to CT and MRI varies 
tenfold across regions.7 Medical imaging pro-
fessionals should advocate renewable ener-
gy, invest in low-carbon equipment, and in-
tegrate sustainability into quality assurance 
frameworks.

Some limitations remain for this scoping 
review. First, the evidence base remains ex-
tremely small: of 87,128 identified citations, 
only 23 studies met the inclusion criteria. 
Eighteen of the included studies reported 
secondary data in narrative-based sources or 
systematic/scoping reviews. Although scop-
ing reviews are primarily used to identify and 
map existing evidence, irrespective of source 
design, this scarcity of primary data, coupled 
with the early-stage nature of most inter-
ventions, means the review cannot provide 
robust pooled estimates of effect. However, 
many of these reviews focused on specif-
ic aspects of the medical imaging pipeline, 
whereas our work offers a bird’s-eye view to 
support a more comprehensive approach 
directly reporting on different medical imag-
ing modalities and scopes of practice (from 
scheduling of scans to post-processing). 
Second, because of the study design, the in-
cluded studies were highly heterogeneous 
in terms of modalities (mostly MRI and CT), 
AI techniques, and sustainability metrics (en-
ergy use, scan time, carbon emissions, and 
image quality). Such variability precluded a 
formal meta-analysis. In addition, an author 
overlap analysis revealed that a single re-
searcher is listed as a co-author in 6 of the 
included studies, three more researchers are 
included in 3 of the obtained studies, where-
as eight other researchers are presented in 2 
different studies in this scoping review. This 
means that the 23 included studies do not 
represent completely independent research 

groups, which limits author independence. 
An evidence overlap also exists, since most 
secondary sources have cited the same pri-
mary studies more than once. Finally, lan-
guage biases are possible because only Eng-
lish-language publications were included, 
and heterogeneity in reporting further limits 
confidence in the evidence.

Future research

Five of the included articles mentioned 
quantitative environmental factors at one 
time point and did not provide lifecycle or 
carbon footprint assessments; consequently, 
it remains unclear whether the energy saved 
by more efficient imaging offsets the emis-
sions from training and running AI models. 
Furthermore, none of the included studies 
directly compared AI-enabled pathways to 
standard care and most lacked long-term 
follow-up; therefore, the clinical and envi-
ronmental impact of these technologies rel-
ative to current practice is uncertain. Finally, 
the focus of published literature on MRI, CT, 
and nuclear medicine means that the find-
ings may not be applicable to radiography 
or mammography, which use lower energy 
and have different sustainability challenges. 
The latter are high-volume modalities due to 
the screening programs in breast and lung 
cancer; therefore, although individual ener-
gy savings per person may be marginal, they 
can build up quickly over time in population 
studies. Lifecycle assessments performed 
on radiography and fluoroscopy equipment 
have shown a substantial amount of GHG 
emissions. Therefore, longitudinal sustaina-
bility studies, directly comparing standard 
clinical practice with AI-enabled care and 
exploring different modalities and contexts, 
should be prioritized in the future. 

Future policy and practice directions and 
recommendations

This scoping review demonstrated that 
AI-enabled sustainability in medical imaging 
is still in its infancy, with most AI studies not 
measuring direct environmental outcomes 
and with considerable knowledge gaps re-
maining. To progress from promising pilots 
to widespread adoption, we propose the fol-
lowing practical recommendations (Table 3).

Healthcare—particularly medical imag-
ing—has a large environmental footprint. 
The increasing adoption of AI plays a dual 
role. Although AI may increase energy con-
sumption through training, validation, and 
the deployment of AI tools, this may be 
balanced out with potential energy, carbon 

emission, and consumables savings through 
improved workflows and efficient use of re-
sources. Clinicians, researchers, policymak-
ers, and vendors have a responsibility to re-
duce and report the environmental impact 
of AI to support sustainable medical imaging 
practices. Training, lifecycle assessments of 
medical devices, and appropriate govern-
ance can enable stakeholders to make envi-
ronmentally conscious decisions, since cur-
rent evidence is lacking regarding the true 
savings of AI tools in clinical practice and any 
differences with the standard care pathway.
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