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DEEP LEARNING CARDIAC SEGMENTATION AND MOTION VISUALIZATION

CROSS-REFERENCE TO RELATED APPLICATION
[0001] This patent document claims priority to and benefits of U.S. Provisional Patent
Application No. 63/054,196 filed on 20 July, 2020. The entire content of this patent application

is incorporated by reference as part of the disclosure of this patent document.

GOVERNMENT LICENSE RIGHTS
[0002] This invention was made with government support under Grant No. HL.143113
awarded by the National Institute of Health (NIH). The government has certain rights in the

invention.

SUMMARY
[0003] This patent document describes devices, systems, and methods for automated
segmentation and slicing of cardiac computed tomography (CT) images. The embodiments
described herein can streamline core-lab imaging assessment in clinical trials, improve accuracy
of serial imaging assessment, include other structures (i.e. right ventricle/atrium), and extend to
other volumetric acquisitions such as 3D magnetic resonance imaging,
[0004] In an example, a method for automated segmentation and slicing of cardiac computed
tomography (CT) images is disclosed. The method includes receiving a first plurality of input
image frames associated with a cardiac CT operation, each of the first plurality of input image
frames comprising a representation of two or more chambers of a heart, and performing, using a
convolutional neural network (CNN), a segmentation operation and a re-slicing operation on
each of the first plurality of input image frames to generate each of a plurality of outputimage
frames comprising results of the segmentation operation and the re-slicing operation, wherein the
segmentation operation comprises identifying volumes of each of the two or more chambers of
the heart based on blood volumes, and wherein the re-slicing operation comprises identifying one
or more features of the heart in at least one predefined plane in a coordinate system associated
with the cardiac CT operation.
[0005] In another example, the above-described method may be implemented by an

apparatus or device that comprisesa processor and/or memory.
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[0006] In yet another example, this method may be embodied in the form of processor-
executable instructions and stored on a computer-readable program medium.
[0007] The subject matter described in this patent document can be implemented in specific

ways that provide one or more of the following features.

BRIEF DESCRIPTION OF THE DRAWINGS
[0008] FIGS. 1A and 1B illustrate examples of manual segmentation and slicing,
[0009] FIG. 2A illustrates operations in an example embodiment for automatic anatomical
segmentation and visualization.
[0010] FIG. 2B illustrates an example of a neural network architecture embodiment.
[0011] FIGS. 3A, 3B and 3C illustrate examples of images provided to a cardiologist for
visual assessment.
[0012] FIGS. 4A—4D illustrate examples of the quantitative evaluation of segmentation and
plane-specific vector accuracy.
[0013] FIGS. 5A and 5B illustrate examples of the correlation between ejection fraction (EF)
derived from Model-S predicted segmentation volumes (Sp;) and manual segmentation volumes
(Sim), respectively.
[0014] FIG. 6 illustrates an example of the agreement between expert-defined and deep
learning (DL)-predicted planes.
[0015] FIG. 7 illustrates an example of American Heart Association (AHA) segment
visualization.
[0016] FIG. 8 illustrates a flowchart of an exemplary method for automatic anatomical
segmentation and visualization.
[0017] FIG. 9 is ablock diagram of an example of a hardware platform for implementing the

methods described in the present document.

DETAILED DESCRIPTION
[0018] Although mechanical circulatory support is required by a large percentage of patients
who undergo heart transplant and serves as a destination therapy for end-stage heart failure
patients who are ineligible for transplant, clinicians are currently unable to predict which patients

will develop right heart failure after receiving left ventricular assist devices (LVADs). Cardiac
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computed tomography (CT) can be used to provide accurate morpho-functional visualization of
the heart. The cardiac CT provides a non-invasive, fast and reproducible assessment of both
cardiac anatomy and cardiac function. While qualitative morpho-functional assessment is
possible by reviewing phases of the cardiac cycle in a cine loop, quantitative assessment requires
accurate segmentation, often requiring manual annotation of the images. Further, as images are
acquired volumetrically, visualization of wall motion abnormalities requires generating standard
imaging planes such as multiple long-axis (LAX) planes and one short-axis (SAX) stack.
Currently, this requires specialized viewing software and manual processing which may lead to
inter-reader variability, limiting clinical use.

[0019] Embodiments of the disclosed technology leverage deep learning (DL) techniques for
automatic and reproducible chamber segmentation and plane re-slicing from volumetrically
acquired CT data. In an example, post-LVAD right heart function can be predicted and is thus
useful for the identification of patients who are likely to develop right ventricular failure,
allowing clinicians to provide early biventricular assistance to patients.

[0020] Section headings are used in the present document to improve readability of the
description and do not in any way limit the discussion or embodiments (and/or implementations)
to the respective sections only.

[0021] Introduction

[0022] The accurate and reproducible morpho-functional assessment of the left ventricle
(LV) is of crucial importance in cardiovascular medicine: LV volumes and ejection fraction (EF)
are critical parameters in the diagnosis, clinical management, and follow-up. LV parameters are
included in clinical guidelines and adopted as inclusion criteria and endpoints in clinical trials. In
addition, the left atrium (LA) provides an important contribution to cardiac function, modulating
LV filling and cardiovascular performance. The standardized assessment of cardiac morphology
and wall motion abnormalities is also important for the evaluation of cardiac disease.

[0023] Cardiac computed tomography (CT) provides non-invasive assessment of anatomical
structures and is increasingly available as a safe alternative when echocardiography is unreliable
or cardiac magnetic resonance (CMR) is contraindicated. However, CT-based, quantitative
assessment of cardiac function requires the accurate segmentation of chamber volumes which is
often manually obtained. Furthermore, regional visualization of LV wall motion abnormalities

relies on standard cardiac imaging planes to provide accurate morphological representation.
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Currently, semi-automated segmentation of heart chambers and plane re-slicingleads to
interobserver variability and requires extensive physician interaction.

[0024] Leveraging the recent advances of deep learning (DL) in medical imaging,
embodiments of the disclosed technology provide fast, automatic and reproducible methods to
comprehensively assess left-sided heart chamber volumes and function as well as provide
standardized planes in cardiac CT. The described methods, systems, and devices are based on
deep learning approaches to automate multi-chamber segmentation and long- and short-axis
plane re-slicing of cardiac CT images. Thatis, the described embodiments are configured to
perform segmentation and determine standard imaging planes, which advantageously increases
clinical utility and reproducibility by avoiding the need for manual interaction.

[0025] Methodology

[0026] Study Population. Electrocardiogram (ECG)-gated contrast enhanced, cardiac CT
scans with high LV blood volume enhancement (median HU=495 for the LV, median HU=541
forthe LA)in 100 patients (60 male (age: 67+16), 40 female (age 69+18)) were collected from
two institutions (67 UCSD, 33 NIH Clinical Center) performed with 3 different CT systems (41
GE Revolution, 47 Toshiba AquilionONE, and 12 Siemens SOMATOM Force). Patients were

being evaluated for transcatheter aortic valve replacement (TAVR, n=39), suspicion of coronary
artery disease (CAD)/stenosis (n=38), and pulmonary vein ablation (PVA, n=23). Each study had
images reconstructed across an entire cardiac cycle and semi-automated segmentation of blood
volumes (see below) was performed as part of ongoing research studies. These 100 patient
studies served as the training samples of the DL. model.

[0027] Segmentation. Left heart anatomical blood volumes includingthe LV and LA
were segmented in a semi-automated fashion at both end-diastolic (ED) and end-systolic (ES)
timeframes in all 100 studies using ITK-SNAP (Philadelphia, PA USA). A typical example of
manual segmentation S,, is illustrated in FIG. 1A, and a typical example of manual slicing is
illustrated in FIG. 1B.

[0028] Expert-defined short- and long-axis imaging planes. A multi-imaging certified

expert cardiologist manually defined three long-axis (LAX) planes (two-chamber plane 2CH,,,
three-chamber plane 3CH,, and four-chamber plane 4CH,,) and one short-axis (SAX) plane at the
level of the mitral valve (MV,,) following planning standardized guidelines. Subscript m

represents manual annotation.
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[0029] A stack of short-axis slices (SAX,,) was re-sliced at equally spaced intervals (8mm)
parallel to the manually defined MV plane. The beginning and end of the stack was defined
using the manual segmentation S, of LV cavity, which ensured full LV coverage.

[0030] Extraction of plane parametersfor DL prediction. From each expert-defined plane

(2CH,, 3CH,, 4CH,,, SAX,,), three plane-specific vectors were extracted: one translation vector
and two direction vectors. The translation vector t,, measured the spatial position of the plane’s
center as the difference between the center of the plane and the center of the CT volume. The x-
direction vector X, and y-direction vector ¥,, represented the orientation of the plane’s axis in the
CT volume’s coordinate system.

[0031] Model training, FIG. 2A illustrates an example embodiment of the methods for

automatic segmentation and visualization described herein, and FIG. 2B illustrates an example of
the U-Net convolutional neural network (CNN) architecture used in FIG. 2A.

[0032] In this example, the modified U-Net CNN was trained using manual segmentations
and plane-specific vectors derived from expert-defined planes. The model inputs were images at
end-diastole or end-systole resampled to 1.5mm isotropic spatial resolution. In step 1, a
segmentation model “Model-S” is trained to predict labeled blood volumes, e.g., LV and LA
segmentations, as illustrated in FIG. 1A. In some embodiments, “Model-S” serves as the
initialization for the training of subsequent cardiac plane models. In step 2, “Model-Tpiae” 1S
trained to predict the translation vector tpr and “Model-Dpiane” 1s trained to predict two direction
vectors Xp; and yp;. In this example, each plane (2CH, 3CH, 4CH, and MV) can be trained
individually, which results in 4 translation-vector models and 4 direction-vector models, and
independent prediction of planes.

[0033] FIG. 2A also illustrates the three vectors (translation vector p; and direction vectors
%pr and yYpz)in relation to the image volume. The cube 205 represents the computed tomography
volume with the re-sliced plane 215. The dot 205-1 is the center of volume 205 and the dot 215-1
is the center of plane 215. The translation vector £y is the displacement between the dot 205-1
and the dot 215-1. The Xp; and yp; are directional vectors of the 2D plane 215 in the coordinate
system of the cube (or volume) 205, which defines the orientation of slice.

[0034] In the embodiments described above, the orientation of the slice may be determined

using two directional vectors. In other embodiments, the orientation can be determined using a
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normal vectors. In yet other embodiments, the orientation can be determined using three points
on the slice. Embodiments described herein perform pixel-wise segmentation and simultaneously
provide an orientation for imaging planes.

[0035] FIG. 2B illustrates an example of the modified U-Net neural network architecture for
Model-S, Model-Tpiane and Model-Dyjane. As illustrated therein, the inputis a 3D image volume
(at 1.5 mm isotropic voxel size) for blood volume segmentation and image plane re-slicing, and
the outputs include the segmentation and the three vectors (translation vector £, and direction
vectors Xp; and ypy).

[0036] The example architectureillustrated in FIG. 2B includes a down-sampling and an up-
sampling part of five levels, wherein each level has two convolution layers with filters ranging
from 16 to 256 from top to bottom correspondingly. All filters have a size of (3X3X3), and the
all max-pooling and up-sampling have a size of (2X2X2). After the most down-sampled layer, a
series of fully connected layers were inserted as the branch to output the plane-specific vectors.
After the last convolutional layer in the up-sampling part, a SoftMax layer was applied to output
10 classes corresponding to nine anatomical structures (LV, LA, LAA, LVOT, aorta and 4
pulmonary veins) and the background. Training was performed with Adam optimizer,
categorical cross-entropy as the loss function for segmentation, mean-square-error as the loss
function for translation vector and cosine proximity as the loss for direction vectors. Notice that
Model-S, Model-Tpiane and Model-Dyiane had the same architecture, and the difference was the
loss weight ratio setin the training process of each model as follows: segmentation : £ : £ 1y =
1:0:0:0 for Model-S, = 1:1:0:0 for Model-Tpiane and = 1:0:1:1 for Model-Dpjape.

[0037] The modified U-Net neural network architecture includes the down-sampling, which
is used for both segmentation andslicing. As shown in FIG. 2B, at the end of the down-sampling
operation, the translation vector (£5,) and directional vectors (£p; and ¥, ) are determined. Some
weights in the down-sampling operation are leveraged for the up-sampling operation, at the end
of which the segmentation results are output. This modified architecture advantageously enables
the described embodiments to automatically perform multi-chamber volumetric assessments and
generate standardized cardiacimaging planes from CT images.

[0038] In the example illustrated in FIG. 2B, the standard U-Net architecture has been

modified in atleast the following two ways: (i) 3D convolution, max-pooling, and up-sampling
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layers were utilized to accommodate 3D CT image volumes as the input and (ii) a fully
connected layer was added after the last max-poolinglayer in the down-sampling path to regress
the plane vectors.

[0039] Training and validation were performed using 5-fold cross-validation with random
shuffling for robust unbiased evaluation. As a result, each model was trained on 80 studies (160
volumes) and evaluated on 20 validation studies (40 volumes).

[0040] Model Evaluation. Model-S predicted the segmentation volume Sp;, and Model-

Tpiane and Model-Dyane predicted plane-specific vectors EDL, %pr and Ypr. Planes Py, (2CHpy,
3CHp;, 4CHp,, and MV, ) were generated from the predicted plane-specific vectors. The
predicted SAX stack (SAXp,) was derived from MV, and the predicted segmentation of LV.
[0041] The segmentation accuracy of Model-S prediction Sp; was evaluated using the Dice
coefficient (a volumetric metric) and Hausdorff distance (a surface-based metric). The Dice
coefficientis defined as 2(|Vmanual N VDL|)/(|Vmanual + VDL) and measures the overlap
between manual and DL segmentation. The Hausdorff distance measures the local maximum
distance between two surfaces S,,,.. and Sp;. Differences in segmentation accuracy between CT
vendors and between different clinical indications were evaluated using one-way analysis of
variance (ANOVA) for Dice scores.

[0042] The accuracy of planes predicted by Model-Tpja and Model-Dyjane were evaluated by
the displacement error of the center Ad, tilt error Af,;;, and rotation error A8, 4¢qte.

[0043] In some embodiments, the predicted “plane-specific” vectors were evaluated against
the vectors derived from expert-defined planes using the following methods. The displacement

error between expert-defined and predicted planes (e.g. 3CH,, vs 3CHp.) was evaluated by

measurement of the Euclidean distance between the plane centers Ad = \/Z L-3= 1( fm,i — fDL,L-)Z .

The tilt error between plane orientations was evaluated by calculating the angular distance A8y,
between the expert-defined normal vector 7i,, to the predict normal vector rip; using Ay, =
cos (A 7ipL)/ (IRl X 17 1)), and the rotation error of the plane was calculated by
measuring the angular distance A8, 4¢e between X, and Xp; after projection of Xp; onto the
expert-defined plane.

[0044] Expert visual assessment evaluated (a) the intra-observer reproducibility of manual

plane re-slicing and (b) the acceptability of Py, in clinical use. Expert-defined planes P,, and



WO 2022/020394 PCT/US2021/042438

predicted planes Pp;, were assessed in a blinded fashion one month after manual annotation. An
example of the images provided for visual assessment can be found in FIGS. 3A and 3B. Each
case was then scored as optimal, adequate or inadequate.

[0045] In an example, the planes were visually assessed by an expert multi-imaging
cardiologist with level 3 board certifications in cardiac CT and cardiac magnetic resonance
(CMR) accordingto the American and European societies of Cardiovascular CT and CMR. The
overall quality of all included acquisitions was defined adequate. The visual plane assessment
was performed blinded from source (DL-predicted or manual) by randomly assessingunlabeled
planes at least one month after initial evaluation. For long axis planes, optimal quality was
defined when planes had optimal anatomical view and planes were cutting through the correct
anatomical myocardial walls in the short axis view; adequate quality was defined when planes
had minor issues not clinically impacting anatomical assessment and planes were cutting through
the correct anatomical walls. Inadequate quality was defined when planes had either major
anatomical visualization issues or planes were not cutting through the appropriate myocardial
walls. For the short axis plane, quality was defined either optimal if basal mitral plane was
correctly angulated for LV assessment and allowed full inclusion of ventricular volume or
inadequate if one of the two criteria was not fulfilled.

[0046] Lastly, anatomical coverage of Pp; and P, was objectively quantified through the
AHA 17-segment model. The percentage of cases in which the LAX planes correctly bisected
the associated AHA segments was measured across all patients at the mid-ventricular slice using
6 AHA segments defined by the expert (as illustrated in FIG. 3C).

[0047] Statistical Analysis. Data are mean + standard deviation. Mean Dice similarity

coefficient was calculated across all 100 patient studies for segmentations of the LV and LA.
Pearson correlation and two-tailed Student’s t-test were used to evaluate the agreement between
EF estimates derived from S, and Sp;. The displacement error of the center Ad, tilt error AB;;;,
and rotation error Af,,. 4 Were evaluated by calculating median and quantiles reported by the
box plots in FIGS. 4A—4D.

[0048] For expert visual assessment, the Wilcoxon signed-rank test was performed for each
plane to analyze whether expert-defined planes and DL-predicted planes had statistical
difference in assessment score distribution. For objective AHA wall segment visualization

assessment, two-tailed z-test for categorical variables was used to evaluate whether the expert-
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defined planes and DL-predicted planes had statistical difference in proportion of cases with the
correct AHA segment visualization. Statistical significance was setata p<0.05. Analyses were
performed in Python version 3.6 with scipy (version 1.1.0).

[0049] Results

[0050] Segmentation Performance. FIG. 5SA illustrates the accuracy of the DL-predicted

segmentation Sp; compared to the manual segmentation S,,. DL-predicted segmentations had
median Dice coefficients of 0.907 (IQR: 0.884,0.932) and 0.931 (IQR: 0.913,0.954), and median
Hausdorff distances of 6.2mm (IQR: 3.7,8.2) and 7.3mm (IQR: 5.6,9.6) forthe LV and LA,
respectively. There were no statistically significant differences (p>0.05) in Dice across vendors
but Dice in the LA did vary with respect to clinical indications (p=0.001) on ANOV A testing.
There was close agreementin LV EF (Pearson correlation r=0.95, p=0.49) as well as between
LA EF (=0.92, p=0.29) (FIG. 6).

[0051] Plane Re-Slicing Performance. FIG. 6 illustrates the close agreement in slice

planning The median displacement error Ad between Plane,, and Planep;, was 7.0mm (IQR:
5.0,9.5)acrossall planes, 6.3mm (IQR: 4.3,8.5) for 2CH, 6.2mm (IQR: 4.3,8,8) for 3CH, 7.2mm
(IQR: 5.5,9.6)for4CH and 7.6mm (IQR: 5.3,11.0) for MV (e.g., FIG. 4B). The tilt error A8,
between planes was 8.0° (IQR: 5.0, 11.7) across all planes, 9.5° (IQR: 6.0,13.9) for 2CH, 8.3°
(IQR: 4.8,13.0)for 3CH, 7.2° (IQR: 4.6,11.2) for 4CH and 7.5° (IQR: 4.8,9.4) for MV (e.g.,
FIG. 4C).

[0052] Intra and Inter-reader Differences in Imaging Plane Vectors. Table 1 shows that

the DL-reader orientation differences AB were not significantly different (p>0.05) compared with
the corresponding inter- and intra-reader difference. In terms of displacement differences Ad, the
3CH and 4CH DL-reader! difference was significantly smaller (p<0.05) than the intra-reader
difference.

[0053] Intra-reader 1 differencesrepresent variation in planes planned by the same reader six
months apart. Given that the DL approach was trained on slice planning by reader 1, DL-reader 1
differences were compared to intra-reader] differences. Inter-reader variation captures variation
in slice planning by two different readers. DL-reader2 differences were compared to inter-reader

values. Differences were reported as median (IQR). * indicates a significant difference (p<0.05).
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Table 1: Comparison of LAX Plane Location and Angulation Differences
between Readers and Deep Learning

Intra-Reader 1 | DL-Reader 1 p- Inter-Reader | DL-Reader2 | p-
Difference Difference | value difference Difference | value
Ad 5.9 14.4 13.4
8.3(7.3,13.3 0.20 0.91
Scp [_(mm) (7.3,13.3) (5.0,7.0) (7.1,21.8) (7.9,20.0)
AG 7.3 10.6 10.9
7.8(5.4,14.1 0.57 0.75
(degree) (5.4.14.1) (4.7,11.2) (7.2,11.8) (5.1,14.2)
Ad 11.2 (8.0 6.9 15.3 15.5
’ 0.04 0.76
sop L_(mm) 14.2) (6.0,7.5)* (9.2,18.4) | (10.8,18.7)
A8 8.6(5.7.10.3) 9.3 035 12.2 15.5 071
(degree) ' o (7.7,12.5) ' (11.9,18.4) (11.4,21.2) '
Ad 15.9 6.5 12.1
0.003 9.6(9.1,12.7) | 0.84
sop |_(mm) | (10.619.5) (3.7,7.5)* (8.5,13.7) ©.1.12.7)
AB 7.0 10.6 11.1
(degree) 7:3(60,10.1) @088 | ¥ | 3134 87129 | %
[0054] Visual Assessment of Plane Quality. Table 2 shows that the deep-learning

approach yielded diagnostically adequate imaging planes for a large percentage (>94%) of cases
across all slice plane locations. Herein, Plane,, = plane manually resliced, and Planep, = plane
predicted by DL model.

Table 2: Diagnostic Adequacy of Manual and Deep-Learning Imaging Planes
as Scored by Cardiothoracic Imaging Expert

Planen PlanepL
2CH 100% 100%
3CH 100% 94%
4CH 100% 98%
SAX 100% 100%

[0055] Quantitative assessment of slice position via AHA wall assessment. Table 3
shows that the proportion of cases with correct AHA segment inclusion was not significantly

different between Planem and PlaneDL for all AHA walls (two-sided z test, p>0.05) except

anterior wall which had a lower likelihood of being visualized by the 2CH plane (p=0.02). The
percentage of cases in whichthe LAX plane correctly intersects corresponding AHA wall is

shown. Significant p-values are shown by asterisk.

Table 3: Assessment of AHA Wall Visualization for Manual and DIL-based Cardiac Planes

10



WO 2022/020394 PCT/US2021/042438

Planen PlanepL p value
Inferior 100% 97% 0.08
2CH ;
Anterior 99% 92% 0.02*
3CH Inferolateral 84% 84% 1
Anteroseptal 100% 97% 0.08
ACH Inferoseptal 100% 97% 0.08
Anterolateral 98% 97% 0.65
[0056] Run-time for DL.-based Approach. Each model was trained for 50 epochs with

each epoch using approximately 170 seconds in our workstation. The time needed to predict two
segmentations (ED and ES) as well as four imaging planes (2CHp, 3CHp, 4CHpr, and MVp)

was 29.7+4 .0 seconds.

[0057] Assessment of the utility of DL-predicted planes on test cases. Table 4 showsthat

DL yielded diagnostically adequate imaging planes for a large percentage (>99% by Reader 2
and >94% by Reader 3) of cases across all slice plane locations.

Table 4: Diagnostic Adequacy of Deep-Learning Imaging Planes
in the Testing Group as Scored by Imaging Experts

Reader 2 Reader 3
2CH 99% 99%
3CH 100% 94%
4CH 100% 95%
SAX 100% 100%

[0058] Table 5 shows that there was close agreement between visual estimation of ejection
fraction by readersand quantification via automated segmentation. Specifically, linear regression
demonstrated strong correlation (Spearman p=0.93 and 0.95 for Reader 2 and 3, respectively). In
addition, classification of EF<40%, 40-50%, and >50% with the DL approach agreed with visual
prediction in 88.9% and 80.5% of cases for Reader 2 and 3, respectively.

Table 5: The Close Agreement of Classification of EF Between Visual Estimation
by Expert Readers and Automated Quantification via DL LV Segmentation

Reader2 Reader3
<40% | 40~50% | >50% | <40% | 40~50% | >50%
<40% | 30 3 0 31 1 1
DL predi
predict =0 S 0% | 0 7 4 8 2 1

11
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| >50% 0 9 or | 2 | 15 | 83 |

[0059] Discussion

[0060] The DL-based approach generated segmentations with high Dice coefficient (median
Dice=0.907 and 0.931 for LV and LA, respectively) and a strong linear correlation (Pearson
r>0.9) with manual segmentations parameters. Furthermore, LAX and SAX planes via DL had
low errors in spatial displacement and tilt, high proportion of cases were approved as optimal and
adequate by an expert reader and visualized the correct AHA segment walls. These results
demonstrate that the DL approach can provide reproducible, fully-automatic and comprehensive
left-sided heart chamber quantification and regional LV wall observation.

[0061] Cardiac imaging planes provide more accurate morphological representation of
cardiac anatomy than the axial, coronal and sagittal views of the body. For instance, the 3CH
plane optimizes the visualization and assessment of mitral and aortic valves, the 4CH plane gives
an overview of both chambers and regional left ventricular wall motion, and the SAX plane (and
derived SAX stack) is considered as the standard approach for quantifying LV volume and
function. Significant time and training are required for acquisition of these views in cardiac MR
imaging and echocardiography and currently, manual re-slicingis needed for cardiac CT
assessment.

[0062] Some advantages of the DL approach. Planning of cardiac planes is a difficult

task to automate and requires considerable training given patient-specific variability.
Furthermore, chamber segmentation is a time-consuming process. As a result, clinical evaluation
of cardiac CT images relies on specialized radiological software and extensive clinical training.
This approach suggests that both visualization of the heart in canonical views as well as
volumetric quantification of heart function can be obtained using a shared DL framework.
[0063] The proposed model takes approximately 1 second (on average) to predict both
cardiac chamber segmentation and plane-specific vectors for each 3D CT volume of a patient
study. While optimization for this prediction time is not the focus of this study, it suggests
straightforward clinical translation.

[0064] Robust and automated prediction of cardiac volumes and imaging planes could be
used to measure multiple important clinical parameters. In this case, the ejection fraction

estimates are derived from measures of LV and LA volume. However, the availability of long-
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axis imaging planes enables assessment of additional measures such as global longitudinal strain
and circumferential strain to be measured from the adequate predicted planes. Furthermore,
labeling of the myocardium in the training data would enable measurement of LV wall thickness.
However, further work is needed to evaluate the accuracy of these measuresin a well-selected
and representative patient cohort.

[0065] Lastly, the imaging data was obtained from multiple imaging centers and using
different imaging vendors/systems, which increases the probability of this approach successfully
generalizing to clinical practice.

[0066] Clinical Significance. The accurate DL-based segmentation of heart chambers can

provide reliable and automatic quantification of chamber volumes and function, which may be
adopted for core-lab imaging assessment in trials. The reproducible DL-based plane re-slicing
offers optimal planes that can be translated into improved accuracy in LV global and regional
wall motion assessment for baseline and follow-up CT scans. This DL approach canbe
translated to other cardiac structures such as the right ventricle and right atrium to reduce manual
segmentation errors in the future. Itis also promisingto translate this DL approach in multi-
modality such as 3D MRI to reduce the assessment bias between different modalities.

[0067] Limitations. In certain scenarios, embodiments of the disclosed technology may
be susceptible to variability in the performance of predicting different planes both in terms of
visual assessment and AHA segment visualization. Specifically, a greater consistency is
observed between DL and the manual annotation for 4CH planesrelative to 2CH and 3CH
planes. Specifically, both DL-based prediction and manual annotation of 3CH planes had a lower
successful rate in visualizing the inferolateral wall. This suggests that anatomical variability may
be limiting the performance of the DL. Furthermore, displacement errors in the SAX images are
likely of minimal clinical impact as a stack of images is used to evaluate the heart. This limits the
possibility of missing anatomically relevant features due to a translation error.

[0068] Clinical Competencies. There is a rapidly growing body of evidence in support of

machine-learning based tools for evaluation of medical imaging data. In this investigation, a
deep learning approach has been shown to automate assessment of ECG-gated volumetric
imaging by providing two critical clinical measures: cardiac volumetric estimates and regional
wall motion visualization.

[0069] Translational Outlook. Further studies are needed to assess the additional clinical
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impact of the described approach on patient outcomes when compared to conventional manual
strategies. However, the feasibility of the described methods to obtain reliable, automatic and
fast results has been demonstrated. In addition, clinical impact may be facilitated by this
approach’s ability to provide comprehensive and reliable visualizations of both cardiac
segmentations and planelocations.

[0070] Example embodiments and methods

[0071] Methods, systems, and devicesthat include a DL approach for automated cardiac
multi-chamber blood volume segmentation and long-axis and short-axis plane re-slicing of CT
images are described herein. The results showed high accuracy of segmentation, high adequacy
of planes in expert visual assessment and high accuracy of planesin visualizing the right AHA
segment walls. This deep learning approach is promisingto replace time-consuming manual
work in chamber segmentation and plane re-slicing and provide reproducible, fully-automatic
and comprehensive left-sided heart chamber quantification and regional LV wall observation.
[0072] FIG. 8 illustrates a flowchart of an exemplary method for cardiac segmentation and
visualization. The method 800 includes, at operation 810, receiving a first plurality of input
image frames associated with a cardiac CT operation, each of the first plurality of input image
frames comprising a representation of two or more chambers of a heart.

[0073] The method 800 includes, at operation 820, performing, using a convolutional neural
network (CNN), a segmentation operation and a re-slicing operation on each of the first plurality
of inputimage frames to generate each of a plurality of output image frames comprising results
of the segmentation operation and the re-slicing operation.

[0074] In some embodiments, the segmentation operation comprises identifying volumes of
each of the two or more chambers of the heart based on blood volumes, and the re-slicing
operation comprises identifying one or more features of the heart in at least one predefined plane
in a coordinate system associated with the cardiac CT operation.

[0075] In some embodiments, the CNN is trained based on manual segmentation and manual
re-slicing of a second plurality of input image frames, each of the second plurality of input image
frames comprising the representation of the two or more chambers. For example, the training can
be performed for segmentation (e.g., Model-S) to predict blood volumes, to predict translation
vectors (e.g., Model-Tyiane), and to predict the two direction vectors (e.g., model-Dyiane).

[0076] In some embodiments, the method 800 further includes the operation of performing a

14



WO 2022/020394 PCT/US2021/042438

comparison between an output image frame and a manual segmentation of a corresponding input
image frame. In an example, an efficacy of the comparison is quantified based on a Dice
similarity and an ejection fraction (EF). In other embodiments, an efficacy of a comparison
between an output image frame and a manual re-slicing of a corresponding image frame is
quantified based on errors in a plane location and a plane angle. Examples of quantifyingthe
efficacy of the described embodiments is described in Results section above.

[0077] In some embodiments, the CNN comprises a modified U-Net architecture, as
illustrated in FIG. 2B. As shown therein, the CNN comprises multiple down-sampling levels and
multiple up-sampling levels. In an example, each of the multiple down-sampling and up-
sampling levels comprises two fully-connected convolutional layers and a filter. In another
example, the modified U-Net architecture comprises (a) three-dimensional convolution layers,
max-poolinglayers, and up-sampling layers that are configured to accept three-dimensional CT
image volumes as inputs, and (b) a fully-connected layer connected to an output of a last max-
pooling layer in a down-sampling path of the modified U-Net architecture.

[0078] In some embodiments, the modified U-Net architecture comprises a down-sampling
path comprising a plurality of down-sampling steps, each of the plurality of down-sampling steps
comprising multiple convolutions, a rectified linear unit, and a max-pooling operation, a fully-
connected layer connected to an output of a last max-pooling operation in the down-sampling
path, an up-sampling path comprising a plurality of up-sampling steps, each of the plurality of
up-sampling steps comprising an up-sampling operation and multiple convolutions, and a
softmax operation (whichis a generalization of the logistic function to multiple dimensions)
connected to an output of a last convolution in the up-sampling path, wherein an output of the re-
slicing operation is generated at an output of the fully-connected layer, and wherein an output of
the segmentation operation is generated at an output of the softmax operation.

[0079] In some embodiments, each of the multiple convolutions comprises a three-
dimensional convolution operation.

[0080] In some embodiments, the output of the re-slicing operation comprises a translation
vector and at least one of (a) two directional vectors, (b) a normal vector, or (c) three three-
dimensional points.

[0081] In some embodiments, the two or more chambers of a heart comprise a left ventricle

and a left atrium, and the at least one predefined plane comprises a 2CH, a 3CH, or a 4CH plane.
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[0082] The described embodiments advantageously enable rapid and reproducible
assessment of global function as well as regional wall motion abnormalities in patients, such as
those with CAD and other cardiomyopathies who are frequently evaluated with cardiac CT. In
addition, automatic slicing of standardized cardiac planes can be used for reproducible
longitudinal assessment of patients undergoing serial cardiac exams and in clinical trials.

[0083] FIG. 9 is ablock diagram of an image and/or video processing apparatus 900. The
apparatus 900 may be used to implement one or more of the methods described herein. The
apparatus 900 may include one or more processors 902, one or more memories 904 and the deep-
learning based image and/or video processing hardware 906. The processor(s) 902 may be
configured to implement one or more methods (including, but not limited to, method 800)
described in the present document. The memory (or memories) 904 may be used for storing data
and code used for implementing the methods and techniques described herein. The deep-learning
based image and/or video processing hardware 906 may be used to implement, in hardware
circuitry, some techniques, algorithms or methods described in the present document.

[0084] Implementations of the subject matter and the functional operations described in this
patent document can be implemented in various systems, digital electronic circuitry, or in
computer software, firmware, or hardware, including the structures disclosed in this specification
and their structural equivalents, or in combinations of one or more of them. Implementations of
the subject matter described in this specification can be implemented as one or more computer
program products, i.e., one or more modules of computer program instructions encoded on a
tangible and non-transitory computer readable medium for execution by, or to control the
operation of, data processing apparatus. The computer readable medium canbe a machine-
readable storage device, a machine-readable storage substrate, a memory device, a composition
of matter effecting a machine-readable propagated signal, or a combination of one or more of
them. The term “data processingunit” or “data processing apparatus” encompasses all
apparatus, devices, and machines for processing data, including by way of example a
programmable processor, a computer, or multiple processors or computers. The apparatus can
include, in addition to hardware, code that creates an execution environment for the computer
program in question, e.g., code that constitutes processor firmware, a protocol stack, a database
management system, an operating system, or a combination of one or more of them.

[0085] A computer program (also known as a program, software, software application,
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script, or code) can be written in any form of programming language, including compiled or
interpreted languages, and it can be deployed in any form, including as a stand-alone program or
as a module, component, subroutine, or other unit suitable for use in a computing environment.
A computer program does not necessarily correspond to a file in a file system. A program canbe
stored in a portion of a file that holds other programsor data (e.g., one or more scripts stored in a
markup language document), in a single file dedicated to the program in question, or in multiple
coordinated files (e.g, files that store one or more modules, sub programs, or portions of code).
A computer program can be deployed to be executed on one computer or on multiple computers
that are located at one site or distributed across multiple sites and interconnected by a
communication network.

[0086] The processes and logic flows described in this specification can be performed by one
or more programmable processors executing one or more computer programs to perform
functions by operating on input data and generating output. The processes and logic flows can
also be performed by, and apparatus can also be implemented as, special purpose logic circuitry,
e.g., an FPGA (field programmable gate array) or an ASIC (application specific integrated
circuit).

[0087] Processors suitable for the execution of a computer program include, by way of
example, both general and special purpose microprocessors, and any one or more processors of
any kind of digital computer. Generally, a processor will receive instructionsand data from a
read only memory or a random access memory or both. The essential elements of a computer are
a processor for performing instructions and one or more memory devices for storing instructions
and data. Generally, a computer will also include, or be operatively coupled to receive data from
or transfer data to, or both, one or more mass storage devices for storing data, e.g., magnetic,
magneto optical disks, or optical disks. However, a computer need not have such devices.
Computer readable media suitable for storing computer program instructions and data include all
forms of nonvolatile memory, mediaand memory devices, includingby way of example
semiconductor memory devices, e.g., EPROM, EEPROM, and flash memory devices. The
processor and the memory canbe supplemented by, or incorporated in, special purpose logic
circuitry.

[0088] While this patent document contains many specifics, these should not be construed as

limitations on the scope of any invention or of what may be claimed, but rather as descriptions of
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features that may be specific to particular embodiments of particular inventions. Certain features
that are described in this patent document in the context of separate embodiments can alsobe
implemented in combinationin a single embodiment. Conversely, various features that are
described in the context of a single embodiment can also be implemented in multiple
embodiments separately or in any suitable subcombination. Moreover, although features may be
described above as actingin certain combinations and even initially claimed as such, one or more
features from a claimed combination can in some cases be excised from the combination, and the
claimed combination may be directed to a subcombination or variation of a subcombination.
[0089] Similarly, while operations are depicted in the drawings in a particular order, this
should not be understood as requiring that such operations be performed in the particular order
shown or in sequential order, or that all illustrated operations be performed, to achieve desirable
results. Moreover, the separation of various system components in the embodiments described
in this patent document should not be understood as requiring such separation in all
embodiments.

[0090] Only a few implementationsand examples are described and other implementations,
enhancements and variations can be made based on what is described and illustrated in this

patent document.

18



WO 2022/020394 PCT/US2021/042438

WHAT IS CLAIMED IS:

1. A method for automated segmentation and slicing of cardiac computed tomography (CT)
images, comprising;

receiving a first plurality of input image frames associated with a cardiac CT operation,
each of the first plurality of input image frames comprising a representation of two or more
chambers of a heart; and

performing, using a convolutional neural network (CNN), a segmentation operation and a
re-slicing operation on each of the first plurality of input image frames to generate each of a
plurality of outputimage frames comprising results of the segmentation operation and the re-
slicing operation,

wherein the segmentation operation comprises identifying volumes of each of'the two or
more chambers of the heart based on blood volumes, and

wherein the re-slicing operation comprises identifying one or more features of the heart

in at least one predefined plane in a coordinate system associated with the cardiac CT operation.

2. The method of claim 1, wherein the CNN is trained based on manual segmentation and
manual re-slicing of a second plurality of input image frames, each of the second plurality of

input image frames comprising the representation of the two or more chambers.

3. The method of claim 1, further comprising;
performing a comparison between an output image frame and a manual segmentation of a

corresponding input image frame.

4. The method of claim 3, wherein an efficacy of the comparison is quantified based ona

Dice similarity and an ejection fraction (EF).

5. The method of claim 1, wherein an efficacy of a comparison between an output image
frame and a manual re-slicing of a corresponding image frame is quantified based on errors in a

plane location and a plane angle.

6. The method of any of claims 1 to 5, wherein the CNN comprises a modified U-Net

architecture.
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7. The method of claim 6, whereinthe CNN comprises multiple down-sampling levels and

multiple up-sampling levels.

8. The method of claim 7, wherein each of the multiple down-sampling and up-sampling

levels comprises two fully-connected convolutional layersand a filter.

9. The method of claim 6, wherein the modified U-Net architecture comprises three-
dimensional convolution layers, max-poolinglayers, and up-sampling layers that are configured

to accept three-dimensional CT image volumes as inputs.

10.  The method of claim 6 or 9, wherein the modified U-Net architecture comprises a fully-
connected layer connected to an output of a last max-poolinglayer in a down-sampling path of

the modified U-Net architecture.

11.  The method of claim 6, wherein the modified U-Net architecture comprises:

a down-sampling path comprising a plurality of down-sampling steps, each of the
plurality of down-sampling steps comprising multiple convolutions, a rectified linear unit, and a
max-pooling operation;

a fully-connected layer connected to an output of a last max-pooling operation in the
down-sampling path;

an up-sampling path comprising a plurality of up-sampling steps, each of the plurality of
up-sampling steps comprising an up-sampling operation and multiple convolutions; and

a softmax operation connected to an output of a last convolution in the up-sampling path,

wherein an output of the re-slicing operation is generated at an output of the fully-
connected layer, and wherein an output of the segmentation operation is generated at an output of

the softmax operation.

12.  The method of claim 11, wherein each of the multiple convolutions comprises a three-

dimensional convolution operation.

13.  The method of claim 11 or 12, wherein the output of the re-slicing operation comprises a
translation vector and at least one of (a) two directional vectors, (b) a normal vector, or (¢) three

three-dimensional points.
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14.  The method of claim 1, wherein the two or more chambers of a heart comprise a left
ventricle and a left atrium, and wherein the at least one predefined plane comprises a 2CH plane,

a3CH plane, ora4CH plane.

15.  Anapparatus for automated segmentation and slicing of cardiac computed tomography
(CT) images, comprising:

a processor configured to and a memory including instructions stored thereupon, wherein
the instructions upon execution by the processor cause the processor to implement a method of

any of claims 1 to 14.

16. A medical imaging system for automated segmentation and slicing of cardiac computed
tomography (CT) images, comprising;

one or more processors configured to implement a method of any of claims 1 to 14.

17. A computer program product comprising a computer-readable program medium code
stored thereupon, the code, when executed by a processor, causing the processor to implement a

method recited in any of claims 1 to 14.
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D No protest accompanied the payment of additional search fees.
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