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ARTICLE INFO ABSTRACT
AffiC{e history: Background and objectives: Myocardial infarction scar (MIS) assessment by cardiac magnetic resonance
Received 22 August 2022 provides prognostic information and guides patients’ clinical management. However, MIS segmentation is
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time-consuming and not performed routinely. This study presents a deep-learning-based computational
Accepted 19 December 2022

workflow for the segmentation of left ventricular (LV) MIS, for the first time performed on state-of-the-
art dark-blood late gadolinium enhancement (DB-LGE) images, and the computation of MIS transmurality

Keywords: and extent.
Deep learning o Methods: DB-LGE short-axis images of consecutive patients with myocardial infarction were acquired at
Cardiovascular imaging 1.5T in two centres between Jan 1, 2019, and June 1, 2021. Two convolutional neural network (CNN) mod-

Cardiac magnetic resonance
Myocardial ischemic scar
Image processing

els based on the U-Net architecture were trained to sequentially segment the LV and MIS, by processing
an incoming series of DB-LGE images. A 5-fold cross-validation was performed to assess the performance
of the models. Model outputs were compared respectively with manual (LV endo- and epicardial border)
and semi-automated (MIS, 4-Standard Deviation technique) ground truth to assess the accuracy of the
segmentation. An automated post-processing and reporting tool was developed, computing MIS extent
(expressed as relative infarcted mass) and transmurality.
Results: The dataset included 1355 DB-LGE short-axis images from 144 patients (MIS in 942 images).
High performance (> 0.85) as measured by the Intersection over Union metric was obtained for both the
LV and MIS segmentations on the training sets. The performance for both LV and MIS segmentations was
0.83 on the test sets. Compared to the 4-Standard Deviation segmentation technique, our system was five
times quicker (<1 min versus 7 & 3 min), and required minimal user interaction.
Conclusions: Our solution successfully addresses different issues related to automatic MIS segmentation,
including accuracy, time-effectiveness, and the automatic generation of a clinical report.

© 2022 Elsevier B.V. All rights reserved.

Abbreviations: BB, bright-blood; BB-LGE, bright-blood late gadolinium enhancement; b-SSFP, balanced-steady-state free precession; CNN, convolution neural network;
CMR, cardiovascular magnetic resonance; CV, cross validation; DB-LGE, dark-blood late gadolinium enhancement; DL, deep learning; ICC, intra class correlation; 10U, inter-
section over union; LV, left ventricle; MIS, myocardial infraction scar; n-SD, n-standard deviation; PSIR, phase-sensitive inversion recovery; ReLU, rectified linear unit; RIM,
relative infracted mass; ROI, region of interest; TI, inversion time.

* Corresponding authors.
** Corresponding author at: Department of Cardiology, IRCCS Istituto Auxologico Italiano, Via Magnasco 2, Milan 20145, Italy.
E-mail addresses: hui.xue@nih.gov (H. Xue), daniela.besozzi@unimib.it (D. Besozzi), marco.nobile@unive.it (M.S. Nobile), c.torlasco@auxologico.it (C. Torlasco).

https://doi.org/10.1016/j.cmpb.2022.107321
0169-2607/© 2022 Elsevier B.V. All rights reserved.


https://doi.org/10.1016/j.cmpb.2022.107321
http://www.ScienceDirect.com
http://www.elsevier.com/locate/cmpb
http://crossmark.crossref.org/dialog/?doi=10.1016/j.cmpb.2022.107321&domain=pdf
mailto:hui.xue@nih.gov
mailto:daniela.besozzi@unimib.it
mailto:marco.nobile@unive.it
mailto:c.torlasco@auxologico.it
https://doi.org/10.1016/j.cmpb.2022.107321

D.M. Papetti, K. Van Abeelen, R. Davies et al.
1. Introduction

Cardiovascular magnetic resonance (CMR) is the most advanced
non-invasive cardiac imaging test, providing a broad range of
information on the heart, and is considered the gold standard for
chambers’ size, function, and non-invasive tissue characterization.
A challenge with CMR is delivery - making it cheaper, more
standardized, and faster while retaining accuracy. Solutions will
need to address all parts of the imaging chain, including image
acquisition, image segmentation (analysis), and reporting processes
[1-3].

Deep Learning (DL) approaches have been successfully em-
ployed for CMR segmentation tasks, tackling multiple issues simul-
taneously - accuracy, reproducibility, time effectiveness, and auto-
matic reporting. Examples include ventricular volumes, mass, wall
thickness segmentation, and left ventricle (LV) landmarking, where
DL-based systems have shown similar accuracy and better repro-
ducibility than human experts [4-6].

The segmentation of ischemic scar is one CMR analysis task
that has not been properly addressed. CMR late-gadolinium en-
hancement (LGE) imaging accurately detects the location, size, and
extent of myocardial infarction scar (MIS) [7,8]. These data are
linked with prognosis, and provide information about myocardial
viability used to guide revascularization. Overall, scar burden
correlates with arrhythmia risk [9-12], and the likelihood of seg-
mental functional recovery has an inverse relationship with scar
transmurality (i.e., the extension of the scar in the myocardial wall
thickness), with a significantly lower likelihood of benefit from
the revascularization in those segments with transmural extent of
MIS higher than 50% [13]. MIS may also be used for drug devel-
opment as a primary endpoint in clinical trials of cardioprotective
medication, an area of need [14].

An “optimal” method for CMR LGE quantification has not
been identified yet [15]. Both visual assessment and manual
contouring lack reproducibility and accuracy against histology [16].
Semi-automated techniques, e.g., the “full-width-half-maximum”
or the “n-Standard Deviation” (n-SD) techniques, may produce
widely differing results for fibrosis quantification but, given ade-
quate standardization, they can improve reproducibility [16-18].
Still, these analyzes are time-consuming, operator-dependent
and require training and quality assurance processes. DL-based
solutions for MIS segmentation can provide high performances
and full automatization. Convolutional Neural Networks (CNNSs)
with a U-Net architecture [19], which are particularly suited for
segmentation tasks in medical imaging thanks to their ability to
perform fast and precise segmentation using a reduced amount
of learning data, have been successfully applied to the task
[20,21]. Examples include MIS segmentation performed indepen-
dently [22], matched with the LV segmentation on short-axis
LGE images [23,24], or in a cascaded multi-view U-Net [25].
The generalizability of these studies is limited though, because
they are often monocentric and based on small, private datasets.
Furthermore, they are all performed on conventional bright-blood
(BB) LGE images, where low contrast between blood pool and
scar may determine variability on LV boundaries annotation,
and increased difficulty in identifying thin, subendocardial MIS
[26]. Alternative heuristics previously exploited for LGE segmen-
tation include thresholding (e.g., using Otsu’s algorithm) and
clustering [17].

We here for the first time explore the use of dark-blood (DB)
LGE, the current gold standard sequence for the detection of
subendocardial scar [26], combined with two CNNs with U-Net ar-
chitecture, to perform an automated, time-efficient and accurate
MIS segmentation [27].
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2. Methods
2.1. Ethics approval and informed consent

Patients’ images were collected retrospectively at IRCCS Istituto
Auxologico Italiano (Milan, Italy) and Barts Heart Center (London,
UK). The local Ethics Committees of both centres approved the
study. All patients provided written consent for anonymized use
of data for research purposes at the time of the CMR.

2.2. Imaging and MRI acquisition

State-of-the-art free-breathing, motion-corrected, dark blood
(DB) phase-sensitive inversion recovery (PSIR) LGE short-axis im-
ages were retrospectively collected on three 1.5T scanners (1x
AvantoFit, 2x Aera; Siemens, Erlangen, Germany), from 1 Jan-
uary 2019 to 1 June 2021, as previously described [26]. LV
short-axis stacks with at least one slice displaying subendocar-
dial/transmural scar were included. Images of non-diagnostic qual-
ity due to any reason and stacks showing only non-ischemic LGE
patterns were excluded. Prior to analysis, images were entirely
anonymized.

2.3. Ground truth labeling and image pre-processing

LV and MIS segmentations were performed by IRCCS Istituto
Auxologico Italiano investigators with a dedicated open-source
software (Horos Purview, Annapolis, USA). Two issues had to be
addressed: DB-LGE images windowing, and the MIS segmenta-
tion technique. With regards to windowing, a level range (WL:
4100 + 100; WW: 1300 + 50; see Fig. 1, panel A and panel B)
was chosen visually, to provide an optimal visualization of the my-
ocardium and the blood pool. The choice was corroborated in a
sample of 6 patients (56 slices), in whom LV mass calculated on
windowed DB-LGE images was compared to LV mass calculated
on matching bright-blood Magnitude-IR LGE (BB-LGE) images and
balanced-steady-state free precession (b-SSFP) cine images by two
independent observers (manual LV endo- and epicardial borders
segmentation, mass calculation by Simpson’s disk stack technique).

To choose a scar segmentation technique, MIS was assessed
on the same set of 56 DB-LGE slices with different techniques
(2-SD, 3-SD, 4-SD, 5-SD, 6-SD); the results were then compared
against MIS segmented on matching BB-LGE images with the 5-SD
technique as the gold standard [28]. Interobserver reproducibility
was evaluated on DB-LGE MIS segmentation (all techniques) by In-
tra Class Correlation (ICC). Normality of data was tested with the
Kolmogorov-Smirnov test of normality.

Eventually, LV endo- and epicardial borders were manually
traced on windowed images on the whole dataset, and the 4-SD
technique was applied to segment MIS. Briefly, a region of interest
(ROI) was selected in the remote myocardium; then, the mean and
the SD of the selected ROI were calculated, and pixels with an in-
tensity greater than 4-SD above the mean were defined as scarred
[16]. Fig. 1 details the labeling and mask creation process; Fig. S1
details examples of different n-SD segmentation.

All images were exported in TIFF format (300dpi), and the cen-
tral field of view (512 x 512 pixels) was cropped in each. A 2-fold
data augmentation process was performed by means of contrast
stretching (i.e., as generated by the magnetic resonance scanner
and windowed, as described above - see Fig. 1, panels A and B).

The area between the endo- and epicardial border, i.e. the LV
myocardium, was converted into a shape to create the LV mask for
the CNN.
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Fig. 1. Labelling and mask creation example. The original image (panel A) was windowed for a better definition of the heart wall (WL: 4100 &+ 100; WW: 1300 + 50) (panel
B). Endo- and epicardial borders (respectively, red and green contours) were manually traced on the windowed image; papillary muscles were included in the blood volume
(panel C). The ischemic scar was segmented with the 4-Standard Deviation technique, with a region of interest (ROI) drawn in the remote myocardium (panel D). The remote
ROI was selected to be as close as possible to the scar while avoiding the insertion points, the basal septum, and any area of non-ischemic late gadolinium enhancement.
A mask for myocardium (panel E) and a mask for scar segmentation (panel F) were generated. The myocardium mask was then converted into a shape (panel G) prior to

being fed to the CNNs.

2.4. CNN models and training

We trained two CNNs based on the same U-Net architecture.
The CNNs were developed using Python 3.7.11, NumPy 1.21.2
and PyTorch 1.10 with CUDA 11.3 [29,30]. The U-Net architecture
consists of a set of contraction blocks followed by a set of expand-
ing blocks, whereby the size of the input image is first reduced
while extracting the hidden features information; then, these
high-resolution features are combined again with the spatial infor-
mation to reconstruct an output image that represents the ROI of
the input image. In this work, contraction blocks consist of a max
pooling operator followed by two 2-dimensional convolutional
layers. Each convolutional layer is provided with an activation
function and a regularization operator (see Supplementary Mate-
rial, Table S1). A batch normalization layer is also used to reduce
overfitting [29]. Expanding blocks consist of a transpose convolu-
tional layer followed by two convolutional layers, as reported in
Supplementary Material, Table S2. Each expanding block receives
two inputs: the first one is a tensor generated by the previous
block (whichever the type) and fed into the transpose convolu-
tional layer; the second one is an output of a contraction block
that is concatenated with the output of the transpose convolution
along with the filters, and fed into the first convolutional layer.

The overall topology of the CNNs used in this work is shown in
Fig. 2. Before and after the building blocks of the U-Nets, two 2-
dimensional convolutional layers, activated by ReLU functions, are
employed (see Supplementary Material, Table S3). For a layer-wise
description of the architecture, we refer to Supplementary Mate-
rial, Table S4.

The CNNs receive as input a 512 x 512 gray shaded image,
whose pixels are normalized in the [0, 1] interval, and provide as
output a 512 x 512 matrix of real values in the [0, 1] interval that
can be converted into a 512 x 512 gray shaded image (see Fig. 3,
panel A). The pixels of the output images are gray shaded: each
dark pixel represents the respective pixel in the input image be-
longing to a ROI, that is, an LV region or scar tissue (see Fig. 3,
panels B and C). To compute all the performance metrics consid-

ered in this work, the values of the output matrix are rounded to
produce binary values.

The weights of the CNNs were initialized according to PyTorch’s
truncated normal distribution with mean equal to 0 and standard

deviation equal to where fan;, is the number of inputs to

the layer [31]. Both the model to detect the LV region and the
model to detect the MIS were trained for 100 epochs, and an early
stopping criterion was applied if the loss function did not im-
prove of at least 5 - 10~% for 5 epochs in a row. In the case the
early stopping criterion was satisfied, the training process was in-
terrupted and the model was restored to the best model found,
i.e,, the weights were reset to the weights of the last epoch when
the loss function improved. During each epoch, prior to feeding
the images of the training set to the CNNs, such images were ran-
domly perturbed by means of shift, rotation, and zoom operators.
The shift operator shifts both horizontally and vertically the image
of a maximum of 26 pixels, the rotation operator rotates the im-
age to a maximum of 5° either in a clockwise or counterclockwise
direction, while the zoom operator can zoom the image either in
or out of a 10% scale.

2.5. Performance analysis

The dataset was split into a training set and a test set accord-
ing to a 90-10 policy, that is, 90% of the images were used to train
and validate the CNN models and the remaining 10% to monitor
their generalization capability as a test set. The performance of
the CNNs was assessed by means of a 5-fold cross-validation (CV)
process performed by leveraging the training set. Six performance
metrics were evaluated during the training: binary cross-entropy
(loss function), accuracy, precision, recall, Intersection over Union
(IoU), and Dice score.

The binary cross-entropy is defined as:

1 K
[F = =2 D e-log () + (1 = yi) -log (1 — )],
k=0



D.M. Papetti, K. Van Abeelen, R. Davies et al.

Computer Methods and Programs in Biomedicine 229 (2023) 107321

1 64 64 128 64 64 2 1
MRU by | N S
Image Label
o~ o~ o~ ~ ~ ~ o~ ~
Sl S S Sl SH S S
wn n wn wn wn wn ['s] wn
Sl &l & Q& &l & &
o Al B Dl Bl 3| 3] B
64 128 128 256 64 64
- | (= ( | =)
Wl ©| | % ”&L Sl %
wn wn wn wn wn wn
Nl N Ni NLL] N oy
128 256 256 512 128 128
NERS iy ) |
NT N ~ ~ ~ ~N—
g9 4 ,-" s ﬁ a4 4
—— 256 512 512 1024 256 256
onvolution
m) Max Pooling ~ D‘J |‘N| ‘ ‘ | |~ND-|:|
o~ o o (=] (=]
) ' + © © © ' m‘ © ©
= 512 5 512
= Copy N:Q:\#Nl:l
(=] (=3 0
m o ~

Fig. 2. Topology of the Convolutional Neural Networks (U-Net architecture) employed in this work for automatic MIS segmentation. Contraction blocks (on the left) reduce
the size of the input image and extract multiple hidden features represented in the different layers. Expanding blocks (on the right) reconstruct an image representing
the ROI of the input image by composing the extracted hidden features. The convolutional layers of contracting and expanding blocks are based on a 3 x 3 kernel with
padding equal to 1. In this type of architecture, the output of a contraction block is propagated as input to the next contraction block, and as one of the two inputs of the
respective expanding block. The output of the transpose convolution is padded to match the same width and height of the output of the respective contraction block. The
resulting tensor and the second input tensor are concatenated along with the filters. The resulting tensor is fed into the first convolutional layer of the expanding block. In

our architecture, the last contraction block does not double the number of filters.

Fig. 3. Scar segmentation prediction example. Panel A: original image. Panel B: scar mask obtained using the 4-Standard Deviation segmentation technique. Panel C: Deep

Learning prediction.

where K is the number of images in the batch, x; is the predic-
tion of the k'™ image, and y, is the respective ground truth. Since
both x, and y, are images, pixel-wise operations were performed
to compute the loss function. The accuracy, precision and recall
scores are evaluated on the prediction of LV or MIS, according to
the CNN task.

The IoU evaluates the ratio between the intersection of the
ground truth and the predicted ROI over the union of such regions
(see Supplementary Material, Fig. S2). The ROI is the set of pixels
that share the same label value, e.g., all pixels that are predicted
as 0. In this case, the ROIs are the pixels predicted either as LV or
MIS, according to the CNN model. Similarly, the Dice score com-
putes the ratio between the intersection of the ground truth and
the predicted ROI over the combined number of pixels classified
as a ROI in both images.

The precision, recall and Dice scores were computed only on
the images presenting a LV or a MIS. At the end of the training
process with the whole dataset, we labelled the LV slices from 30
patients from the test set as “basal”, “mid-ventricular” and “api-
cal”, and we evaluated the performance of the two CNNs in the
different LV locations.

2.6. Clinical report

The resulting DL segmentations were processed using Python
3.8.5 and OpenCV 4.5.5.62 to generate a clinical report. This report
consisted of two metrics describing MIS extent, both with demon-
strated prognostic implications [9-12]:

(1) Relative infarcted mass (RIM), i.e., MIS mass as a percentage of
the LV mass, calculated on the DB-LGE images.
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Interobserver variability. LV mass and MIS quantification performed using different techniques by two independent operators on dark-blood late gadolinium
enhancement images (56 slices, 6 patients). Interobserver variability is measured by Intra Class Correlation (ICC). Data are expressed as mean (SD). LV: left

ventricle; SD: standard deviation.

N = 56 slices LV Mass 2-SD 3-SD 4-SD 5-SD 6-SD

Observer 1, g 13.1 (2.2) 5.2 (2.2) 3.8 (1.7) 3.1(1.7) 2.5(1.6) 2.3 (1.3)

Observer 2, g 13.2 (2.0) 5.2 (2.0) 3.9 (1.9) 3.0 (1.8) 2.6 (1.5) 2.3 (1.3)

ICC 0.94 0.90 0.88 0.95 0.96 0.95
Table 2

Fig. 4. Transmurality assessment. The centroid of the contour is given by the coor-
dinates (X, yc) (panel A). From there, the left ventricle is divided into 360 chords
(panels B and C). In the presence of MIS (panel C and D), the coordinates of the
intersection points between the endo- and epicardial contour are used to calculate
the LV wall thickness (panel D, respectively Xgn, Yen and Xgp, Vep), and the coor-
dinates of the intersection points between the segmented scar borders (X, ys) are
used to calculate MIS thickness. Transmurality percentage is then calculated as (MIS
thickness/LV wall thickness) * 100 for each cord intersecting the scar, resulting in
an average transmurality percentage for the MIS.

(2) Transmurality. Each LV slice was segmented into 360 chords
where, for each chord, the transmural extent of MIS - that is,
the percentage of the wall thickness which is infarcted - was
computed (see Fig. 4) [32]. When present, the average MIS
transmural extent was categorized as <25%, 25-50%, 50-75% or
>75%, and the distribution of MIS, expressed as the percentage
of the LV over the four categories and averaged over the num-
ber of LV slices, was reported.

3. Results
3.1. Images dataset

A total of 2704 DB-LGE anonymized images were collected from
441 patients. Among those, 1454 images from 297 patients were
excluded (quality issues in 74 images; see Supplementary Material,
Fig. S3, for details). The final sample consisted of 1355 short-axis
DB-LGE images from 144 patients; MIS was present in 942 images,
100% of patients. On average, 4-SD semi-automated analysis of a
10-slices short-axis stack took 7 + 3 min.

3.2. Segmentation technique and interobserver reproducibility

LV mass and MIS were normally distributed, irrespectively of
technique and sequence.

LV mass measured on different sequences on 6 patients. Data are expressed
as mean (SD). Significance is tested by one-way ANOVA for repeated mea-
sures. b-SFFP cine: balanced-steady-state free precession cine; DB: dark
blood; BB: bright blood; LGE: late gadolinium enhancement.

N = 6 patients  b-SSFP cine DB-LGE BB-LGE p

121.6 (38.4) 033

Mean mass, g 116.7 (31.6) 1204 (34.2)

Interobserver variability was good for LV mass calculation and
for all MIS segmentation techniques on DB-LGE images (Table 1).

LV mass did not differ significantly when calculated from DB-
LGE (WL: 4100 £+ 100; WW: 1300 + 50), BB-LGE and cine images
(Table 2).

Mean MIS volume increased as the threshold varied from 6-
to 2-SD from mean remote myocardium signal (see Supplemen-
tary Material, Figs. S1 and S3). Among all the tested segmentation
techniques, DB 4-SD showed the best agreement by the ICC when
compared to the gold standard BB 5-SD (Table 3).

3.3. Performance of the convolutional neural networks

In all tests for LV and MIS segmentation, the training processes
were performed by using an NVIDIA RTX 3090. While each training
required more than 2 h and 30 min, the time required for predict-
ing the segmentation of a 10-slices short-axis is approximately 8 s.

3.3.1. LV segmentation CNN

We adopted a 5-fold CV, online data augmentation and an early
stopping criterion for the training of both CNNs to prevent over-
fitting. This strategy was successful in all 5 iterations, with an loU
around 0.82 (see Fig. 5A), an accuracy of 0.99 and a Dice score
around 0.73 (see Supplementary Material, Table S5). During the
training, the loss decreased by an order of magnitude after a few
epochs, as shown in Supplementary Material, Fig. S4 (panel A). The
performance obtained by the networks on the held-out fold (i.e.,
the validation set) shows that the CNNs did not overfit, as reported
in Supplementary Material, Table S5. After assessing the perfor-
mance of the CNN for the LV segmentation task, we trained the
CNN using the whole training set. The training set was split ac-
cording to a 90-10 policy: 90% assigned to the training, and 10%
assigned to the validation set to monitor the generalization ca-
pability of the models. We performed online data augmentation

Table 3

Segmentation techniques comparison. Each technique of MIS segmentation on
DB-LGE is compared against the gold standard 5-SD BB-LGE. Data are reported
as mean (SD). MIS: myocardial infarction scar; BB: bright blood; DB: dark blood;
ICC: Intra Class Correlation; SD: standard deviation.

MIS/slice MIS/patient ICC
BB 5-SD g 3.1 (1.9) 24.9 (12.8)
DB 2-SD g 5.1 (2.1) 45.3 (14.8) 0.47
DB 3-SD g 3.6 (1.8) 32.9 (11.6) 0.86
DB 4-SD g 2.9 (1.6) 25.9 (12.0) 0.94
DB 5-SD g 24 (14) 20.8 (10.7) 0.89
DB 6-SD g 2.1 (1.6) 18.3 (10.2) 0.77
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Fig. 5. IoU (panel A) computed on the validation set during the 5-fold CV process for LV segmentation. Loss and IoU (panel B) computed on both the training and validation
sets during the training of the CNSs for LV segmentation. The y axis is log-scaled for the loss function.
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Fig. 6. IoU (panel A) computed on the validation set during the 5-fold CV process for LV segmentation. Loss and IoU (panel B) computed on both the training and validation
sets during the training of the CNNs for MIS segmentation. The y axis is log-scaled for the loss function.

as described above, which was applied during each epoch of the
training. Fig. 5B shows the performance metrics computed for each
epoch during the training process. The results confirm what was
observed with the 5-fold CV: the loss quickly decreases by an or-
der of magnitude, while the IoU computed on the validation set
improves to 0.84. At the end of the training process, the CNN was
evaluated on test set images. The performance in terms of IoU, ac-
curacy and Dice score (see Supplementary Material, Table S6) are
similar to the performance obtained with the 5-fold CV, with an
IoU equal to 0.84, thus confirming the generalization capability of
the models.

Concerning the performance in different LV locations, the CNN
model is slightly better on the mid-cavity images with an IoU of
0.88 against an IoU of 0.85 on apical and basal images.

3.2.2. MIS segmentation CNN
The evolution of the performance metrics computed on the
training sets during the 5-fold CV process is shown in Fig. 6. Data

augmentation and early stopping criterion were applied as in the
LV segmentation CNN. This strategy was successful in 4 out of 5 it-
erations, with an IoU around 0.8 (see Fig. 6A), an accuracy of 0.99
and a Dice score of 0.76 (see Supplementary Material, Table S7).
During these 4 iterations of the CV, the loss dropped to an order
of magnitude lower after a few epochs, as shown in Supplementary
Material, Fig. S3 (panel B). Such a decrease does not immediately
yield a better performance in terms of IoU. As shown in Fig. 6A, the
CNNs required several epochs to improve the segmentation quality
of the image, reaching an IoU around 0.8 on the validation set. The
metrics computed on the validation sets during the 5-fold CV are
reported in Supplementary Material, Table S7. Finally, Fig. 6B shows
the performance of the CNN for MIS segmentation using the whole
training set. During the training, the loss slightly decreased while
the IoU computed on the validation set improved to 0.8. Also in
this case, the training set was split according to the 90-10 policy,
and the validation set was used to monitor the generalization per-
formance of the CNN during the training process. The trained CNN
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Fig. 7. Reporting output (I). Panel A: pre-processed late-gadolinium enhancement (LGE) images; Panel B: Deep Learning-predicted segmentations (post-processed) for the
left ventricle (LV) (blue) and the myocardial infarction scar (MIS) (red). Panel C: transmurality metrics: the number of considered LV slices, the RIM, and transmurality
distribution of MIS over the slices, are reported. RIM: Relative Infarcted Mass, i.e. LGE mass as a percentage of the LV mass.

was used to predict the MIS in the test set images. Also in this
case, the performance on the test set (see Supplementary Material,
Table S6), with an IoU equal to 0.83, confirms the generalization
capability of the CNN.

The performance of the CNN was evaluated on different loca-
tions of the heart for 30 patients. The results show that the CNN
equally performs for basal and mid-cavity regions of the LV with
an IoU around 0.79, while an IoU of 0.72 is obtained on the apical
regions.

3.4. Reporting
The generation of the clinical report took, on average, 12 s

(AMD Ryzen 5800H, 16GB RAM, NVIDIA RTX 3060) for a 10-slices
short-axis stack. The report displayed the original DB-LGE images

fed to the CNNs, the DL-segmentation overlapped on the original
images, and a summary table of RIM and average MIS transmu-
rality (Fig. 7). Inaccuracies were addressed through simple post-
processing (OpenCV 4.5.5.62) of the predictions, where noise in the
LV segmentation (retaining the largest segmentation) and scar seg-
mentations (only including segmentations that overlap with the LV
segmentation) outside the LV were automatically removed (Fig. 8).
Visual comparison of the predictions against the original image al-
lowed immediate quality control by the clinician.

4. Discussion

In this study, we developed a CNN-based workflow for semiau-
tomatic MIS segmentation on DB-LGE CMR images, demonstrated
its accuracy, and proposed an ad hoc clinical reporting output.
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Fig. 8. Reporting output (II). Panel A: pre-processed late-gadolinium enhancement (LGE) images. Panel B: ground-truth labels for the left ventricle (LV) (blue) and the
myocardial infarction scar (MIS) (red). Panel C: Deep Learning-predicted LV and MIS segmentations; from left to right, top to bottom, MIS segmentation inaccuracies (yellow
bounding boxes) can be found in the fourth (papillary muscles segmented as MIS), seventh (a digestive tract region segmented as MIS), and ninth image (right ventricle
segmented as MIS). These were removed through manual post-processing. Panel D: reporting metrics as described in Fig. 7. RIM: Relative Infarcted Mass, i.e. LGE mass as a
percentage of the LV mass.
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The proposed solution has several strengths. First, to the best
of our knowledge, this is the first attempt to perform DL-based
segmentation on state-of-the-art DB-LGE imaging, which opti-
mizes the contrast between blood pool and subendocardial LGE,
and thus guarantees the maximum sensitivity in the detection of
MIS [33].

Due to the novelty of DB-LGE imaging, there is no standard-
ized method to perform the LV/MIS segmentation tasks. Win-
dowing strongly affects subendocardial boundaries contouring,
which in turn strongly affects MIS size. Here, we selected a win-
dowing range that looked visually satisfactory to distinguish LV
from blood pool, and we corroborated this threshold by com-
paring LV mass calculated on windowed DB-LGE against cine
images.

Regarding MIS segmentation, in a recent animal study by Nies
et al. [28] 5-SD was found to be the most accurate semi-automated
technique against histology to segment MIS both on standard BB-
PSIR and in PSIR with TI set to nullify the blood, i.e., with “dark
blood”. In our sample, 4-SD DB-LGE segmentation was the most
consistent with 5-SD BB-LGE segmentation, with an excellent inter-
observer reproducibility for all n-SD DB-LGE techniques with n > 4.
We argue that this discrepancy may depend on the different pulse
sequence used, and on the small sample size (24 LGE slices by Nies
et al.,, 56 LGE slices in the present study). Indeed, also on visual as-
sessment, the 5-SD technique seems to miss some thin and faded
subendocardial MIS on DB-LGE images (see Supplementary Mate-
rial, Fig. S1) [15].

With these caveats, our system performs accurately against
ground truth, and requires 80% less computational time and min-
imal user interaction compared to n-SD techniques. Indeed, the
DL computational time was lower than 1 min/patient for segmen-
tation and clinical report elaboration versus ~5-10 min/patient
needed by a doctor to perform segmentation only. Image cropping
and, only if needed, manual correction of scar segmentation out-
put were the only inputs required by the operator. Thus, our pro-
posed solution overcomes the limitations of both visual assessment
and semiautomatic techniques: the poor reproducibility of visual
assessment, as well as the time needed for the manual LV seg-
mentation and delineation of ROIs for threshold computation, are
indeed the main factors determining, respectively, reporting inac-
curacies and under-usage of quantitative tools in clinical routine.
Our solution has significant potential for clinical usage, already of-
fering an automatic clinical reporting tool. Such a report consists of
a table that summarizes all the findings. The display of DL-based
LV and MIS segmentation results allows immediate visual checking
of accuracy (as shown in Figs. 7 and 8) and the localization of the
infarcted areas. The table also displays the RIM, and describes the
infarction burden by transmurality, providing prognostic informa-
tion and data to guide management, and a suitable end-point for
clinical trials [34].

From a development perspective, our solution is based on the
U-Net architecture, which is extensively adopted in the medical
imaging field thanks to its ability to successfully perform image
segmentation in the presence of highly noisy images. The medium-
sized dataset we used, consisting of 1355 images, represents a
compromise between the need to provide an adequate number of
examples for the CNNs to learn and the time required to perform
image labeling (in this study, approximately 24 person-hours of
trained operators). Performing a 2-fold data augmentation by con-
trast stretching on the whole dataset, the dataset was expanded to
2710 images. Such a dataset was split into a training set and test
set according to a 90-10 policy. A different training set was ob-
tained for each training epoch by applying shift, rotation and zoom
operators. U-Nets for myocardial scar segmentation were previosly
exploited [24,32] but, differently from our work, the authors were
aiming at volumetric visualization and did not exploit DB-LGE,
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which does not allow to carry out a direct comparison of the per-
formance of the two DL frameworks. To the best of our knowledge,
our work represents the first attempt at segmenting human DB-
LGE images using DL. Alternative heuristics for LGE segmentations
include thresholding (e.g., using Otsu’s algorithm) and clustering
[32].

During the 5-fold CV process used to evaluate the CNNs, we
encountered a potential issue regarding the weights’ initialization.
For some folds, the CNNs started with a greater loss and required
a higher number of epochs to converge - or they did not converge
at all, as in the case of the LV segmentation - possibly because of
the stochasticity of weights’ initialization. We handled this issue
by early detection and restarting the training with a better initial-
ization. A test set, independent from both the training and valida-
tion sets, was used to check whether the trained CNN models were
possibly biased towards the training and/or the validation sets. Our
results show that both models converged and could generalize the
basic structures in the data - without learning specific structures
about the data presented to the CNNs - being thus able to per-
form well on new data samples characterized by a feature space
similar to the input data. The CNNs also show a comparable per-
formance in the different locations of the heart (apical, basal and
mid-cavity).

The computational training time (about 2.5 h per CNN) was
consistent with the optimized architecture.

We are aware of a few current limitations of our study, and plan
to solve them soon.

First, as already discussed, further research is needed to stan-
dardize LV/MIS segmentation on DB-LGE images. It must be noted,
though, that MIS detection is independent of LV detection in our
workflow, and that the reporting tool is still a proof-of-concept. It
was not possible to test our system on a publicly available dataset,
or directly compare it to other systems already available, because
this is the first experience on DG-LGE images. Also, training and
validation has been performed on the whole dataset, so it is not
currently possible to assess the multicenter/multiscanner general-
izability. Although we did not train our system to identify the dif-
ferent LV segments, an essential knowledge for any CMR doctor,
the available reporting output provides quantitative information
with a prognostic value and the potential to guide clinical decision-
making. Future developments will include training the LV CNN to
identify the 16 segments according to the American Heart Associ-
ation classification.

Finally, although the computational process is fast, our system
currently works as a stand-alone. Images must be exported from
the MR scanner and fed to the CNNs, limiting the full integration
of our system in current clinical workflows. To overcome this lim-
itation and promote the clinical adoption of the proposed tool, we
plan to integrate our methodology into MR scanners, as it already
happened for other DL-based solutions [4]. Inline processing would
ensure immediately available results, prior to the next image se-
ries.

5. Conclusion

Our solution successfully addresses different issues related
to automatic MIS segmentation, including accuracy, time-
effectiveness, and the automatic generation of a clinical report.
Further research is needed to standardize segmentation on DB-LGE
images.
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