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ABSTRACT 

Background: Cardiovascular magnetic resonance (CMR) imaging is 
a powerful tool for assessing cardiac anatomy and function but re- 
mains limited by average image quality due to artefacts and long ac- 
quisition times, and complex and often too long breath-holds. Deep 
learning methods have recently been applied and show potential to 
shorten scan times by 70–80 % while improving image quality, en- 
hancing clinical efficiency. The aim of this study is to summarise the 
different AI-enabled methods for improving CMR image quality, in- 
cluding scanning time, as a key determinant for artefact reduction. 

Methods: A scoping review was conducted according to PRISMA 

guidelines. The articles were screened and reviewed by two researchers. 
A qualitative thematic synthesis was conducted and a CASP-mediated 
risk of bias assessment was performed. 

Results: The eligible articles were thirty-one. These articles were the- 
matically categorised in four subgroups, based on emerging themes: 
scan acceleration, artefact detection, artefact reduction, image recon- 
struction. A table with significant results for each theme has been pre- 
sented and results were discussed qualitatively. 

Discussion: AI demonstrated consistent improvements across the 
four subgroups. For scan acceleration, deep learning achieved approx- 
imately a 70–80 % reduction in scan duration maintaining or even 
improving image quality. For artefact detection, convolutional neural 
networks achieved on average a 90 % accuracy in detecting artefacts, 
across multiple metrics, indicating reliable artefact identification and 

strong agreement with human experts. AI models effectively reduce 
artefacts and enhance image quality, achieving consistently better re- 
construction accuracy, sharper edges, and faster processing compared 
to conventional methods. Finally, for image reconstruction, generative 
adversarial networks enhanced structural similarity by approximately 
56 % (SSIM 0.591 → 0.925). Together, these results illustrate the 
potential of AI to optimise CMR image quality. 

Conclusion: AI can be an effective tool in addressing many of the 
CMR imaging challenges and thus improving image quality. 

RÉSUMÉ
Contexte: L’imagerie par résonance magnétique cardiovasculaire 
(IRM-CV) est un outil puissant pour évaluer l’anatomie et la fonction 
cardiaques, mais elle reste limitée par une qualité d’image moyenne 
due à des artefacts et à des temps d’acquisition longs, ainsi qu’à des ap- 
nées complexes et souvent trop longues. Des méthodes d’apprentissage 
profond ont récemment été appliquées et montrent un potentiel de ré- 
duction des temps de balayage de 70 à 80 % tout en améliorant la qual- 
ité de l’image, ce qui renforce l’efficacité clinique. L’objectif de cette 
étude est de résumer les différentes méthodes basées sur l’IA perme- 
ttant d’améliorer la qualité des images IRM-CV, y compris le temps 
de balayage, en tant que facteur déterminant pour la réduction des 
artefacts. 

Méthodologie: Une revue exploratoire a été réalisée conformément 
aux directives PRISMA. Les articles ont été sélectionnés et examinés 
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par deux chercheurs. Une synthèse thématique qualitative a été réalisée 
et une évaluation du risque de biais à l’aide du programme CASP a été
effectuée. 

Résultats: Au total, 31 articles admissibles ont été recensés. Ces arti- 
cles ont été classés par thème en quatre sous-groupes, en fonction des 
thèmes émergents : accélération du balayage, détection des artefacts, 
réduction des artefacts, reconstruction d’images. Un tableau présen- 
tant les résultats significatifs pour chaque thème a été présenté et les 
résultats ont fait l’objet d’une discussion qualitative. 

Discussion: L’IA a démontré des améliorations constantes dans les 
quatre sous-groupes. En ce qui concerne l’accélération du balayage, 
l’apprentissage profond a permis de réduire la durée du balayage 
d’environ 70 à 80 % tout en maintenant, voire en améliorant, la qual- 
ité de l’image. En ce qui concerne la détection des artefacts, les réseaux 

neuronaux convolutifs ont atteint en moyenne une précision de 90 % 

dans la détection des artefacts, selon plusieurs mesures, ce qui indique 
une identification fiable des artefacts et une forte concordance avec les 
experts humains. Les modèles d’IA réduisent efficacement les artefacts 
et améliorent la qualité de l’image, permettant d’obtenir une préci- 
sion de reconstruction systématiquement meilleure, des contours plus 
nets et un traitement plus rapide par rapport aux méthodes conven- 
tionnelles. Enfin, pour la reconstruction d’images, les réseaux générat- 
ifs antagonistes ont amélioré la similarité structurelle d’environ 56 % 

(SSIM 0591 → 0925). Ensemble, ces résultats illustrent le potentiel 
de l’IA pour optimiser la qualité des images IRM-CV. 

Conclusion: L’IA peut être un outil efficace pour relever bon nom- 
bre des défis liés à l’imagerie IRM-CV et ainsi améliorer la qualité des 
images. 

Keywords: Artificial intelligence; Magnetic resonance imaging; Cardiovascular magnetic resonance imaging; Image quality optimisation; Scoping Review 
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ntroduction 

ardiovascular magnetic resonance (CMR) imaging is an effec- 
ive and non-invasive method of assessing heart anatomy and
unction. It is the gold standard of ventricular function and al-
ows accurate measurements of cardiac variables such as ven-
ricular volumes, ejection fraction, strain, and myocardial wall 
efects [1] . Such properties make CMR an excellent tool for
iagnosing and monitoring cardiovascular conditions [2] . 

Despite its strengths, CMR has limitations. Image quality 
ay be affected by patient-related factors such as arrhythmias,

ifficulty managing breath-holds, or movement during scans 
3] . Common artefacts arise from respiratory motion, blood
ow, and magnetic field inhomogeneity, requiring additional 
uality checks and prolonging examination times [4–6] . The
uality of CMR images is strongly connected to the opera-
or’s ability to adjust parameters based on each patient’s spe-
ific needs; for this reason, the operator’s expertise is a crucial
lement for cardiovascular imaging [7] . 

Newer technologies, namely artificial intelligence (AI), 
romise to help tackle many CMR imaging challenges. AI ap-
roaches are now integrated to improve CMR imaging pro-
esses in every step, from acquisition to post-processing [2 , 8] . 

Deep learning models like convolutional neural networks 
CNNs), U-Nets, and generative adversarial networks (GANs) 
ave effectively reduced artefacts and improved image re- 
onstruction [4] . These technologies enable shorter exams, 
ree-breathing scans, and improved patient comfort [9] . Ad-
itionally, AI automates cardiac segmentation and func- 
ional biomarker analysis, achieving expert-level accuracy while 
treamlining workflows [1 , 10 , 11] . 

Conventional CMR acquisition techniques, such as 3D 

hole-heart imaging with navigator gating, often achieve only 
30–45 % scan efficiency, leading to prolonged and unpre-

ictable acquisition times. These extended scans increase the 
isk of motion and other artefacts, which may compromise
 D. Silipo, J. Greggio and C. Malamateniou / Journal of Medica
iagnostic accuracy. In contrast, deep learning–based recon- 
truction methods have demonstrated the ability to reduce scan
ime by approximately 70–80 % while improving image qual-
ty, thereby enhancing both efficiency and reliability in clinical
MR practice [8 , 10] . 

im and objectives 

This scoping review aims to evaluate the existing applica-
ions of AI in CMR and how AI algorithms could be imple-
ented into CMR pipelines to improve image quality. 
Objectives: 

� Identify key challenges in CMR related to image quality
optimisation. 

� Review and summarise studies integrating AI to CMR.
� Describe limitations in existing studies. 
� Present opportunities for future research ideas in this

field. 

ethods 

thical considerations 

This article is a scoping review based solely on previously
ublished literature. According to JMIRS guidelines, research 

ased on the analysis of published data does not require ethical
pproval. Therefore, ethics approval was not required for this
tudy. 

rotocol 

This paper adheres to a scoping review methodology and
onforms to the Preferred Reporting Items for scoping re-
iew and Meta-Analyses (PRISMA) statement [12 , 13] . This
coping review research question was based on the PICO
l Imaging and Radiation Sciences 57 (2026) 102135 
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ramework [14] . The search for this paper was conducted be-
ween May 2024 and August 2024, and the protocol is regis-
ered with PROSPERO [15] under the ID CRD42025626450. 

ources of information 

The following databases were searched: PubMed, Google 
cholar, arXiv, The Cochrane Library. 

ligibility criteria 

The inclusion criteria were applied to focus the review on
tudies published between 2019 and 2024, written in English,
irectly related to CMR image quality and AI, performed on
uman subjects, and available as full-text articles. Conversely, 
xclusion criteria eliminated studies not related to CMR, not
mploying AI, lacking a focus on image quality, not based on
uman data, or written in any other language different from
nglish. 

earch strategy 

A comprehensive literature search was performed using rel- 
vant keywords, including “CMR,” “cardiac magnetic reso- 
ance,” “cardiac MRI,” “machine learning,” “deep learning,”
AI,” “artificial intelligence,” “image quality,” “motion correc- 
ion,” “motion,” “artefact,” and “artifact.” Boolean operators 
uch as “AND” and “OR” were used to refine the search strat-
gy. 

A medical librarian assisted with collecting and organising 
earch materials, while the search strategy was developed collab-
ratively by the authors in accordance with PRISMA guidelines
o ensure methodological rigor. 

ualitative synthesis 

The data were analysed using qualitative thematic synthesis.
n this process, the findings of each study were coded line by
ine and initially organised into descriptive themes, and sub-
equently into analytical themes [16] . Meanings and themes
ere then grouped and classified into four specific subcate-
ories: scan acceleration, artefact detection, artefact reduction, 
nd image reconstruction. For each theme, the most relevant
esults have been extracted from the studies and organised in
 specific table. Figures that exemplify the aspect that has been
nalysed have been presented after the tables for a better under-
tanding. 

isk of bias assessment & quality assurance 

Given that this review employed a qualitative thematic 
ynthesis approach, the Critical Appraisal Skills Programme 
CASP) tool was utilized as a systematic and standardized
ramework to assess the risk of bias in the selected studies. The
ncluded articles were critically appraised to ensure their find-
ngs’ validity, reliability, and relevance. Each study’s research de-
ign, methods, and results have been evaluated individually to
D. Silipo, J. Greggio and C. Malamateniou / Journal of Medica
ssess reliability and relevance [17] . The studies have been clas-
ified according to their risk of bias in the following groups: 

• Low risk: High-quality study with properly structured
research design, precise methods, and reliable results. 

• Medium risk: Medium-quality study that presents some 
risk of bias, but it is acceptable for inclusion. 

• High risk: The study is poorly designed and has an un-
clear protocol. There is a significant risk of bias that can
affect inclusion. 

To ensure inter-reviewer reliability, a second reviewer inde-
endently replicated the entire review process using the same
earch strategy, Boolean operators, databases, and eligibility cri-
eria to minimise bias and confirm consistency. 

esults 

tudy selection 

From the initial 1198 articles, 401 articles were selected for
he first screening after duplicates were removed. After the first
creening, 284 articles were excluded, and 117 were assessed for
ligibility. Of the 117 articles, 86 were excluded following the
nclusion and exclusion criteria. At the full-text review stage,
he main reasons for exclusion were studies focusing primar-
ly on mathematical reconstruction algorithms rather than AI-
ased approaches, lack of emphasis on image quality as an out-
ome, use of imaging modalities other than MRI, methodolog-
cal shortcomings, and population mismatch. The final num-
er of eligible articles was 31 ( Fig. 1 ). These articles provided
he basis for the scoping review and were considered critical
n understanding the role of AI in CMR image quality. This
horough approach ensured the inclusion of relevant and high-
uality research focusing on recent AI developments in scan
cceleration, artefact detection, artefact reduction, and image 
econstruction in CMR imaging. 

The research independently performed by the second re-
iewer yielded a total of 702 articles, of which 676 were ex-
luded due to duplication or failure to meet the inclusion cri-
eria. The remaining 26 studies overlapped significantly with
hose identified in the primary review, supporting the reliabil-
ty and reproducibility of the methods used. 

tudy characteristics 

The eligible studies have been conducted in different coun-
ries. Specifically, 11 were conducted in the United Kingdom
UK), 8 in the United States of America (USA), 5 in China,
 in Germany, 1 in South Korea, 1 in Austria, 1 in Japan and
 in Switzerland. All the studies have been published between
019 and 2024. The main research design used was a tech-
ical development and validation study. The majority of the
tudies (12 out of 31) used a Siemens 1.5T MRI scanner, fol-
owed by GE (8 studies) and Philips (5 studies); the remain-
ng 6 studies did not specify the scanner manufacturer. Vari-
us MR sequences were employed in the development of AI
l Imaging and Radiation Sciences 57 (2026) 102135 3 



Fig. 1. PRISMA flow diagram. 
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lgorithms, with the most commonly used being bSSFP (both
D and 3D, used in 15 studies). Other sequences included
LASH (8 studies), T1 mapping (shMOLLI) and T2 map-
ing (2 studies), CMRA (7 studies), FIESTA (1 study), MRF (1
tudy), SSFP (4 studies), GRE (5 studies), and MTC-BOOST
1 study). Some studies tested AI algorithms with multiple MR
equences. 

tudies categories 

The 31 articles have been divided into 4 categories according
o their topics, for a more structured results analysis. 

Scan Acceleration, including breath-hold shortening : AI 
odels aiming at reducing scan times and breath-holds as a way

f reducing/preventing motion artefacts and improving overall 
mage quality. 

Artefact Detection : AI algorithms programmed to identify 
nd evaluate motion and other artefacts in images. 
 D. Silipo, J. Greggio and C. Malamateniou / Journal of Medica
Artefact Reduction : AI techniques that can improve image
uality by decreasing the presence of artefacts on the images. 

Image Reconstruction : AI methods that improve the quality
f reconstructed images from raw data. 

A table has been created for each category, detailing the AI
odel, algorithm name, architecture, MRI sequence, subjects’ 

umber, image quality score, feasibility and a category-specific
core. 

can acceleration, including breath-hold shortening 

The following table presents the results reported from the ar-
icles selected that focus mainly on the acceleration and breath-
old optimisation ( Table 1 ). 

Among the included studies in the scan acceleration sec-
ion, six CNN-based algorithms were applied to FLASH, 2D
nd 3D bSSFP, and MRF sequences, with a total of 84 sub-
ects. Two DLR-based models focused on 2D bSSFP and
SFP CINE sequences, including 33 subjects. Two variational 
l Imaging and Radiation Sciences 57 (2026) 102135 



Table 1 
This table presents AI algorithms focused on acceleration, including breath-hold shortening techniques. 

AI model AI algorithm 

name and architecture 
MRI sequence/ 
subjects (n) 

Time / Acceleration Image quality score Clinical notes 

CNN MoDL-SToRM (iterative 
CNN + SToRM, CG) 

FLASH / n = 4 Reconstruction ≈30s PSNR 

(37.83–42.98),SSIM 

(0.9021–0.9721) 

Works with limited 
training data; efficient 
and faster 
reconstruction. 

MoCo-MoDL (motion- 
estimation + denoising, 
iterative) 

2D bSSFP CINE / 
n = 8 

Scan 2.1 ± 0.3 min; 
Reconstruction ≈30 s; 240 ×
faster 

SSIM 0.906; median 
confidence 4/4; 
sharpness 5/5 

Strong acceleration; 
larger datasets needed. 

DIP-MRF (U-Net + Fully 
connected network) 

MRF / n = 28 Reducing scan time from 

15→ 5 HB; 250→ 150 ms 
Native T1 (1047 ± 46), 
T2 (45.7 ± 4.0); 
reduced artefacts 

Reliable diagnostic 
values; needs testing on 
more sequences. 

4D CINENet 
(spatio-temporal 
convolutions, multi-coil) 

3D bSSFP / 
n = 15 

≈10 s vs 30 s (3D CINE) / 
260 s (2D CINE) 

Blood – myocardium 

contrast ratio ≈0.28 (vs 
0.17 with CS) 0.32 
reference in 2D CINE; 
+ 67 % IQ over iterative 

Enhances quality with 
shorter scan time; 
requires broader 
validation. 

2D CNN (5-stage) bSSFP / n = 19 Reconstruction time ∼9 (s) 
for proposed method, 16.8 
(s) for 2D CRNN cascade, 
8.8 (s) for 3D CRNN 

cascade, 150 (s) kt-SENSE 

PSNR (32.281) for 
proposed method, 
(30.383) for 2D CRNN 

cascade, (33.779) for 3D 

CRNN cascade. SSIM 

(0.842) for proposed 
method, (0.855) for 2D 

CRNN cascade, (0.908) 
for 3D CRNN cascade 

Algorithm quality of 
images comparable, in 
certain case superior to, 
2D CNNs and 3D 

CNNs, faster 
reconstruction time of 
previous model. 

EasyScan (regression CNN) bSSFP / n = 30 13 % accelerated CMR scan 
with EasyScan (2.57 min 
faster) compared to manual 
planning, p < 0.001 , 95 % 

CI 

12.49 % higher SNR 

and 2 % sharper images 
( p = 0.002, p = 0.012) 
compared to manual 
shimming 

Improves 
planning/shimming; 
efficient in clinic, 
decreasing scan time. 

DLR DLR 2D bSSFP / 
n = 24 

Time of acquisition (s), 
bSSFP (327.6 ± 65.8) with 
DLR (41.0 ± 11.3), motion 
artefact bSSFP (4.5 ± 0.7) 
with DLR (3.9 ± 0.4) 
p < 0.0001 

Blood to myocardial 
contrast bSSFP 
(4.9 ± 0.3) with DLR 

(4.8 ± 0.4), endocardial 
edge definition 
(4.5 ± 0.7) with DLR 

(4.1 ± 0.5) 

CINE sequence 
acceleration, slightly 
lower image quality 
compared to standard 
CINE, data only for 
short axis. 

Sonic DL CINE SSFP CINE / 
n = 9 

21–76 s vs 150 ± 34 s 
(standard CNE) 

No statistically 
significant difference 
( p > 0.198 or higher ) 

Fastest acquisition; 
preserves quality. 

VN jMS-VNN (10-stage iterative 
reconstruction) 

3D MTC-BOOST 

/ n = 36 
Improved scan time, 3 min 
( ±1 min), and 
reconstruction time, 20 s 
( ±2 s) 

PSNR (47.39 ± 2.5), 
SSIM (0.72 ± 0.1) 
p < 0.001 

Improved image quality 
compared to CS, short 
acquisition time. 

GC-VN 

(model-based variational 
network with conjugate 
gradient) 

CMRA, 
MTC-BOOST / 
n = 20 

Reconstruction 35 s 
(CMRA), 19 s 
(MTC-BOOST); 30 and 
47 % faster 

PSNR (31.5 ± 2.7); 
+ 29 % signal vs prior 

Scan time reduction and 
signal improvement. 

n
C

≈
(  

5  

a  

s
 

4  

2

3  

a

A

 

p
 

t  
etwork models were tested on 3D MTC-BOOST and 

MRA, with 56 subjects overall. 
CNN: MoDL-SToRM enabled fast reconstruction in 

30 s. MoCo-MoDL achieved scan acceleration of ≈240 ×
2.1 ± 0.3 min). DIP-MRF reduced acquisition from 15 to
 heartbeats. The 2D CNN reconstructed images in ≈9 s,
nd 4D CINENet enabled CINE imaging in ≈10 s. EasyScan
hortened scans by 13 % ( ≈2.57 min). 

DLR: DLR reduced acquisition from 327.6 ± 65.8 s to
1.0 ± 11.3 s, and Sonic DL CINE shortened acquisition to
1–76 s (vs 150 ± 34 s). 
5  

D. Silipo, J. Greggio and C. Malamateniou / Journal of Medica
VN: Variational networks achieved reconstruction in 19–
5 s, with jMS-VNN acquiring scans in 3 ± 1 min and GC-VN
ccelerating reconstruction by 30–47 %. 

rtefact detection 

The table below shows the results from selected articles that
rimarily focus on artefacts detection ( Table 2 ). 

Among the included studies in the artefact detection sec-
ion, two CNN-based models (IQ-DCNN and 3D ResNet-
0) are applied to 3D b-SSFP whole heart and 2D b-SSFP
l Imaging and Radiation Sciences 57 (2026) 102135 5 



Table 2 
This table showcases AI algorithms aimed at artefact detection. 

AI model AI algorithm 

name and architecture 
MRI sequence/ subjects 
(n) 

Artefacts detection score Image quality 
score 

Clinical notes 

CNN IQ-DCNN 

(4 convolutional layers, 3 
fully connected layers, 1 
final regression layer; 
based on the VGG-16 
model) 

3D b-SSFP whole heart / 
n = 100 

Can detect images with least 
amount of blurring, very 
good agreement with human 
expert (100 % agreement in 
detecting best quality phase), 

(R2 = 0.78, k = 0.67) Requires expert reference 
images for clinical use. 

3D ResNet-50 
(PyTorch) 

2D b-SSFP CINE / 
n = 269 

motion artefacts detection 
AUROC 0.87–0.90 

Strong agreement with 
experts (AUROC 

0.88–0.93) 
p < 0.001 

Promising for 
motion/planning 
artefacts; workflow 

integration needed. 
Hyb-RF Hybrid random forest 

(decision tree structure 
with different kind of 
nodes performing 
multiple tasks) 

2D b-SSFP CINE / 
n = 3100 

Inter-slice motion artefacts 
(sensitivity = 78 %−85 % 

and 
specificity = 90 %−95 %) 

High accuracy of 
contrast and coverage 
estimation. 
For coverage estimation 
sensitivity 
(88 %−100 %) 
specificity 
(99 %−100 %) 

Real-time assessment 
feasible; lacks quality 
checks on imaging 
manual selection. 

DML Deep Meta Learning 
(ResNet18 network and 
a classifier network with 
three modules, each with 
fully connected layer, 
ReLU and batch 
normalisation) 

2D b-SSFP CINE, 
FIESTA / n = 6033 

Respiratory and cardiac 
motion detection. Aliasing 
and Gibbs ringing artefacts, 
accuracy 
(56.51 %−99.28 %) 
precision 
(55.43 %−99.46 %) 
f-measure 
(55.06 %−99.36 %) 

Precise detection of 
artefacts, results make 
this model superior to 
previous models used 

Effective for quality 
control; larger datasets 
needed for other 
artefacts. 
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6

INE sequences, including a total of 369 subjects. One Hy-
rid Random Forest (Hyb-RF) model was tested on 2D b-SSFP
INE with 3100 subjects, while one Deep Meta-Learning 

DML) model was applied to 2D b-SSFP CINE and FIESTA
equences, including 6033 subjects. 

CNN: IQ-DCNN detected blurred images with R ² = 0.78
nd κ = 0.67. 3D ResNet-50 achieved AUROC 0.87–0.90 

overall 0.88–0.93). 
Hyb-RF: Hybrid RF reached 78–85 % sensitivity and 90–

5 % specificity for inter-slice motion, with up to 100 % accu-
acy for contrast and coverage. 

DML: Deep Meta Learning achieved accuracy 56–99 %, 
recision 55–99 %, and F-measure 55–99 %. 

rtefact reduction 

The table below presents the results from selected articles
hat focus on artefacts reduction ( Table 3 ). 

In the artefact reduction section a total of seven CNN-based
lgorithms were identified, tested on CINE, bSSFP, PCMR,
hMOLLI T1 maps, and FLASH sequences, with a combined
tudy population of 4707 subjects. One HM-based algorithm 

as reported, applied to bSSFP sequences with 4000 subjects. 
CNN: 3D CNN and LRCN achieved recall 467–533, 

recision 713–724, and ROC 0.89 on CINE sequences.
-Net showed MAE 0.0417 and SSIM 0.85 on PCMR.
ombined CNN/CRNN/U-Net reached segmentation over- 

aps of LV 0.964, myocardium 0.775, RV 0.933, with SSIM
 D. Silipo, J. Greggio and C. Malamateniou / Journal of Medica
.623 → 0.793. RT U-Net had motion/artefact scores 4.3–

.6. Residual U-Nets recorded MAE < 0.05, SSIM 0.7–

. MOCOnet reduced motion scores from 37.1 ± 21 to
3.3 ± 10.5. DEBLUR achieved HFEN 0.18 ± 0.13 and
SIM 0.96 ± 0.04. 

HM: HM increased sharpness by 7 % and SSIM from 0.76
o 0.93. 

mage reconstruction 

The table below summarizes the results from selected articles
hat primarily investigate image reconstruction ( Table 4 ). 

In the image reconstruction section a total of five CNN-
ased algorithms were reported, tested across CINE, bSSFP,
MRA, and T1/T2W sequences, with a combined subject
opulation of 1389. A PG-DL algorithm was tested on 11 sub-

ects. One GAN-based model (SRGAN) was applied to 3D
SSFP (CMRA) in 31 subjects, and one HM-based approach
DnSRGAN) was tested in 64 subjects. In addition, another
ybrid method (MCMR) using CNN and CG-SENSE was ap-
lied to 2D bSSFP in 886 subjects. 

CNN: U-Net and ResNet achieved SNR 0.983–0.994 and
SIM 0.964–0.991, with mean quality scores of 1.40 and
.44 (1–5 scale), respectively. MoCo-MoDL for CMRA se-
uences showed PSNR 27.86 ± 3.00, SSIM 0.78 ± 0.06,
nd a mean quality score of 3.56 ± 0.53. For 2D CINE se-
uences, DCCNN achieved PSNR 30.9 ± 0.07 and SSIM
.90 ± 0.04. CRNN presented NMSE 0.0277–0.0408, PSNR 
l Imaging and Radiation Sciences 57 (2026) 102135 



Table 3 
This table highlights AI algorithms designed for artefact reduction. 

AI model AI algorithm 

name and architecture 
MRI sequence/ 
subjects (n) 

Artefact improvement score Image quality 
score 

Clinical notes 

CNN 3D CNN (8 layers) and 
LRCN 

CINE / n = 10 3DCNN R (motion 
artefacts) 467 ± 82, LRCN 

R (motion artefacts) 
533 ± 65; ∗R = recall 
(proportion of artefact 
images correctly classified), 
LRCN–Curriculum BA 

(Mis-triggering and 
Arrythmia) 752 ± 114, 
∗BA = balanced accuracy. 
Also Recon. Time ∼ 3.9 (s) 
for U-Net, ∼59 (s) CS 

3DCNN P (motion 
artefacts) 713 ± 69, LRCN 

P (motion artefacts) 
724 ± 57; ∗P = precision 
(proportion of correctly 
classified good quality 
images) (ROC curve 0.89) 
P < 0.05 

Detects and improves 
motion artefacts with 
efficient reconstruction. 

U-Net PCMR / n = 20 Edge sharpness 
0.083 ± 0.026 (U-Net 
MAE), 0.101 ± 0.034 
(U-Net SSIM), 
0.119 ± 0.037 (CS), 
0.136 ± 0.033 (Cartesian) 

U-Net MAE: MAE 
(0.0417), PSNR (25.3), Avg. 
SSIM (0.85). U-Net SSIM: 
MAE (0.0448), PSNR 

(24.6), Avg. SSIM (0.86) 

Improvements in 
removing aliasing 
artefact and accelerating 
the scan. 

CNN for image motion 
artefact detection, 
CRNN for image 
reconstruction, U-Net 
for image segmentation 

2D CINE / 
n = 3510 

Segmentation overlap: 
Baseline 0.889 (LV), 0.561 
(Myo), 0.905 (RV), 
Cascaded U-Nets 0.895 
(LV), 0.651 (Myo), 0.918 
(RV), Proposed 0.964 (LV), 
0.775 (Myo), 0.933 (RV). 
∗baseline overlap manual 
segmentation and ground 
truth 

SSIM: baseline (0.623), 
Cascade U-Nets (0.753), 
Proposed (0.793) 

Artefacts detection and 
correction with high 
accuracy segmentation. 

RT U-Net (residual 
U-Net model) 

bSSFP / n = 770 BH-bSSFP: motion 
(4.8 ± 0.40) artefact 
(4.9 ± 0.30). RT U-Net: 
motion (4.3 ± 0.46) artefact 
(4.6 ± 0.49). 5 points Likert 
scale 
P < 0.007 

BH-bSSFP: edge sharpness 
(0.66 ± 0.15) endocardial 
border sharpness 
(4.7 ± 0.45). RT U-Net: 
edge sharpness (0.55 ± 0.14) 
endocardial border sharpness 
(4.2 ± 0.75). 5 points Likert 
scale. Recon. time faster 
> 5 × than CS 

Improve reconstruction 
time and reduce 
artefacts, maintaining 
quality similar to 
baseline. 

Residual U-Net bSSFP / n = 192 MAE reconstructions 
< 0.05, MAE gridded 
between 0.05 and 0.1 

SSIM reconstructions 
between 0.7 and 1, SSIM 

gridded between 0.05 and 
0.2 and 0.6 

both specific and generic 
networks offer 
improvements in 
accuracy and similarity 
over the gridded 
baseline. 

MOCOnet (U-Net 
architecture with 
warping layers) 

ShMOLLI T1 
maps / n = 200 

Motion scores before motion 
correction 37.1 ± 21. 
MOCOnet 13.3 ± 10.5 
( p < 0.001. Baseline 
15.8 ± 15.6 ( p < 0.001 ) 

p = 0.007 The algorithm is 
effective for correction of 
motion artefacts. 

DEBLUR (bilinear 
CNN model) 

FLASH / n = 5 HFEN for DEBLUR 

0.18 ±0.13, for SToRM 

0.82 ± 0.05, for Low-Rank 
1.23 ± 0.02 

SSIM for DEBLUR 

0.96 ± 0.04, for SToRM 

0.59 ± 0.04, for Low-Rank 
0.38 ± 0.02 

Minimizes artefacts with 
limited data. 

HM Adversial Autoencoder 
network and 
unsupervised learning 

bSSFP / n = 4000 Sharpness increase of motion 
–corrupted images by 7 % 

(Tenengrad focus measure) 
P < 0.05 

Baseline SSIM (0.76), 
Proposed (0.93). Baseline 
image quality (2.5), 
Proposed (3.5), with 
breath-holds (4.1), (score out 
of 5.0) 

Reduces respiratory 
motion artefacts, 
requires larger datasets. 
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Table 4 
This table presents AI algorithms focused on image reconstruction. 

AI model AI algorithm 

name and architecture 
MRI sequence/ subjects 
(n) 

Reconstruction 
score 

Image quality 
score 

Clinical notes 

CNN Unet and Resnet networks 2D bSSFP / n = 5 1–5 ranking system (1 = poor image 
quality, 5 = excellent image quality), 
Unet mean rank = 1.40, Resnet 
mean rank = 2.44 

Unet SNR (0.983–0.991), Resnet SNR 

(0.986- 0.994), Unet 
SSIM (0.964–0.980), Resnet SSIM 

(0.985–0.991) 
P < 0.05 

Can be used with limited training 
data, and accelerate image 
reconstruction, maintaining 
diagnostic quality 

MoCo-MoDL (RespME-net with 
motion informed MoDL network 
and MoCo, motion corrected, 
reconstruction) 

CMRA / n = 24 1–4 scoring system (1 = poor image 
quality, 4 = excellent image quality), 
Mean score = 3.56 ± 0.53, previous 
model ( PROST ) mean 
score = 3.22 ± 0.44 

PSNR (27.86 ± 3.00) SSIM 

(0.78 ± 0.06), previous model ( PROST ) 
PSNR (22.28 - 29.5) SSIM (0.65–0.81) 
P < 0 .05 

Can reduce scan and reconstruction 
times, with diagnostic image quality 

DCCNN (deep cascade of 
convolutional neural networks, with 
data consistency and regularisation 
layers, U-net) 

2D CINE / n = 43 MAE (0.04 ± 0.03) similar to 
previous method XD-GRASP , MAE 
(0.04 ± 0.02) 

PSNR (30.9 ± 0.07), SSIM 

(0.90 ± 0.04); improved compared to 
previous used method XD-GRASP , 
PSNR (29.96 ± 0.07), SSIM 

(0.89 ± 0.04) 

Improves scan time with diagnostic 
images quality 

CRNN (bidirectional recurrent unit, 
3 convolution layers, with single 
image super-resolution refinement 
module) 

CINE / n = 300 NMSE (0.0277 – 0.0408) improved 
to previous method ( Plain CRNN ), 
NMSE (0.0311 – 0.0464) 

PSNR (28.644 – 30.295), SSIM (0.822 
– 0.854); improved to previous method 
used ( Plain CRNN ), PSNR (28.030 –
29.842) SSIM (0.788 – 0.824) 

Can improve the quality of 
reconstructed images 

k-t CLAIR (self-consistency guided, 
unrolled neural networks, 
multi-prior learning architecture) 

CINE, T1/T2 W / 
n = 120 

Avg. NMSE for CINE (0.0063), 
Avg. NMSE for T1/T2W (0.0035); 
improved to previous method 
( E2EVarNet3D ) Avg. NMSE for 
CINE and T1/T2 (0.0074, 0.0048) 

Avg. PSNR for CINE and T1/T2W 

(37.54, 38.43), Avg. SSIM for same seq. 
(0.9454, 0.9621); improved to 
E2EVarNet3D , Avg. PSNR (36.86, 
37.39), Avg. SSIM (0.9394, 0.9561) 

High quality image reconstruction 
for CINEs and T1/T2W 

PG-DL Zero shot PG-DL with 
spatio-temporal regularization 

bSSP / n = 11 N/A PSNR (33.71 ± 1.94), SSIM 

(89.76 ± 2.07 %); improved to the 
control method LLR -regularized 
reconstruction PSNR (28.14 ± 1.29), 
SSIM (81.44 ± 2.83 %) P < 10−4 

High quality and accelerated images 

GAN SRGAN (generative adversarial SR 

framework (single-image) combined 
together with non-rigid respiratory 
motion-compensation) 

3D bSSFP (CMRA) / 
n = 31 

NMAE ∼ 0.3, NMSE ∼ 0.01, 
improved to baseline Bicubic 
interpolation (NMAE ∼ 0.8, 
NMSE ∼ 0.09) 

SSIM ∼ 0.925, improved to baseline 
Bicubic interpolation (SSIM ∼ 0.591) 
P < 0 .001 

Fast 3D CINE with high resolution 

HM DnSRGAN (CNN for denoising 
(DnCNN), gradient penalty (GP), 
and SRGAN) 

N/A 

n = 64 
N/A Avg-PSNR (30.1407), Avg-SSIM 

(0.9090); improved to previous models 
like ESRGAN Avg-PSNR (28.1024), 
Avg-SSIM (0.8339) 

The model can perform 

super-resolution processing, and can 
denoise images 

MCMR (CG-SENSE and for image 
reconstruction and GRAFT (CNN 

module) for motion estimation) 

2D bSSFP / n = 886 NMSE (0.058 - 0.193), improved to 
previous method 
( GRAFT + CG-SENSE ), NMSE 
(0.097–0.302) 

PSNR (31.964 - 41.7), SSIM (0.864 –
0.98); improved to previous method 
( GRAFT + CG-SENSE ), PSNR 

(27.047 −37.305), SSIM (0.58 - 0.964) 

Can obtain high quality 
reconstruction 
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28.644–30.295), SSIM (0.822–0.854). k-t CLAIR obtained 

MSE 0.0063 (CINE) and 0.0035 ( T1/T2W ), PSNR 37.54
nd 38.43. 

PG-DL: Zero-shot PG-DL for bSSFP achieved PSNR 

3.71 ± 1.94 and SSIM 0.898 ± 0.021. 
GAN: SRGAN for 3D bSSFP had NMAE ∼0.3 and SSIM

0.925. 
HM: DnSRGAN achieved PSNR 30.14 and SSIM 0.909. 

ybrid MCMR (CG-SENSE and GRAFT) for 2D bSSFP re-
orted NMSE 0.058–0.193 and PSNR 41.7. 

Of the 31 included studies, 17 were assessed as having a
ow risk of bias, while 14 were rated as moderate. No studies
ere classified as high risk. The most common limitations con-

ributing to moderate risk were small or homogeneous sample
izes, lack of external validation, and reliance on retrospective
r single-centre datasets. 

Across the included studies, convolutional neural networks 
CNNs) emerged as the predominant AI architecture. Key 
imitations frequently cited included small or heterogeneous 
atasets, which may constrain the generalisability and robust-
ess of the findings. Notably, despite these constraints, the stud-

es consistently reported comparable or superior image quality 
elative to conventional CMR acquisition and reconstruction 

echniques. 
Image quality was assessed in the included studies using a

ombination of subjective radiologist scoring and quantitative 
etrics such as signal-to-noise ratio (SNR), structural similar- 

ty index (SSIM), peak signal-to-noise ratio (PSNR) and mean
bsolute error (MAE). 

iscussion 

In this section, a specific discussion for each of the categories
nalysed in the results will be presented. 

Different deep learning architectures contribute in distinct 
ays to CMR image quality. CNNs excel at analysing and ex-

racting information from images, making them particularly 
ffective for artefact detection and reduction. U-Nets capture
oth global context and local detail, which is valuable for pre-
erving cardiac anatomy. GANs are mainly employed to en-
ance sharpness and enable super-resolution. Each of these ap-
roaches offers unique strengths, and when combined, they can
rovide complementary benefits, leading to further improve- 
ents in image quality and diagnostic value [1 , 11 , 20] . 

can acceleration, including breath-hold shortening 

One of the most challenging parts of a CMR test is the
reath-hold requirement. Recently, researchers have trained 

nd evaluated AI models to shorten the breath-hold, enable free
reathing, and speed up CMR exams. 

With these improvements, the CMR procedure can be per-
ormed in patients with difficulty breathing [7 , 9 , 10] . 

Both MoDL-SToRM and MoCo-MoDL showed strong 
erformance in reducing scan time and breath-holds. MoDL- 
ToRM achieved fast reconstruction ( ≈30 s) with PSNR
D. Silipo, J. Greggio and C. Malamateniou / Journal of Medica
alues of 37.83–42.98 and SSIM scores of 0.9021–0.9721, 
ighlighting high image fidelity. In contrast, MoCo-MoDL 

emonstrated a dramatic scan time acceleration ( ≈240 ×;
.1 ± 0.3 min) and high diagnostic confidence (median = 4/4)
ith excellent sharpness (median = 5/5), supported by an
SIM of 0.906. Together, these findings suggest MoDL-
ToRM excels in reconstruction efficiency, while MoCo- 
oDL prioritizes scan acceleration without compromising im- 

ge quality [6 , 21] . 
The DIP-MRF algorithm reduced scan duration substan- 

ially (15 to 5 heartbeats; 250 ms to 150 ms) while maintain-
ng diagnostic reliability. Mean T1 (1047 ± 46 ms) and T2
45.7 ± 4.0 ms) values were consistent with reference stan-
ards, underscoring its ability to accelerate acquisition with-
ut compromising image quality [9] . The 2D convolutional
NN achieved reconstruction within approximately 9 s, pro-

iding satisfactory PSNR and SSIM values [20] . By compari-
on, 4D CINENet enabled CINE imaging in a similarly short
ime ( ≈10 s) while maintaining good image quality (as shown
n Fig. 2 ) and providing a substantial improvement in image
ontrast ( + 67 %) relative to iterative reconstructions [2] . While
oth approaches demonstrate efficiency in reducing reconstruc-
ion time, 4D CINENet appears to offer additional benefits
n image quality enhancement, though further validation is re-
uired for broader clinical application. The EasyScan model
nables planning efficiency while increasing SNR and image
harpness and it also automates the shim volume [7] . CNN
ith 2D convolutional layers and 4D CINENet can achieve

n optimal balance between speed and image quality, whereas
asyScan is suited for clinical efficiency [2 , 7] . 22 Other AI al-
orithms, including DLR and variational networks, have also
een tested and trained to accelerate CMR scans. DLR applied
o standard 2D bSSFP reduces scan time from 327.6 ± 65.8 s
o 41.0 ± 11.3 s, while preserving image contrast (standard
SSFP: 4.9 ± 0.3 vs DLR: 4.8 ± 0.4) and artefact scores (stan-
ard bSSFP: 4.5 ± 0.7 vs DLR: 4.8 ± 0.4), indicating main-
ained diagnostic quality [23] . Sonic DL CINE further short-
ns acquisition times to 21–76 s, compared with 150 ± 34 s for
raditional CINE, without statistically significant differences in 

mage quality ( p > 0.198), demonstrating high diagnostic fi-
elity [24] . Overall, Sonic DL provides the fastest acquisition,
hile both approaches retain excellent image quality and min-

mal motion artefacts, making them practical for clinical use
23 , 24] . 

Variational networks have been used to reduce scan times
ith differing strengths. jMS-VNN achieves acquisition in 

 ± 1 min and reconstruction in 20 ± 2 s, with high PSNR
47.39 ± 2.5) and SSIM (0.72 ± 0.1), outperforming com-
ressed sensing in image quality [10] . In contrast, GC-VN re-
onstructs CMRA in 35 s and MTC-BOOST in 19 s, offer-
ng 30 % and 47.2 % faster reconstruction, respectively, with a
SNR of 31.5 ± 2.7, representing a 29 % signal increase over
rior methods [25] . Overall, jMS-VNN excels in image fidelity
nd structural preservation, while GC-VN prioritizes speed 

nd signal enhancement [10 , 25] . CNNs offer a good balance
etween reconstruction quality and scan acceleration, DLR 
l Imaging and Radiation Sciences 57 (2026) 102135 9 



Fig. 2. The scan time of reference standard CINE CMR images 2D (260 s) and 3D (30 s with 2.5x acceleration factor using SENSE), (A). The scan time of the 
same image with an acceleration factor of 9x (12 s), 11x (10 s), 15x (7 s), and different reconstruction techniques, namely coil-weighted zero-filling (left column), 
Compressed Sensing (CS), central column, and proposed AI algorithm CINENet, right column (B) [2] ;. 
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ethods achieve the fastest acquisitions while preserving diag- 
ostic fidelity, and variational networks can be tuned to priori-
ize either image quality or reconstruction speed depending on
linical priorities [2 , 10 , 24] . 

rtefact detection 

Several AI models have been designed to automate artefact
etection with varying architectures and capabilities. Exam- 
les are IQ-DCNN, 3D ResNet-50, Hybrid Random Forest
Hyb-RF), and Deep Meta-Learning (DML). Each has unique 
trengths and limitations that make it suitable for a different
linical application [5 , 26 , 27] . 

IQ-DCNN shows strong reliability in identifying blurred 

mages, matching expert performance in phase selection 

R ²= 0.78, kappa = 0.67), but it remains dependent on expert-
erified reference images for clinical use [26] . By contrast, 3D
esNet-50 shows excellent performance in motion artefact de- 

ection in 2D b-SSFP CINE sequences (AUROC 0.87–0.90; 
verall 0.88–0.93), closely aligning with expert assessments and 

ffering greater potential for clinical translation (as shown in
ig. 3 ) [18] . 

Hyb-RF detects inter-slice motion artefacts in 2D b-SSFP 

INE with 78–85 % sensitivity and 90–95 % specificity, and
hows high accuracy for contrast and coverage estimation (sen-
itivity 88–100 %, specificity 99–100 %) [27] . DML addresses
espiratory and cardiac artefacts in 2D b-SSFP CINE and
IESTA, achieving accuracy of 56.51–99.28 %, precision of 
5.43–99.46 %, and F-measure of 55.06–99.36 %. While it
utperforms the compared models in artefact detection, it re-
0 D. Silipo, J. Greggio and C. Malamateniou / Journal of Medica
uires larger datasets for broader applicability [5] . CNN-based
odels (IQ-DCNN, 3D ResNet-50) show strong alignment 
ith expert assessments, making them well-suited for arte-

act detection tasks, though IQ-DCNN remains dependent on
xpert-verified references. Hyb-RF demonstrates high sensitiv- 
ty and specificity, particularly for inter-slice artefacts, but its
cope is narrower. DML offers broader applicability across res-
iratory and cardiac artefacts and outperforms other models in
recision, though it requires larger datasets for reliable clinical
se [5 , 18 , 26 , 27] . 

rtefact reduction 

Many AI models, such as CNNs and hybrid
NNs/Adversary autoencoder networks, have been evalu- 

ted to remove CMR artefacts, thus improving image quality
nd diagnosis [8 , 19 , 28] . 

CNN-based models demonstrate strong performance 
cross different CMR artefact correction tasks. With CINE
equences, 3D CNN and LRCN achieve high motion artefact
etection and correction (recall scores 467 ± 82 and 533 ± 65;
recision scores 713 ± 69 and 724 ± 57; ROC 0.89) [28] .
n PCMR sequences, U-Net improves edge definition and
uppresses deep artefacts with MAE 0.0417 and SSIM 0.85,
ven across variable resolutions and FOVs without extra
raining [29] . A combined CNN/CRNN/U-Net approach 

urther enhances segmentation accuracy (overlaps: LV 0.964, 
yocardium 0.775, RV 0.933) while increasing SSIM from

.623 to 0.793 [11] . RT U-Net on bSSFP reduces recon-
truction time with strong artefact scores (motion 4.3 ± 0.46;
l Imaging and Radiation Sciences 57 (2026) 102135 



Fig. 3. Example of an AI-based automated image quality control assessment. The three images show 2-chamber CMR cine views with varying AI-generated quality 
scores. The AI algorithm iteratively assesses image quality by analysing factors such as MR sequence planning and the presence of motion artefacts, providing 
radiographers with actionable feedback to improve image quality [18] . 
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eneral 4.6 ± 0.49) decreasing scan time without sacrificing
mage quality (as shown in Fig.4 ), meanwhile residual U-Net
econstructions achieve MAE < 0.05 and SSIM 0.7–1 [19 , 29] .
ther models extend utility: MOCOnet lowers motion scores

rom 37.1 ± 21 to 13.3 ± 10.5 ( p < 0.001) on ShMOLLI T1
aps, and DEBLUR achieves HFEN 0.18 ± 0.13 and SSIM

.96 ± 0.04 for FLASH sequences on small datasets [30 , 31] . 
These models reflect the versatility and efficiency of CNNs

or dealing with multiple types of artefacts and enhancing CMR
mage quality. 

For bSSFP sequences, HM uses an adversarial autoen- 
oder with unsupervised learning, improving sharpness by 7 %
Tenengrad) and SSIM from 0.76 to 0.93. It shows potential
o reduce breathing-related artefacts but requires larger datasets 
or clinical adoption [32] . 

3D CNN and LRCN stand out for reliable motion artefact
etection and correction in CINE imaging, while U-Net vari-
nts excel in artefact suppression and generalizability [28 , 29] .
ombined CNN–CRNN–U-Net models strengthen segmen- 

ation accuracy, making them suitable for structural analysis. 
T U-Net and residual U-Net are efficient for rapid recon-

truction with strong artefact reduction, whereas MOCOnet 
ocuses on motion correction in T1 mapping, and DEBLUR is
articularly effective for artefact correction in smaller datasets 
11 , 29 , 30 , 31] . HM shows promise for addressing breathing-
elated artefacts but needs larger datasets for clinical translation
32] . 

Taken together, CNN-based approaches offer flexibility 
cross artefact types, adaptability to different imaging se- 
uences, and the capacity to balance reconstruction speed with
igh image quality. This versatility makes CNNs particularly 
aluable for artefact reduction in CMR, where both accuracy
nd efficiency are critical [11 , 28 , 31] . 

mage reconstruction 

In CMR, various AI frameworks, including CNNs, recur-
ent layers, generative adversarial networks (GANs), and hy- 
D. Silipo, J. Greggio and C. Malamateniou / Journal of Medica
rid systems, can optimize image reconstruction. Some of these
rameworks use algorithms that can detect motion artefacts,
harpen edges, and minimise noise to improve the image re-
onstruction and signal to noise ratio (SNR) [4 , 33 , 34] . 

The Unet and ResNet networks used for 2D bSSFP have
 mean SNR of 0.983–0.994 and SSIM of 0.964–0.991. Unet
anks lower on a 1–5 scale in reconstruction quality (1.40) than
esNet (2.44), but both excel in maintaining diagnostic qual-

ty with limited data [33] . MoCo-MoDL for CMRA sequences
imilarly presents improved PSNR (27.86 ± 3.00) and SSIM
0.78 ± 0.06), surpassing the previous PROST model with
 mean quality score of 3.56 ± 0.53 (on a 1–4 scale). This
odel significantly shortens the scan and reconstruction times

25] . 
For 2D CINE sequences, the DCCNN can provide PSNR

f 30.9 ± 0.07 and SSIM of 0.90 ± 0.04, surpassing XD-
RASP (PSNR: 29.96, SSIM: 0.89) while maintaining a simi-

ar MAE (0.04 ± 0.03), [1] . In contrast, CRNN has NMSE val-
es of 0.0277–0.0408, higher than standard CRNN (0.0311–
.0464), PSNR of 30.295 and SSIM of 0.854, further enhanc-
ng image reconstruction quality [4] . 

The k-t CLAIR model performs exceptionally for CINE
nd T1/T2-weighted sequences. It achieves NMSEs of 0.0063 

CINE) and 0.0035 ( T1/T2W ) and PSNR of 37.54 (CINE)
nd 38.43 ( T1/T2W ), outperforming the E2EVarNet3D base-
ine [34] . When reconstructing images obtained from bSSFP
equences, zero-shot PG-DL can achieve PSNR scores of
3.71 ± 1.94 and SSIM values of 89.76 ± 2.07 %, outper-
orming the compared LLR-regularized method [35] . 

Generative adversarial networks, such as SRGAN, further 
mprove 3D bSSFP (CMRA) reconstructions (as shown in
ig.5 ), with NMAE scores of ∼0.3 and SSIM values of ∼0.925,
ignificantly superior to Bicubic interpolation (SSIM: ∼0.591) 
20] . Similarly, DnSRGAN, an algorithm for super-resolution
nd denoising, produces an average PSNR of 30.1407 and
SIM of 0.9090, which is superior to the compared method
SRGAN [36] . In this method, a DnCNN is used to denoise

he images, and then the SRGAN performs the super-resolution
l Imaging and Radiation Sciences 57 (2026) 102135 11 



Fig. 4. Short-axis CMR image with motion artefact and artefact correction performed by GRASP compared with artefact correction technique performed by AI 
proposed U-Net algorithm [19] . 

Fig. 5. Examples of 3D isotropic coronary MR angiography images obtained using different techniques and resolutions. The first image (A) has been obtained with 
low resolution, the second (B) with bicubic interpolation, the third (C) with high resolution, and the last two (D, E) with AI-based super-resolution reconstruction 
techniques [20] . 
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econstruction. This approach can be very effective because 
ombining the CNN with the GAN architectures makes it
ossible to remove the noise and artefacts that often cause
he CMR images to not be reconstructed properly during the
uper-resolution process. 

The hybrid MCMR model (CG-SENSE and GRAFT), ap- 
lied to 2D bSSFP, presents decreased NMSE (0.058–0.193) 
nd raised PSNR (41.7) still providing good quality image re-
onstruction [37] . 
2 D. Silipo, J. Greggio and C. Malamateniou / Journal of Medica
The strengths of these AI models vary. ResNet and Unet are
est for small training data, while MoCo-MoDL and DCCNN
mprove speed and diagnostic accuracy. CRNN and k-t CLAIR
rovide the best image quality, while GAN models such as SR-
AN and DnSRGAN provide better resolution and noise con-

rol. Hybrid approaches such as MCMR can combine motion
rtefact correction with reconstruction quality [20 , 25 , 35] . 

The overall risk of bias was generally low, though nearly half
f the studies had moderate risk due to limited datasets, lack
l Imaging and Radiation Sciences 57 (2026) 102135 
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f external validation, or single-centre designs. While AI shows
trong potential to improve CMR image quality, further mul-
icentre, prospective validation is needed before clinical adop- 
ion. 

ethodological challenges due to the sample characteristics 

Some sample characteristics were present, which prevented 

irect comparisons in the eligible papers: 

1) One of them is that some of the studies in the scop-
ing review use data sets that are either too small or not
homogeneous enough to generalise their findings [6] . 

2) Another challenge of the included literature is that AI
models were typically tested on a single scanner type or
imaging sequence, with few studies investigating trans- 
fer learning or domain adaptation to improve general- 
izability. Future research specifically designed to assess 
model performance across multiple scanners and imag- 
ing protocols is needed to address this gap [20] . 

3) Another issue is that the findings reported from differ-
ent studies are not uniform. Non standardized evalu- 
ations, research methods, and formats make compar- 
ing research and drawing robust conclusions difficult 
[30 , 35] . It should be noted that the definition and as-
sessment of image quality varied across studies, which 

may contribute to heterogeneity in the reported out-
comes. 

uture work 

Given the speed at which AI develops, it was not feasible to
ssess generative AI use in CMR, but this might be something
ery relevant in the immediate future. 

imitations 

This review has some limitations. 
The search was performed PubMed, Google Scholar, arXiv,

nd the Cochrane Library to comprehensively capture relevant 
iomedical and technical studies. While EMBASE and IEEE 

plore may contain additional relevant records, they were not
earched due to database overlap and access restrictions; this
epresents a limitation of our review. 

To ensure feasibility, the review was restricted to English-
anguage publications. We acknowledge that this restriction 

ay introduce language bias and potentially exclude relevant 
vidence published in other languages. 

Furthermore disagreements between reviewers during data 
xtraction and quality assessment were resolved through discus-
ion and consensus, with a third author consulted when neces-
ary. Inter-rater agreement was not formally quantified using a
appa coefficient, which may represent a methodological limi- 
ation. 
D. Silipo, J. Greggio and C. Malamateniou / Journal of Medica
onclusion 

AI has the potential to streamline different aspects of CMR,
mpacting scan times, image quality and patient comfort [6] .
I acceleration techniques can accelerate scans, requiring few
r no breath holds. They are especially useful for patients who
truggle to hold their breath for a prolonged period of time
23] . These improvements save time, prevent motions artefacts
nd may, therefore, enhance image quality [7 , 10] . AI can iden-
ify and correct image artefacts [26] . CNNs, GANs, and hybrid
lgorithms can detect and remove artefacts during image acqui-
ition and enhance image quality, making scans more accurate
nd interpretable [18 , 29] . 

AI can also assist in image reconstruction by minimising re-
onstruction time, filter noise from images, and optimise the
esolution, thus maximizing the quality of the entire process
1 , 4 , 20] . Most AI applications reviewed remain at the techni-
al proof-of-concept stage. Although the results are promising,
urther studies are required to validate these approaches across
arger and more diverse datasets and to establish their readiness
or integration into routine clinical workflows [7 , 8 , 21] . 
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