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Abstract. 2D echocardiography (2DE) is the most widely used non-
invasive cardiac imaging modality due to its availability and low cost.
Using 2DE, cardiac function is assessed by combining information from
different acquisition planes. However, these plane positions are unknown
and therefore measurements of left ventricular (LV) mass, volumes, and
ejection fraction rely on geometric assumptions. While cardiac magnetic
resonance imaging (MRI) is the gold standard in assessing cardiac func-
tion, it is expensive and limited to major centres. To enable accurate LV
assessment from 2DE, we trained a deep learning (DL) model to pre-
dict the position of 2DE views in 3D space and present a full pipeline
for automated 3D LV modelling and quantification using registered 2DE
acquisitions. Good view positioning of apical four-chamber and apical
two-chamber views was obtained for 34 out of 38 subjects (89% feasi-
bility). A comparison between LV volumes and masses derived from our
model-based analysis of 2DE against gold standard MRI showed no sig-
nificant differences in end-diastolic (ED) volume, end-systolic (ES) vol-
ume and ED mass, whereas significant underestimates of volumes and
overestimates of masses were found using the guideline standard Simp-
son’s Biplane Rule. Automated positioning of 2DE views in 3D space is
feasible and important to overcome current geometrical assumptions in
LV mass and volume estimation. This approach is readily available for
clinical evaluation and applications involving cardiac digital twins.
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1 Introduction

Echocardiography (echo) remains the most widely used imaging modality to
analyse cardiac function, due to its availability and low cost [9]. Using 2D
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echo (2DE), cardiac function is assessed by combining information from mul-
tiple imaging planes. Simpson’s Biplane Rule (SBR) is clinically recommended
by international guidelines for estimation of volume, mass, and ejection frac-
tion [9]. This method relies on blood-endocardial border delineations of two
longitudinal acquisition planes; typically the apical four-chamber (A4C) and
apical two-chamber (A2C) views [9]. However, SBR estimates of volume and
mass rely on geometrical assumptions regarding the left ventricular (LV) orien-
tation and cross-sectional shape, since plane positions are unknown [8]. While
cardiac magnetic resonance imaging (MRI) is the gold standard for assessing
cardiac function, it is comparatively expensive, only accessible in major centres,
and limited by patient factors such as claustrophobia, heart rhythm and older
metallic devices. In comparison to MRI, 2DE SBR is known to underestimate
and overestimate LV volumes [2, 11] and masses [1]. There is a critical need to
improve the accuracy of LV assessment from 2DE, as it plays a central role in
clinical decision-making and longitudinal patient follow-up.

To overcome these limitations, previous research has focused on reconstruct-
ing the 3D LV shape from 2DE to enable both qualitative and quantitative
assessment of heart structure and function [7, 10]. However, existing methods
for 3D cardiac reconstruction using only 2D views are limited in accuracy [14].
Including view position information has been shown to improve the accuracy
of 3D reconstruction to support clinical quantification and tasks, particularly
for pathological cases [14]. Learning view positions from 2DE has shown to be
feasible by simulating 2DE slices from 3D heart shape models [3] or by directly
slicing 3DE images [5, 12, 15]. In Freitas et al. [3] and Iijima et al. [5], LV meshes
were fitted to registered 2DE data, but none of these studies directly compared
the 3D models and associated volume and mass estimates to those derived from
gold standard MRI.

In this study, we aimed to perform accurate automated view positioning
using standard A2C and A4C views. We train a deep learning (DL) model [15]
for estimating 2DE view positions in 3D space by leveraging simulated 2DE
views from slicing 3DE images and their associated ground truth view positions.
Additionally, we combined the 2DE views with corresponding segmentations of
the LV, which are obtained from registered LV meshes [17], to inform the DL
model for optimal view alignment. The trained model is subsequently evaluated
for the alignment of standard A2C and A4C views. It allows for the creation
of LV shape models from registered and automatically segmented 2DE views.
We leverage a dataset containing paired echo and cine MRI acquisitions from
190 volunteers. This gives the unique opportunity to compare LV shape models
created from registered 2DE views to those created from gold standard MRI.
We investigate the feasibility in creating these LV shape models from registered
A4C and A2C views, evaluate the accuracy of volume and mass estimates in
comparison to MRI, and compare performance to quantification using 2DE SBR.
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2 Methods

We used the DL network PlaneInVol [15], which was initially developed for fetal
brain ultrasound imaging, to predict the positions of 2DE views in 3D space. The
method allows for an arbitrary number of input images and takes the relationship
between them into account when predicting the location of each input image.
We investigated the performance of this network for cardiac ultrasound imaging
and present a full pipeline for automated 3D LV modelling using registered
2DE acquisitions. We use 3D LV modelling to calculate clinical indices, such
as volumes and masses, and compare these values against clinical indices from
MRI-derived LV models of the same subjects.

2.1 Multimodal image acquisition

The MITEA dataset [17], containing same-subject 3DE and cine MRI (<1h
apart) from 152 participants (87 healthy subjects and 65 patients with a mix of
cardiac diseases across varied demographics) was used for training and valida-
tion. The data was randomly divided into 122 participants for training (80%)
and 30 participants for validation (20%). We prospectively acquired 2DE and
MRI (<1h apart) from a further 38 subjects presenting for clinical MRI scans
for testing, of which N=30 had confirmed cardiac pathology, and N=8 had no
significant cardiac findings. Ethical approval was granted by the Health and Dis-
ability Ethics Committee of New Zealand (17/CEN/226), and written informed
consent was obtained from each participant.

2.2 Training data generation

Slicing of the 3DE volumes was performed according to anatomical landmarks
from the MRI-derived 3D LV models, which were registered to the 3DE image
data according to the procedure described in Zhao et al. [17]. The long-axis of
each LV model was extracted and used as a rotational axis along which sim-
ulated 2DE views were sampled. Random rotations were sampled on-the-fly,
within a range between -40◦ and 160◦. This includes the full 180◦ rotational
degree-of-freedom (the opposite hemisphere was excluded because of rotational
symmetry), and accounts for variability in expected rotational angles due to the
heart’s intrinsic shape. The A4C view is positioned at around 0◦, and the A2C
view is at around 60◦. To account for these variations, a span of ± 40◦ around
these expected positions was included, based on findings from the literature
[12]. Moreover, in order to simulate apical foreshortening and small variations
of tilting and translation of the ultrasound probe from the LV axis, additional
augmentations were included: translations of ± 20 mm from the LV axis, in-
plane tilts of ± 30◦ and out-of-plane tilts covering 70% of the LV radius to the
epicardium. Within these constraints, 50 simulated 2DE slices were randomly
sampled from each 3DE image at the ED and ES time points, resulting in a
total of 12160 simulated 2DE slices together with their ground truth positions
for each epoch (Fig. 1). Each plane position was parameterised by the centre
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and two corner points of the extracted plane. The intersections of the registered
LV model and the simulated 2DE slice planes were used to extract MRI-derived
contours. The resulting binary segmentations of the lumen and myocardium were
added to the channel dimensions for each image. The extracted 3DE coordinates
were subtracted by the 3DE coordinates of the A4C view, to be able to define
the plane position with respect to a reference view that was consistent between
subjects. This allowed for the combination of images and coordinates from dif-
ferent subjects within one batch and improved generalisation of the DL network.

Fig. 1. 3DE sampling strategy for the creation of deep learning model training data. For
each 3DE volume, 50 planes were randomly sampled (see text for constraints) according
to anatomical landmarks. The simulated 2DE views, together with their image plane
coordinates and corresponding MRI segmentations of the lumen and myocardium were
used as input for the deep learning model.

The DL model was trained using a batch size of 250 and an initial learning
rate of 10−4, which was halved when the validation loss plateaued within 5
epochs. Contrast and brightness augmentations were applied with a probability
of 30%. The validation loss represented the mean squared error between the
predicted and ground truth centre and corner points of the plane. The model
was trained for a maximum of 250 epochs and early stopping with a patience of
15 epochs. We used a single Tesla V100 PCIe GPU with a 32 GB RAM.

2.3 Automated 3D left ventricular modelling from 2D echo

The performance of the view positioning network was evaluated on 2DE images
from 38 subjects. LV-focused A2C and A4C views at ED and ES were segmented
using nnU-Net [4, 6] and used as input for the DL network. A bicubic Hermite
and linear finite element model of the LV [16] was fitted to the resultant 2D
segmentations in 3D space. Fig. 2 shows the automated LV modelling pipeline.
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Fig. 2. Pipeline for automated 3D left ventricular modelling from 2DE images.

2.4 Evaluation metrics

The accuracy of the view positioning network was evaluated using the simulated
2DE views from 3DE images of the 30 subjects in the validation dataset. Only
the 0◦ (A4C view) and 60◦ (A2C view) views were used as input, to mimic
the limited availability of echo views in a clinical examination. Geometric ac-
curacy is quantified using the Euclidean distance d3D between the predicted
(cp) and ground truth (cGT ) centres of each slice, capturing translational errors.
Rotational alignment is assessed using the geodesic distance θ3D between the
predicted (Rp) and ground-truth (RGT ) rotation matrices, providing a measure
of angular misalignment in 3D space, described as:

θ3D = cos−1

(
Tr(RGT ·RT

p )− 1

2

)
(1)

Additionally, the Dice scores for the lumen and myocardium segmentations be-
tween the predicted slice locations and the ground truth slice locations were
calculated.

For the evaluaton of 2DE alignment, no ground truth is available. However,
the relative alignment of standard 2DE A2C and A4C views was evaluated by
the Euclidean distance between the centres of the LV axes in the A2C and A4C
views and the dot product of these LV axes. The LV axes were extracted from
the nnU-Net segmentations of the A2C and A4C views, that were also used as
input to the view positioning network. The base plane was defined as the border
between the left atrium and LV segmentations. The apex was defined as the
pixel in the LV segmentation that was the furthest away from the centre of the
base plane. Consequently, the LV axis was defined as the line between these
apex and basal points. The centre of the LV axis was defined as the mean of the
apex and basal points. In this analysis, it is important to note that in a realistic
scenario, perfect alignment of the LV axes between the A2C and A4C views is
not expected, since small sonographer-dependent offsets in probe positioning can
occur.
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For each subject, the shape of the LV model fitted to the 2DE data was
compared against the LV model fitted to the associated MRI. This was quanti-
fied by calculating the point-based error after rigid procrustes alignment of the
2D echo and MRI LV geometries. Finally, ED and ES volumes and mass were
calculated using the LV models derived from the 2DE and MRI data to evaluate
the performance of the automated view positioning pipeline on relevant clinical
indices. The results from the LV modelling pipeline were also evaluated against
volumes and masses from SBR using the 2DE nnU-Net segmentations.

3 Results

3.1 Performance on simulated 2D echo views from 3D echo

The performance on simulated 2DE views from 3DE was evaluated on the 0◦
(A4C) and 60◦ (A2C) views of the 30 subjects in the validation dataset. A mean
centre distance error d3D of 3.2 ± 1.8 mm and mean absolute rotation error θ3D
of 8.5◦ ± 4.4◦ were achieved. The mean Dice score between the extracted lumen
and myocardium segmentations from the ground truth and predicted positions
of the imaging planes were 0.88 ± 0.07 and 0.70 ± 0.15, respectively.

3.2 Performance on apical 2D echo views

Good 2DE view alignment results were obtained in 34 out of 38 subjects (89%
feasibility). For the four cases with poor alignment, the predicted rotation an-

Fig. 3. Performance of the view positioning network on standard apical A2C and A4C
views. Good (left), average (middle), and poor (right) image and segmentation align-
ment examples are shown together with corresponding LV centres distance (dLV ), dot
products between LV axes (LVdot) and predicted rotation angles between views (αpred).
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gles from A2C to A4C were still within anatomically plausible range, but the
difference in LV axis location (measured by taking the average of the LV axis
basal, centre and apex coordinates) was more than 2 cm between the two views,
for either the ED or ES frame. The median and [IQR] rotation angles between
the predicted A4C and A2C views for all 38 cases were 71◦ [58◦, 77◦] for the
ED frames and 69◦ [60◦, 76◦] for the ES frames. The dot products between the
LV axes from A2C and A4C were 0.981 ± 0.024 for the ED frames, and 0.991
± 0.008 for the ES frames. The LV centre distances were 11.1 mm ± 5.4 mm
and 8.0 mm ± 4.7 mm for the ED and ES frames, respectively. Fig. 3 illustrates
examples of segmentation alignments for good, average, and poor cases among
the 38 subjects.

3.3 Comparison against gold standard MRI and a clinical
benchmark

Fig. 4 shows the average 2DE LV shape model from 38 subjects at ED and ES,
overlayed with the average point-based distance between 2DE and MRI. It can
be seen that the largest differences between the LV models fitted to 2DE and
MRI can be found near the base. The mean ± SD Hausdorff distances were
14.3 mm ± 5.6 mm and 13.6 mm ± 3.2 mm at ED and ES, respectively. The
mean ± SD point-based distances were 5.2 mm ± 1.7 mm at ED, and 5.1 mm
± 1.4 mm at ES.

Bland-Altman plots of the volumes and masses from LV models fitted to
2DE and MRI, as well as SBR versus MRI comparisons are shown in Fig. 5.
The median values are also shown in Table 1. ED and ES volumes derived
using conventional SBR analyses of 2DE were each significantly underestimated
compared to gold standard MRI-derived values. Consequently, LV masses at ED
and ES were significantly overestimated. In contrast, non-significant differences
in ED and ES volumes and ED mass compared to MRI were found by fitting 3D
LV models to the aligned 2DE images.

Fig. 4. Average point based alignment between LV models generated from 2DE and
MRI (N=38). The side with the largest average point-based distances is shown.
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Fig. 5. Bland-Altman plots comparing volumes and masses between 2DE and MRI.

Table 1. Comparison of LV volumes and masses derived from 2DE using Simpson’s
Biplane Rule (SBR) and 3D LV modelling against gold standard measures from MRI.
Median values and [IQR] are reported (N=38).

SBR 3D LV model
ED LV volume difference (mL) -16 [-27, -3]** -6 [-24, 9]
ES LV volume difference (mL) -6 [-15, 4]** 0 [-10, 11]

ED LV mass difference (g) 10 [-3, 21]* 2 [-9, 12]
ES LV mass difference (g) 2 [-2, 13]** 2 [-4, 11]*

** p<0.001, * p<0.05 (paired t-test vs MRI)

4 Discussion

We present a full pipeline for automated 3D LV modelling using standard apical
2DE views. We showed the feasibility of fitting 3D LV models to A4C and A2C
views, which are routinely acquired in clinical practice. In doing so, the geo-
metrical assumptions that are currently required for 2DE analysis are avoided,
reducing the biases in volumes and masses compared to gold standard MRI.

The view positioning network achieved good 2DE alignment accuracy in 34
out of 38 subjects. The network was able to align the LV axes and myocar-
dial structures between views and predicted rotation angles between A4C and
A2C in accordance with existing literature [12]. In the other four subjects, the
2DE image quality was limited. In particular, for cases with shadowing artifacts
around the apex in the A2C views or limited lateral wall contrast in both A4C
and A2C views, the view positioning network was sometimes not able to align
the A4C and A2C views correctly. Since our network was trained on simulated
2DE slices from 3DE, the network may have limited generalizability towards the
artifacts and variability in image quality in routine 2DE acquisitions. Although
we address this domain gap by adding binary segmentations of the lumen and
myocardium in the image channel dimension, this could potentially be further
improved by adding relevant ultrasound specific augmentations, such has hazing
or shadowing artifacts, which have previously been shown to improve estimation
of view position [12].
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In the comparison between LV models fitted to 2DE and MRI data, the
Bland-Altman plots show that, although the proposed method resulted in a
substantially smaller bias, the limits of agreement (LoA) are in the same range
or slightly larger compared to the use of SBR. However, the use of nnU-Net
segmentations instead of manual contouring required by clinical 2DE analysis
tools likely already reduces the bias and LoA in the calculation of volumes and
masses using SBR. The large LoA for the ED frames were substantially reduced
from [-61 mL, 54 mL] to [-54 mL, 30 mL] when excluding the four cases with poor
view alignment from the comparison, indicating the large effect of these cases
on the overall analysis. The alignment of the 2DE views was slightly better
for the ES frames, possibly due to movement of the myocardium out-of-view
during diastole, leading to less information in the ED frames compared to the
ES frames. Fig. 4 shows that the largest differences in the LV models from 2DE
and MRI can be found around the base. Although the point-based alignment
shows average distances of around 5 mm, discrepancies in segmentation between
2DE and MRI at the base can lead to large differences in volumes and masses.
In a previous comparison between 3DE and MRI, large mean regional surface
distances were also found near the base, which can be explained by the reduced
image resolution in these regions compared to the apex [18]. Moreover, inter-
observer variability in CMR contouring is generally largest at the apex and the
base [13]. Finally, there can be slight differences in timing between the ED and
ES frames within the 2DE acquisitions compared to MRI, because of its limited
temporal resolution. Hence, minor differences in shape can be expected at the
base, because these regions deform the most during the cardiac cycle.

It may be possible to further improve the accuracy of the fitted LV models
and subsequent clinical analysis by including more views, such as the apical
three-chamber and parasternal short axis views. However, pairing of A4C and
A2C already achieves high reconstruction precision for the LV at more than 95%
in Wang et al. [14]. Future research could evaluate if downstream clinical indices
further improve significantly when including more views.

The proposed view positioning network was evaluated using static ED and ES
frames. This could be extended to include videos of the full cardiac cycle, since
it can be expected that the temporal information provides added features that
may help in the prediction of the echo view position in 3D space, particularly
because structures can move in and out of view. At the same time, alignment
of 2DE views over the full cardiac cycle is a challenging task, considering beat
to beat variations and potential differences in relative view alignment during
the cardiac cycle. The current study presents an important step towards the
creation of dynamic 3D LV models, not only for clinical evaluation but also for
applications involving cardiac digital twins.

5 Conclusion

Automatic positioning of 2DE views in 3D space is feasible, and 3D model-based
interpretation can help to account for geometrical assumptions associated with
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standard clinical methods for estimating LV mass and volumes. Future research
will extend the current framework to span the full cardiac cycle.
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