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Abstract— Whilst the electrocardiogram (ECG) is an essential
tool for diagnosing cardiac electrical abnormalities, its
characteristics are dependent on anatomical variability.
Specifically variation in torso geometry affects relative positions
of the leads with respect to the heart. We propose a novel
pipeline that uses standard cardiac magnetic resonance images
to reconstruct the torso and heart, and recreate the ECG
considering torso and cardiac anatomy. This requires automated
extraction of the torso contours. Our method combines an initial
u-net segmenter with a second network that refines contours and
removes spurious segments. The networks were evaluated on a
cross validation study dataset and an independent test set. The
use of two-channel input, including both original image and
initial segmentation, in the refinement network significantly
improved performance on the independent test set, reducing the
Hausdorff distance from 9.1 pixels to 4.3 pixels and increasing
Dice coefficient from 0.75 to 0.93.

Clinical Relevance— This method can be utilized to allow
ECG simulations with personalized torso geometry, which has
previously been demonstrated to significantly effect QRS
parameters. A clinical tool can be developed using this method
that accounts for torso geometry in ECG interpretation.

I. INTRODUCTION

The electrocardiogram (ECG) is a fundamental tool in
diagnosing cardiac pathology, stratifying risk, informing
treatment plans in emergency settings and for the management
of chronic conditions. However, its accuracy is currently
fundamentally limited by often overlooked implicit
assumptions made in its calculation. The goal of the ECG is to
understand the form of electrical impulses in the heart itself,
such that arrhythmias, conduction abnormalities and the like
can be identified. Measuring these potentials directly via a
catheter or surgical intervention is prohibitively invasive,
risky, and costly for the vast majority of routine investigations.
Thus, leads to measure the electrical potential are placed on
the surface of the body, and the potential at the heart is inferred
by making assumptions concerning the anatomy of both the
heart and torso, and the relative position of the heart within the
torso. These factors have been shown to cause significant
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differences in QRS morphology, duration, and amplitude, both
in vivo and in silico [1-5].

In our current research work, we develop a novel solution
to this problem by combining non-invasive images showing
the surfaces of the heart and torso with a patient’s ECG, to
understand what a normal reading would look like for the
patient’s individual anatomy. This could then be developed
into a clinical tool to aid in detecting ECG abnormalities in a
personalized framework. In our work, Cardiac Magnetic
Resonance (CMR) images are segmented to extract the
boundaries of both the heart and the torso. A series of two-
dimensional (2D) contours is obtained from different CMR
views, giving a sparse representation that is used to create a
three-dimensional (3D) reconstruction.

For both research and clinical purposes, the extraction of
torso contours from CMR images must be automated. This
paper focuses on addressing the problem of torso contour
extraction, using a machine learning approach. Our method is
based on a u-net convolutional neural network [6], following
its success in similar biomedical image segmentation tasks [7-
8].

Our scans present significant challenges that do not allow
us to use standard segmentation methods. The CMR images
used are obtained using clinically standard protocols not
explicitly designed for torso detection. Therefore, there are
anatomical structures and CMR artifacts that would confound
our reconstruction, and the region of interest is not always fully
within frame. Thus, in this work, we propose a two-step
automated framework consisting of a segmentation network
followed by a two-channel refinement network, in order to
remove these unwanted features before performing the final
3D torso reconstruction.

II. METHODS

A. Dataset

The UK Biobank dataset [9] was used as it contains a large
collection of high quality CMR images with varying
demography. A random sample of 110 healthy subjects was
used, including 100 for the cross-validation experiment and
10 for testing on an independent set. Each participant had on
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Figure 1. Localizer and scout CMR view subtypes and approximate
percentage of the total dataset: (a) coronal localizer (front on, 5% of
images), (b) sagittal localizer (side on, 20%), (c) cine images from a
sagittal view (20%), (d) heart scout images down the long axis of the
heart (30%), (e) long axis definition (5%), (f) short axis definition
(20%).

average 60 localizer and scout CMR images, unevenly split
between 6 types of views, as shown in Fig. 1.

The scans follow established guidelines for CMR, which
does not aim at the reconstruction of the torso. They thus
present some shortcomings when used for torso contouring.
The views are focused on the heart itself, so there is limited
information on the contour of the upper and lower parts of the
torso. The torso contour is not always fully in frame as in Fig.
1(a). There are unwanted features that are not relevant for the
torso reconstruction such as the head, neck, and arms. MRI
artifacts are common — often appearing as a shadow region
above the shoulder, as in Fig. 1(c), or an artificial cut off
before the edge of the frame, as in the lower section of Fig.
1(f). The latter issue would be particularly problematic in the
final 3D reconstruction as it may result in significantly
misplaced points in the final torso contour.

B. Segmentation and Contouring

A custom-made MATLAB program was used for the
creation of training sets by experts. The training was split into
two sections. Firstly, a training set was made by drawing
continuous boundaries to segment the image into torso
(white) or background (black) as in Fig. 2(b). This strategy
was employed rather than initially using a closed contour (as
in Fig. 2(c)) as the former approach allows any extra contours
to be removed by simply selecting the largest continuous
contour. A relatively small training set of 15 patients (900
individual images) was required in this step. However,
contours extracted from these segmentations may include
undesirable imaging artifacts and sections of the head, neck,
and arms. To remove these, we used the previously trained
network to create a training set of contours from which we
manually removed the undesirable features. In this way we
efficiently created a larger training set of 100 subjects with
5993 individual images. A refinement network was trained by
supplying the full contour, without features removed, along
with the raw image, as a second channel input. This helped to
prevent the network from creating any new, undesirable
contours (for example in the lungs). As the result is not a
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Figure 2. (a) Raw MR image — input for both networks, (b) torso
segmentation — output for first network, (c) full contour — extracted from
the output of the first network and used as additional channel input for
second network, (d) contour segmentation with arm and false lower
boundary removed — output for second network.
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Figure 3. Implementation of u-net. Upper numbers represent the number of

channels, where IN is the number of input channels (1 for the segmentation

network, 2 for refinement), lower represent the size of the images in pixels.

closed contour, these extra contours could not easily be post-
processed out by deleting all but the largest continuous
contour. An independent test set of 10 subjects was used to
evaluate the final refinement network’s performance.

C. Model Architecture

An implementation of the u-net [6], as shown in Fig. 3, was
chosen for both the segmentation and refinement networks. A
sigmoid activation layer was added due to the binary nature
of the desired output, along with bilinear upsampling. The
optimizer used was Adam [10] and loss function was Dice
loss. The segmentation network had the MR image as its
single input, whilst for the refinement network, both the MR
image and the full contours extracted from the first network’s
output were included as input channels.

D. Run Parameters and Testing

The train:validate ratio was maintained at 80:20, during our
experiment over 100 subjects. A 5-fold cross validation was



used during both segmentation and refinement to select the
final network for testing, considering Hausdorff distance,
Dice coefficient, and qualitative results. The training was
concluded at 100 epochs for the first network and 50 for the
second. The Dice coefficient and Hausdorff distance were
computed for each network. A comparison was performed
between using one and two input channels for the refinement
network. The six subsets of image views shown in Fig. 1 were
compared, to identify whether any were not worth including
in the final reconstruction.

E. 3D Torso Reconstruction

Over the automatically extracted sparse torso contours in
3D space, a statistical shape model (SSM), generated from
4308 scans of human body shapes [11], was applied to
generate the initial 3D torso meshes. After optimally fitting
the SSM by varying its first 40 principal components along
with a rigid transformation, a deformation using approximate
thin plate splines was applied to produce the final 3D torso
meshes minimising the distance to the extracted contours
[12].

III. RESULTS

A. Segmentation

Typical results of the segmentation network are shown in
Fig. 4(a) and 4(b). The median performance over the
validation subjects for each of the cross-validation networks
was a Hausdorff distance of 3.2 pixels and Dice coefficient of
0.99, with the breakdown over each view shown in Fig. 5(a).
One of the most common problems was segmenting
particularly lighter areas of the torso with sharp gradients to
darker areas such as the lungs, as background, as shown in
Fig. 4(c). This error was fixed by automated postprocessing.
Another typical source of error was in the armpit region where
there is some subjectivity as to where exactly this boundary
should be placed. This discrepancy became -effectively
irrelevant when the arms were removed by the refinement
network.

B. Refinement

The median performance of a subject’s contouring over the
cross-validation sets was a Hausdorff distance of 5.1 pixels
and Dice coefficient 0.93, and over the independent test set a
Hausdorff distance of 4.3 pixels and a Dice coefficient of
0.93, with the breakdown over each view shown in Fig. 5(b)
and 6 respectively. The addition of the second channel
significantly improved performance, increasing the median
test set Dice coefficient from 0.75 to 0.93 and decreasing the
Hausdorff distance from 9.1 to 4.3 pixels. An example of the
errors which it best corrected is shown in Fig. 7. The small
additional contours on Fig. 7(b) that the single input network
placed on areas of the lungs with particularly sharp
boundaries to the rest of the torso are not present in the results
from the network with two input channels, shown in Fig. 7(c).

C. Reconstruction

From the automatically extracted contours of 10 subjects in
the independent test set, Subject 1 - male, 54, body mass index
(BMI) 22 and Subject 2 - female, 58, BMI 36, were chosen
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Figure 4. Final segmentation results, upper: raw input images, lower:
results, (a) and (b) are typical results, showing a very high degree of
accuracy whereas (c¢) and (d) represent common problems in the
remaining minority of cases.
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Figure 5. Box plot of mean Dice coefficient of an individual subject’s
images for each image view evaluated over the validation subjects for
each of the cross-validation networks. Left: segmentation network, right:
refinement network.

for the 3D torso reconstruction. The generated torso meshes
attained the average contour-to-surface distance of 2.02 +
2.47 mm and 2.58 £ 3.09 mm (median =+ inter-quartile range),
as shown in Fig. 8.

IV. DISCUSSION

The proposed refinement network performed accurately,
with the majority of its errors only on the ends of contours
where sections such as the neck and arms had been removed,
as the exact position that these features start is subjective in
manual annotations. The addition of the second input channel
significantly improved both performance metrics. Since the
first part of the proposed approach aimed on the identification
of largest connected torso region, it enabled the refinement
network to focus only on the removal of unnecessary
segments from the torso boundary. The errors are larger for
the refinement network as expected, as it is performing a more
challenging task of identifying unnecessary torso segments to
be removed, rather than the edge detection or the torso
segmentation as the first network.

The coronal view typically had a larger number of outliers
in the Dice score, mainly because subjects where most of the
contour was off-frame were more likely to be badly
contoured. This view was retained for use in the
reconstruction however, as when the shoulders were in frame,
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Figure 6. Comparison between using one channel input (raw CMR image
only) and two channels (raw image and full contour extracted from
segmentation). The additional channel significantly improved Dice
coefficient for all views (above), and improved Hausdorff distance for 4
views (below).

these images gave information on the translational position of
the body that was not visible in other views.

Hausdorff distance, a measure of the distance between two
point clouds, was used to evaluate the network because it is
unaffected by the class imbalance between contour and
background. However, it tends to over-penalize certain views
due to the subjectivity of contour placement. This is
particularly relevant for coronal localizer images as in Fig.
1(a), where a subjective judgment has to be made as to
whether the lines at the top of the shoulders are sufficiently
well defined to be included.

V. CONCLUSION

The potential applications for this torso reconstruction
pipeline are numerous and promising. As it is entirely
automated, large datasets could be processed quickly to give
thousands of ECG simulations with lead placement specific
to each subject. These simulations could be analysed such that
the impact of changes in heart and torso geometry on the ECG
can be quantified. This represents a step forward in reducing
patient specific variation of a normal ECG and facilitates
future research into automated ECG interpretation. This
opens the possibility of creating a clinical tool that corrects
for the effects of heart and torso geometry, leading to
improved clinical outcomes from more accurate identification
of electrical abnormalities.
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Figure 7. Final results: (a) input CMR image, (b) resulting contour for 1
input channel, showing extra contour on a sharp gradient caused by the
lung in the center of torso and minor errors along the length of the contour,
(c) resulting contour for 2 input channels, showing only minor

misclassification at the sides where arms have been removed.
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Figure 8. Reconstructions of two subjects’ torsos, with positions of ECG
leads represented by circles. Left: a male subject with low BMI, right: a
female subject with high BMIL. White circles are the positions of ECG
leads.
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