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A B S T R A C T

Cardiac digital twins (CDTs) offer personalized in-silico cardiac representations for the inference of multi-
scale properties tied to cardiac mechanisms. The creation of CDTs requires precise information about the
electrode position on the torso, especially for the personalized electrocardiogram (ECG) calibration. However,
current studies commonly rely on additional acquisition of torso imaging and manual/semi-automatic methods
for ECG electrode localization. In this study, we propose a novel and efficient topology-informed model to
fully automatically extract personalized ECG standard electrode locations from 2D clinically standard cardiac
MRIs. Specifically, we obtain the sparse torso contours from the cardiac MRIs and then localize the standard
electrodes of 12-lead ECG from the contours. Cardiac MRIs aim at imaging of the heart instead of the torso,
leading to incomplete torso geometry within the imaging. To tackle the missing topology, we incorporate
the electrodes as a subset of the keypoints, which can be explicitly aligned with the 3D torso topology. The
experimental results demonstrate that the proposed model outperforms the time-consuming conventional model
projection-based method in terms of accuracy (Euclidean distance: 1.24 ± 0.293 cm vs. 1.48 ± 0.362 cm) and
efficiency (2 s vs. 30-35 min). We further demonstrate the effectiveness of using the detected electrodes for
in-silico ECG simulation, highlighting their potential for creating accurate and efficient CDT models. The code
is available at https://github.com/lileitech/12lead_ECG_electrode_localizer.
1. Introduction

Cardiac digital twins (CDTs), also known as virtual heart models,
aim to replicate the anatomical and physiological characteristics of
an individual heart (Gillette et al., 2021; Camps et al., 2024b). Their
ability to simulate and predict personalized responses to interventions
makes them invaluable tools for advancing precision medicine and im-
proving patient outcomes in cardiovascular care (Arevalo et al., 2016;
Boyle et al., 2019; Prakosa et al., 2018). The development of CDTs
becomes possible due to the availability of patient-specific information
from electrical data (e.g. electrocardiogram, ECG) and imaging data (Li
et al., 2024b). ECG, a widely utilized tool for recording the electrical
activity within the heart, is commonly performed with 12 leads. The
standard 12-lead ECG utilizes 10 electrodes to measure body surface
potential, inferring cardiac potential based on heart and torso anatomy
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and their relative positions (Roy et al., 2020; Gillette et al., 2022).
The variations in electrode positions can influence the duration and
amplitudes of recorded ECG waveforms (Kania et al., 2014; Rjoob
et al., 2020). Therefore, the electrode positions serve as a key factor
in accurately capturing the relationship between the electrical activity
of the heart and the surrounding torso anatomy (van Dam et al., 2014).
Accurate electrode positioning typically requires specialized devices,
such as custom ECG systems with electrode localizers or specialized
photography, which are generally unavailable in routine clinical prac-
tice (Gillette et al., 2021; Ghanem et al., 2003; Roudijk et al., 2021).
Furthermore, given the challenges of localizing standard limb elec-
trodes via medical imaging, the Mason-Likar (M-L) modification of the
standard 12-lead ECG has been developed. It relocates limb electrodes
(RA, LA, RL, LL) from the arms and legs to the torso while retaining
vailable online 21 January 2025
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Fig. 1. Illustration of the setup of the torso with electrodes (labeled with cyan-blue
dots) and simulated 12-lead ECG.

the precordial leads (V1–V6) in their standard chest positions (Man
et al., 2008), as shown in Fig. 1. Although this altered placement may
alter ECG morphology, a study by Man et al. (2008) demonstrated
that standard 12-lead ECGs can be effectively reconstructed from M-
L configurations using specific transformation matrices. Consequently,
current studies on creating digital twins primarily employ standard
torso-based M-L electrode locations identified through medical imag-
ing (Camps et al., 2021; Loewe et al., 2022; Gillette et al., 2022; Qian
et al., 2023; Camps et al., 2024b,a; Salvador et al., 2024; Li et al.,
2024b).

Cardiac imaging, typically obtained through magnetic resonance
imaging (MRI) or computed tomography (CT) scans, offers detailed
insights into the anatomical, morphological, and functional features
of the heart (Li et al., 2023b). These imaging techniques have proved
invaluable for reconstructing cardiac anatomy and pinpointing pathol-
ogy locations. However, standard cardiac imaging poses challenges in
reconstructing torso geometry and localizing electrodes (Smith et al.,
2023, 2022). Since these imaging views primarily focus on the heart,
there is limited information available on the contours of the sections of
the torso distant from the heart, leading to an incomplete representa-
tion of the torso, as presented in Fig. 2. Furthermore, unwanted features
such as the head, neck, and arms may be present in the images, which
can hinder and negatively impact torso reconstruction (Gillette et al.,
2015). Also, common MRI artifacts often manifest as shadow regions,
particularly above the shoulder or near the waist.

Therefore, additional torso images are usually required for heart-
torso geometry modeling and electrode localization (Ramanathan et al.,
2004; Gillette et al., 2021, 2022). However, obtaining full torso geome-
try necessitates additional scanning time, leading to heightened patient
discomfort due to prolonged breath-holding and an escalation in the
cost of MRI data acquisition. Few studies attempted to reconstruct torso
geometry directly from cardiac MRI and then localize the electrodes,
which was challenging due to partial torso shape information (Zacur
et al., 2017; Smith et al., 2022). These studies commonly integrated sta-
tistical shape models (SSMs) into the reconstruction process to impose
prior anatomical constraints about the torso geometry, which however
were often time-consuming. This is because SSM-based electrode detec-
tion typically involves iterative optimization of 3D torso geometry by
aligning the individual shape with a mean torso model.

In this work, we develop a novel pipeline to efficiently localize the
standard torso electrodes from 2D clinically acquired cardiac MRIs.
Note that the cardiac imaging setup includes scout images that par-
tially cover the torso to serve as localizers for the subsequent cardiac
cine imaging. The proposed method incorporates topology information
about the torso into the pipeline to guide the electrode localization
directly from incomplete contours, which are extracted from cardiac
MRIs. This is achieved by introducing the keypoint detection and sur-
face skeleton-assisted point cloud completion (PCN) modules. As shown
in Fig. 1, ECG electrodes are positioned at anatomically significant
locations to capture cardiac electrical activity, particularly the limb
electrodes, which serve as key landmarks for the torso geometry (specif-
ically the front side of the torso). To employ the spatial relationship
between the electrodes and torso geometry, we adopt the electrodes as
2

a subset of the keypoints used for torso reconstruction. Therefore, an
end-to-end learning framework is created for ECG electrode localization
and 3D torso reconstruction from incomplete contours. To the best of
our knowledge, this is the first fully automatic deep learning based
torso electrode localization work, addressing the challenges of incom-
plete information through the incorporation of topology information.
The main contributions of this work include:

i. We develop a novel topology-informed method for estimating
standard torso electrode location from 2D clinically acquired
cardiac MRIs.

ii. We convert the challenging electrode localization problem into
the keypoint detection task, which can be explicitly informed by
the 3D torso topology.

iii. We reconstruct 3D torso geometry from keypoints via a surface
skeleton-assisted PCN, to further employ the spatial relationship
between torso and keypoints (electrodes).

iv. We prove the feasibility of accurately inferring personalized
electrode location from cardiac MRIs to create an efficient CDT
platform for precision medicine.

2. Related work

2.1. Cardiac digital twins: Bridging precision cardiology

CDT technology aims to create a personalized virtual cardiac repre-
sentations based on patient-specific data, such as imaging, ECG, etc (Li
et al., 2024b; Camps et al., 2024a). It has shown great promise in the
personalized treatments for cardiac disease, such as the stratification
of arrhythmia risk (Arevalo et al., 2016) and the ablation guidance
of persistent atrial fibrillation (Boyle et al., 2019). The creation of a
digital heart usually involves two stages, namely anatomical twinning
and functional twinning (Gillette et al., 2021; Li et al., 2024b). For the
anatomical twining, one needs to perform the cardiac segmentation,
3D heart-torso geometry reconstruction, and the modeling of relevant
pathology. This process is complicated by the variability in cardiac
anatomy among different individuals and by imaging artifacts and
noise. The functional twining mainly includes the ECG simulation and
calibration via solving the ECG inverse problem, which is inherently
ill-posed (Li et al., 2024a). This process is further complicated by the
limitations of ECG recordings, which are sparse, noisy, and subject to
substantial uncertainties. Furthermore, the torso geometry and elec-
trode localization accuracy can influence the inverse solution, as the
electrophysiological (EP) measurement is generally performed on the
body surface (Zemzemi et al., 2015; Qian et al., 2023).

2.2. Torso reconstruction and electrode localization

Most existing electrode localization studies focus on identifying
standard M-L electrode positions on the torso for ECG simulation
(Mincholé et al., 2019; Gillette et al., 2021; Salvador et al., 2024).
These methods typically rely on semi-automatic techniques and of-
ten require additional torso imaging for precise 3D torso reconstruc-
tion (Mincholé et al., 2019; Gillette et al., 2021). For example, Salvador
et al. (2024) created heart-torso models from full torso CT scan us-
ing semi-automatic methods, i.e., threshold- and region-growing-based
segmentation methods, and then electrodes were identified on the
torso. Giffard-Roisin et al. (2016) reconstructed the torso mesh from
CT images and identified the electrodes for 12-lead ECG from body
surface potential (BSP) mapping electrodes based on the standard torso
ECG placement. Instead of acquiring torso imaging, several studies
reconstructed torso geometry from cardiac MRIs and then localized
the standard torso electrodes on the 3D torso (Zacur et al., 2017;
Smith et al., 2022). To consider the torso heterogeneity, Zacur et al.
(2017) expanded the torso representation to encompass ribs and lungs
and then virtually placed electrodes on it to synthesize a 12-lead
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Fig. 2. Visualization of extracted full and refined contours from cardiac MRIs and the 3D arrangement of the refined torso contours (only partially visualized here). Here, the
acquired cardiac MRIs include scout images covering a larger range of the torso, typically used as localizers, and heart-focused slices in various views, including long-axis (LAX)
views (2-, 3-, and 4-chamber) and a stack of short-axis (SAX) views.
ECG. Nevertheless, including various organs in computational studies
remains controversial, as some research indicates minimal contribu-
tions of organ impedances on BSP (Geneser et al., 2008), while others
emphasize significant effects attributable to uncertainties in impedance
values (Keller et al., 2010).

Instead of localizing the virtual electrodes on the torso, a few studies
directly employed specialized CT/ MRI or photography to localize
the actual electrodes (Ghanem et al., 2003; Perez-Alday et al., 2018;
Roudijk et al., 2021). For example, Ramanathan et al. (2004) manually
segmented slice by slice to obtain heart-torso geometry from CT images,
which are combined with X-ray-opaque Ag/AgCl electrodes, allow-
ing for simultaneous acquisition of body-surface electrode locations.
Gillette et al. (2021) employed MRI-compatible electrodes that were
placed before image acquisition to obtain the electrode location. Then,
they segmented the torso from the full torso MRI using threshold-
based filters with boolean operations in Seg3D1 and then generated
anatomical torso meshes using an image-based unstructured mesh gen-
eration technique. Ghanem et al. (2003) employed 2D photography
(SONY DSC-S85) and point reconstruction techniques to determine ECG
electrode positions, calibrating with a known object and matching 3D
coordinates of identified electrodes in sequential photographs. Nowa-
days, 3D cameras such as Intel Real Sense D435 can be employed to
directly capture 3D photos, which can be fitted to a standard thoracic
model and then the electrode positions can be segmented based on
these 3D photos (Roudijk et al., 2021). While these approaches utilize
specialized imaging for precise electrode localization of the actual
ECG electrode placement, our work focuses on detecting the standard
electrode positions of 12-lead ECG using routine available imaging,
addressing a distinct challenge in clinical practice.

2.3. Incomplete data processing

In real-world applications, the data may be partially missing, cor-
rupted by noise, or exhibit other forms of incompleteness (Aste et al.,
2015). In the context of medical imaging, incomplete data refers to
scenarios where the images lack coverage of specific regions of interest
(ROIs), or when the dataset of the target patient includes a series of
imaging sequences or views, with some of these sequences or views
being absent. It may arise due to various factors such as imaging
limitations, out-of-range measurements, or challenges in capturing spe-
cific ROIs. For example, many head CT images in clinical practice
are obtained without conducting a complete head scan, aiming to
minimize radiation exposure (Wan et al., 2023). The subjects with
myocardial infarction may not have full sequences for the pathology
analysis, such as missing late gadolinium enhancement (LGE) MRI

1 https://www.sci.utah.edu/cibc-software/seg3d.html.
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or mapping MRI scans, due to patient-specific conditions (Qiu et al.,
2023). The long-axis MRI data may be missing for 3D cardiac geometry
reconstruction, resulting in incomplete shape information especially at
the apex and base of the heart (Sander et al., 2023). Therefore, it is
essential to develop models with the capability of managing incom-
plete imaging information in a flexible manner. Traditional methods
of processing incomplete imaging data often involve incorporating
prior knowledge, such as SSM, to help reconstruct or complete missing
information (Zacur et al., 2017; Smith et al., 2022). These methods
require expensive optimizations during inference and thus are imprac-
tical for real-time applications. To mitigate this issue, Wan et al. (2023)
embedded the SSM into the model training to guide the learning process
for solutions that align with the prior knowledge. Furthermore, data-
driven image synthesis has been widely used for processing incomplete
imaging data (Wang et al., 2020; Zhang et al., 2021). Integrating
information from non-imaging data can be a valuable strategy for
completing missing knowledge within imaging data (Li et al., 2024b).
Recently, several works used a deep learning based parameterized
model to directly map partial input to a complete shape (Yuan et al.,
2018; Tang et al., 2022; Beetz et al., 2023). However, these approaches
do not explicitly learn the topology of the complete shape, resulting in
less robust predictions, particularly in missing regions.

3. Methodology

Fig. 3 presents the pipeline of the proposed topology informed
model. The whole pipeline includes five parts: torso contour extrac-
tion, point feature extraction, keypoint (electrode) localization, surface
skeleton generation, and 3D torso reconstruction. In detail, the input
partial point clouds (resampled from torso contours) are firstly fed
into an encoder to learn both local and global features. Then, we
localize torso keypoints, where we identify a subset of the keypoints
as electrodes. At the same time, the global features are employed to
generate coarse torso representation, which is subsequently used to
guide the keypoints to create corresponding surface skeletons. At the
end, the surface skeletons are fed into the refinement part to generate
the dense torso.

3.1. Torso contour extraction from multi-view cardiac MRIs

The cardiac MRIs are acquired using standard clinical protocols not
designed for torso detection, often including structures and artifacts
that interfere with reconstruction, and sometimes missing parts of the
region of interest. The reader is referred to Section 4.1 for detailed
information on the MRI data used in the experiments. Therefore, we
use a two-step automated framework that comprises a segmentation
network followed by a two-channel refinement network for the torso
contour extraction (Smith et al., 2022). Specifically, we firstly employ

https://www.sci.utah.edu/cibc-software/seg3d.html
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Fig. 3. Topology-informed model (TIM) for 12-lead ECG electrode detection and torso geometry reconstruction from sparse and incomplete torso contours. Here, the electrodes are
labeled via red dots within the predicted keypoints, which are then converted into surface skeleton to guide the 3D torso reconstruction. Note that the diagram takes 32 keypoints
as an example. PCN: point completion model.
Fig. 4. Statistical shape model (SSM) based 3D torso mesh reconstruction and electrode localization from multi-view 2D cardiac MRIs.
a U-Net based torso segmentation model to extract all visible sections
of the body and then convert it into full contours. Next, a U-Net based
refinement model is utilized to eliminate contour sections influenced
by undesired anatomical features (e.g., head, neck, and connected
arm sections) and any boundaries caused by MRI artifacts. Note that
the input of the refinement model include both the image and the
corresponding full contour obtained in the first step. Both models are
optimized by maximizing the Dice score between the predicted mask
and ground truth mask. As shown in Fig. 2, the extracted torso contours
can be arranged together into a sparse torso representation based on
their 3D world coordinates. Nonetheless, the torso representation is
sparse and incomplete, and thus some of the electrodes may not be
described in the sparse contours.

3.2. Torso keypoint detector for electrode localization

To localize the electrodes from the sparse and incomplete torso
contours, we consider the electrodes as a subset of the keypoints.
Keypoints in 3D geometry are important points that highlight key
features or structures, which are essential for accurately reconstructing
the 3D shape. As we know, standard torso ECG electrodes are located
at specific locations on the front side of the torso. Therefore, the
electrode localization task can be converted into a keypoint detection
task, wherein we leverage the inherent relationship between electrodes
and torso geometry. Given a set of incomplete point clouds 𝑋 = {𝑥𝑖 ∣
𝑖 = 1,… , 𝑁in} ∈ R𝑁𝑖𝑛×3, our objective is to predict 𝑁𝑘𝑝 keypoints
denoted as 𝐾 = {𝐾𝑗 ∣ 𝑗 = 1,… , 𝑁electrode,… , 𝑁𝑘𝑝} ∈ R𝑁𝑘𝑝×3, which
may not be present in 𝑋. Among these keypoints, 𝐾electrode = {𝐾𝑗 ∣
𝑗 = 1,… , 𝑁 } ∈ R𝑁electrode×3 specifically represents electrodes for
4

electrode
12-lead ECG (𝑁electrode = 10). As Fig. 3 shows, we employ an extended
version of PointNet as a backbone encoder to extract both local and
global features (Yuan et al., 2018), denoted as 𝐹𝑙 and 𝐹𝑔 . Then, we
employ the farthest feature sampling to extract keypoints, which are
then converted into surface skeleton via surface interpolation (Tang
et al., 2022).

The keypoints consist of all electrodes along with additional com-
plementary points needed to fully represent the topology of the entire
torso. Therefore, they can be partially supervised by minimizing the
mean absolute error (MAE) between the ground truth and predicted
electrodes (denoted as 𝐾̂electrode),

electrode = MAE(𝐾̂electrode, 𝐾electrode). (1)

To embed the torso topology as a constraint, we further introduce a
loss for keypoint detection via calculating the Chamfer Distance (CD)
between the predicted keypoints 𝐾̂ and the torso topology,

keypoint = CD
keypoint(𝐾̂ , 𝑌topology), (2)

where 𝑌topology can be generated via farthest point sampling (FPS),
which can iteratively select the farthest points from the already se-
lected points to obtained uniformly distributed keypoints across the
3D torso. Here, electrode serves as a strong constraint for keypoint
detection, while keypoint imposes a soft constraint on the overall spatial
arrangement of the localized electrodes.

3.3. Keypoint skeleton-assisted 3D torso reconstruction

To reconstruct the 3D torso geometry, the detected keypoints are
converted into a surface skeleton, as an intermediate representation
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Fig. 5. The standard placement of torso electrodes for 12-lead ECG.

between keypoints and final torso geometry. The reconstruction process
initiates by utilizing global features as input for a three-layer multilayer
perceptron (MLP), facilitating the reconstruction of the coarse torso
geometry. Subsequently, we employ a surface-skeleton generation algo-
rithm (Tang et al., 2022) to establish the torso skeleton from keypoints
along the coarse torso surface. The skeleton comprises a mixture of
curves and triangular surfaces that dynamically adapt to the underlying
3D geometry. The dense torso geometry is then reconstructed com-
bining both topological and geometric information of torso from the
surface skeleton and the coarse geometry. The geometry reconstruction
loss is defined as

rec = 𝐶 𝐷
torso(𝑌coarse, 𝑌coarse) + 𝛽𝐶 𝐷

torso(𝑌dense, 𝑌dense), (3)

where 𝛽 is the weight term between the geometry loss for coarse and
dense torso point clouds, and 𝐶 𝐷

torso is defined as the CD between the
predicted 𝑌 and ground truth torso geometries 𝑌 . Therefore, the total
loss of the TIM is defined by combining all the related losses mentioned
above,

 = electrode + 𝜆keypointkeypoint + 𝜆recrec, (4)

where 𝜆keypoint and 𝜆rec are balancing parameters.

4. Experiments and results

4.1. Data acquisition and pre-processing

We employed multi-view cardiac MRIs from 200 subjects as part
of the UK Biobank study (application number 40161). The cardiac
MRIs were acquired on 1.5 T scanner (MAGNETOM Aera, Siemens
Healthcare, Erlangen, Germany) (Petersen et al., 2016). This scanner is
equipped with 48 receiver channels, a gradient system of 45 mT/m and
200 T/m/s, an 18-channel anterior body surface coil, and a 12-element
integrated spine coil with ECG gating for cardiac synchronization. The
acquisition process begins with scout images, also known as localizers,
providing partial coverage of the torso in sagittal, transverse, and
coronal planes (Kramer et al., 2020). These images guide the placement
and alignment of focused cardiac scans, which include three long-axis
(LAX) cine sequences (2-, 3-, and 4-chamber views) and a stack of short-
axis (SAX) balanced steady-state free precession (bSSFP) cines. Here,
we employed both heart-focused bSSFP cine images at the end-diastolic
(ED) phase and the localizers to extract the torso contours. The subjects,
aged 40–70 years, had a 1:1 gender ratio and an average body mass
index (BMI) of 26.6 ± 4.04 kg/m2. The dataset was randomly divided
into 120 training subjects, 20 validation subjects, and 60 test subjects.

4.2. Gold standard and evaluation

For evaluation, we compared the predicted electrodes with the
gold standard. The exact electrode positions of 12-lead ECG were not
available in the UK Biobank dataset, so we employed a conventional
SSM-based method (Smith et al., 2023) to generate the personalized
3D torso meshes and then manually selected electrodes on the re-
constructed torso. As Fig. 4 shows, the SSM generated from a cluster
of human body shapes (Pishchulin et al., 2017) was applied on the
5

sparse torso contours within a 3D space. The SSM was first translated
into the subject-specific coordinate system by aligning the cardiac
centers based on the intersections of cine SAX and LAX planes with
the sparse contours. Subsequently, the initial torso shape was deformed
to fit the contours by minimizing the distances between them, pro-
ducing the final 3D torso mesh. The generated torso meshes obtained
the average contour-to-surface distance of 0.546 ± 0.208 cm. The M-
L electrodes (LA, RA, LL, RL, and V1-V6) were manually placed on
the torso referring to their standard positions (see Fig. 5) by a well-
trained Ph.D. student using ParaView2 and checked by a senior expert.
This torso reconstruction and manual electrode localization for each
subject typically required about 30–35 min and 3 min, respectively.
Although the electrodes are synthetic, the process closely simulates
clinical practice, where clinicians manually place electrodes on the
body surface of patient according to standardized guidelines. Minor
placement variations, common in clinical environments, are reflected
in our synthetic data, although we did not intentionally introduce such
variations in our training or test sets.

For torso geometry reconstruction, we employed CD to assess the
alignment between the predicted torso geometry and the reconstructed
one by SSM. The electrode localization errors were reported in terms
of mean of Euclidean distance (ED) between the detected electrode
coordinates and the corresponding ground truth. Furthermore, we per-
formed an in-silico evaluation by comparing simulated ECG morphology
based on predicted electrodes and ground truth electrodes. Note that
this work primarily focuses on electrode localization, which serves as a
crucial input for EP simulation in CDTs. Torso reconstruction, while
important, is not a necessary step in our pipeline during inference.
Therefore, we mainly report the localization results in the following ex-
periments to highlight the critical role of accurate electrode positioning
in ensuring the fidelity of EP simulations.

4.3. Implementation

The framework was implemented in PyTorch, running on a com-
puter with 2.1 GHz 13th Gen Intel(R) Core(TM) i7-13700 CPU and an
NVIDIA GeForce RTX 3070. We used the Adam optimizer to update
the network parameters with weight decay of 1e–3. The batch size
(𝐵) was set to 6, and the initial learning rate was set to 1e–4 and
multiplied by 0.5 every 9,000 iterations. The balancing parameters
were set empirically as follows: 𝛽 = 5, 𝜆keypoint = 0.05, and 𝜆rec = 0.05.
The input torso contour has been converted into a point cloud and
uniformly resampled to 2048 points. To mitigate random resampling
effects, data augmentation was performed by repeating the random
resampling 𝑁𝑟𝑟 times, and the effect of 𝑁𝑟𝑟 was studied in Section 4.4.1.
The reconstructed coarse and dense torso geometries, represented as
point clouds, consisted of 𝑁coarse (=1024) and 𝑁dense (=4096) points,
respectively. The number of keypoints 𝑁𝑘𝑝 was set to 32 initially and
was investigated in Section 4.4.2, while the number of points in torso
topology 𝑌topology was set to 128. The training of the model took about
1 h (120 epochs in total), while the inference of the networks required
about 2 s to process each subject.

4.4. Parameter studies

4.4.1. Effect of the number of random resampling
To investigate the effect of random resampling, we compared the

performance of the proposed method with different numbers of random
resampling 𝑁𝑟𝑟. Here, we set 𝑁𝑟𝑟 ranging from 1 to 45 (number of key-
points 𝑁𝑘𝑝 = 32), as presented in Fig. 6. The electrode error 𝐸 𝐷electrode
steadily decreases as 𝑁𝑟𝑟 increases from 1 to 30, with the lowest error
achieved at 𝑁𝑟𝑟 = 30. This indicates that increasing the number of
resamples helps in better approximating the electrode positions, likely

2 https://www.paraview.org.

https://www.paraview.org
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Fig. 6. Performance of the proposed method against different number of random
esampling.

Table 1
Summary of the quantitative evaluation results of the proposed method with different
umbers of keypoints. CD: Chamfer distance; ED: Euclidean distance.
Num of keypoints 𝐶 𝐷torso (cm) 𝐸 𝐷electrode (cm)

10 (only electrodes) 2.46 ± 0.287 1.35 ± 0.349
16 2.43 ± 0.203 1.28 ± 0.292
32 2.46 ± 0.306 1.24 ± 0.291
64 2.29 ± 0.235 1.24 ± 0.293
128 2.31 ± 0.308 1.28 ± 0.314

Table 2
Summary of the quantitative evaluation results of different methods.

Method 𝐶 𝐷torso (cm) 𝐸 𝐷electrode (cm)

SSM projection N/A 1.48 ± 0.362
PCNencoder + 3FC N/A 2.00 ± 0.661
TIM w/o kp 2.38 ± 0.306 1.54 ± 0.446
TIM w/o recon N/A 1.32 ± 0.338
TIM 2.29 ± 0.235 1.24 ± 0.293

due to the increased variability and robustness in the sampling process
hat averages out random errors. For the torso reconstruction error,

the performance becomes stable once 𝑁𝑟𝑟 reaches 20. This suggests
that beyond this point, additional resampling does not significantly
improve the reconstruction accuracy. This plateau effect is expected
as the resampling process sufficiently captures the variability in the
torso contours, allowing the method to consistently reconstruct the
torso geometry accurately. Overall, the results indicate that an optimal
balance is achieved with 𝑁𝑟𝑟 = 30 for the proposed method.

4.4.2. Effect of the number of keypoints
In this study, we first compared the results of the proposed scheme

using different numbers of keypoints 𝑁𝑘𝑝 to investigate its effect on the
proposed method. Here, we set the value ranging from the baseline one,
i.e., only 10 electrodes, to 128, as presented in Table 1. One can see that
the best performance was obtained when the number of keypoints was
set to 64. This indicates that only electrodes are not enough to present
the complete torso topology as a constraint for both accurate electrode
localization and torso reconstruction. The ratio between the number of
electrodes and that of keypoints should be balanced to achieve optimal
performance. In the following experiments, 𝑁𝑘𝑝 was set to 64 for the
proposed method.

4.5. Comparison and ablation study

Table 2 presents the quantitative results of different methods for
torso reconstruction and electrode localization. Here, SSM projection-
based electrode localization was first performed on an average torso,
and then the coordinates were projected to each torso mesh based
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on the estimated transformation (see Fig. 4), acting as a baseline
odel for electrode localization (Smith et al., 2022). PCNencoder + 3FC

referred to the electrode estimation directly from the extracted global
eatures of PCNencoder, followed by three fully connected (FC) layers.
n contrast, though TIM also employed PCNencoder to extract both local
nd global point cloud features, it introduced the topology-informed
eypoint detection component and keypoint-guided torso reconstruc-
ion module. TIM w/o kp referred to the baseline PCN model (Yuan
t al., 2018), without keypoint detection and surface skeleton assisted

point cloud refinement module. TIM w/o recon still used keypoints as a
guide for electrode localization, but the surface skeleton assisted torso
reconstruction module was removed.

Conventional SSM projection-based electrode localization involves
iterative optimization, making it quite time-consuming (typically 30–
35 minutes). In contrast, deep learning-based algorithms, including
both PCN and the proposed TIM methods, can estimate the electrode
locations within seconds. However, the accuracy of PCNencoder + 3FC
was inferior compared to both the SSM projection-based localization
and the proposed TIM methods. Compared to PCNencoder + 3FC, TIM
/o kp incorporated an additional torso reconstruction task, which

ignificantly reduced the electrode localization error resulting from
ncomplete data (1.54 ± 0.446 cm vs. 2.00 ± 0.661 cm). Conversely,
IM w/o recon focused on converting the electrode localization task
nto keypoint detection, demonstrating superior performance relative
o solely introducing reconstruction. Our proposed method integrated
oth: it first performed keypoint detection and then created a sur-
ace skeleton from these keypoints to assist in torso reconstruction.
t yielded the best results in electrode localization (1.24 ± 0.293 cm).
oreover, the incorporation of the keypoint-based surface skeleton

ignificantly improved torso reconstruction accuracy, achieving 2.38 ±
.306 cm compared to 2.29 ± 0.235 cm (𝑝-value = 0.004). We argue
his might be because the surface skeleton module introduced topology
ttention for the torso reconstruction, especially on the torso area
here electrodes are positioned.

4.6. Results of the proposed method

4.6.1. Performance of the proposed method and inter-observer study
The proposed method obtained a promising result for localizing

electrodes, with an average ED of 1.24 ± 0.293 cm. There is no significant
ifference between males and females (1.24 ± 0.309 cm vs. 1.25 ±
.276 cm, 𝑝-value = 0.992). Note that, even for trained technicians, the
lectrode placement errors were often in the range of 2–3 cm and occa-

sionally reached up to 6 cm (Kania et al., 2014). To better understand
such variation in our dataset, we conducted an inter-observer study
with two manual delineations. Ten cases were randomly selected, and
an additional expert manually localized electrodes. The inter-observer
average ED was 1.31 ± 0.373 cm, while our method achieved an average
ED of 1.24 ± 0.293 cm, which is well within the range of expert variation.
This demonstrates that the accuracy of our method is comparable to the
variability seen between different experts.

Fig. 7 provides 3D visualization of the electrodes overlapped on the
ground truth torso geometry from five examples. These five cases were
the last, third quarter, median, first quarter, first cases from the test set
in terms of 𝐸 𝐷electrode by the proposed method. This illustrates that the
method could provide promising performance for localizing electrodes
from incomplete torso contours. In the worst case, we highlight the
errors, particularly due to the shift of chest electrodes V1, V2, and V3
and limb electrodes LL and RL, pointed out by arrows. In the third
quarter and median cases, the errors were from the electrodes V4 and
LL, respectively. In general, the predicted electrodes LL and RL could
be slightly higher, lower, or even outside the torso surface. Also, LL
and RL exhibited similar shift directions as the chest electrodes. In
contrast, the electrode LA, RA, V5 and V6 can be accurately localized
in all five cases. More importantly, we observed significant shape
variation among the five subjects, yet our method appears to handle
this variation effectively.
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Fig. 7. Visualization of the electrode localization results by the proposed model at different levels of performance. The manual and automatic localized electrodes have been
labeled in blue and red, respectively, overlapped on the ground truth torso. The average electrode localization error (𝐸 𝐷electrode) is shown at the top, while the body mass index
(BMI) of each subject is presented at the bottom.
Fig. 8. Boxplots of the average Euclidean distance of electrode localization with respect
to different electrode positions.

4.6.2. Performance of different electrodes
Fig. 8 presents the boxplots of the proposed algorithm for localizing

different electrodes. One can find that the performance varied among
different electrodes. Specifically, limb electrodes LL and RL are gener-
ally more challenging to localize compared to chest electrodes (V1, V2,
. . . , V6), with localization errors of 1.49 ± 0.587 cm and 1.22 ± 0.363 cm,
respectively. This is reasonable, as distant limb electrodes LL and RL are
generally located in the peripheral areas of the torso, which are often
outside the primary imaging region focused on the heart (especially
electrode LL). Conversely, chest electrodes are positioned closer to the
cardiac area, which is more accurately captured in imaging. Variations
in detecting electrodes LL and RL might also arise from their wider
placement range without guidance from near landmarks. Nonetheless,
the displacements of distant limb electrodes are considered to have less
impact on the ECG signal than shifts of chest electrodes (Rajaganeshan
et al., 2008; Kania et al., 2014; Zappon et al., 2024), which has
been further proved in our simulation study (see the Supplementary
Material). Among the chest electrodes, electrode V4 was the hardest
to be accurately localized. This may be because the torso contour in
the region where V4 is placed can be less distinct or more variable
among individuals, making it harder for the model to identify precise
features for accurate localization compared to other electrodes with
more prominent or consistent landmarks.

4.6.3. Effect of 3D torso reconstruction and BMI for electrode localization
To analyze the relationship between the electrode localization error

(𝐸 𝐷 ) and the 3D torso reconstruction error (𝐶 𝐷 ) obtained
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electrode torso
Fig. 9. The scatter point plots and correlations between electrode localization error
with respect to both torso reconstruction error and BMI.

by the proposed method, we plotted these values as two-dimensional
scatter points for all test subjects, as shown in Fig. 9. The scatter
plot indicates a positive but weak linear relationship between the two
variables. To quantify this observation, we performed linear regression,
Pearson correlation, and Spearman’s rank correlation analyses. The
results of the linear regression analysis yielded an 𝑟2 value of 0.048,
suggesting that only 4.8% of the variance in electrode localization
error can be explained by the torso reconstruction error. This low 𝑟2

value indicates a weak linear relationship between the two variables.
The Pearson and Spearman’s rank correlation coefficient was 0.219
and 0.201, respectively, further supporting the conclusion of a weak
positive linear correlation between the two variables. This implies that
improvements in torso reconstruction accuracy do not necessarily lead
to substantial reductions in electrode localization error. This may be
attributed to the fact that electrodes (a subset of keypoints) can only
partially represent the torso topology.

In addition, we examined the correlation between electrode local-
ization error and BMI, given that the error reflects distance on the body.
We observed a weak positive linear relationship, with Pearson and
Spearman correlation coefficients of 0.264 and 0.334, respectively. This
outcome was expected, as higher BMI values typically correlate with
greater body mass and potential changes in body geometry. However,
our analysis found no significant correlation between torso reconstruc-
tion error and BMI (Pearson = 0.037, Spearman = 0.039), as presented
in the Supplementary Material. It indicates that while BMI influences
localization accuracy, it does not impact torso reconstruction accuracy.
Together, these results highlight the robustness of the proposed method
in maintaining accuracy across a range of body geometries.
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Fig. 10. Comparison of simulated ECG-QRS via predicted (in dashed lines) and ground truth electrodes (in solid lines). The left side shows the corresponding electrode locations,
overlapped on the heart-torso anatomy. 𝐶 𝑜𝑟𝑟𝑃 𝑒𝑎𝑟𝑠𝑜𝑛: Pearson correlation coefficient.
4.7. In-Silico ECG simulation evaluation

4.7.1. ECG simulation results
To explore the feasibility of predicted electrodes for virtual heart

modeling, we compared the simulated ECG-QRS based on predicted
electrodes and ground truth electrodes. Ten subjects were randomly se-
lected from the test set for the in-silico evaluation, and we automatically
created their 3D biventricular heart models from cardiac MRIs based
on the computational geometry based pipeline detailed in Banerjee
et al. (2021). Their torso reconstruction and electrode prediction error
were 2.33 ± 0.200 cm and 1.04 ± 0.337 cm, respectively. We employed
an efficient orthotropic Eikonal model for the cardiac EP simulation
with tuned parameters to ensure realistic ECG morphology (Camps
et al., 2021, 2024b). Specifically, the body surface potential (𝛷) at the
electrode position (𝐾𝑗) was calculated as:

𝛷(𝐾𝑗 ) =
𝑁𝑠𝑟𝑐
∑

𝑡=1
−𝜎𝑗 (∇𝑈 )𝑡

[

∇𝑏𝑡
𝑟𝑡

]

, (5)

where (∇𝑈 )𝑡 represents the spatial gradient of membrane potential
over the 𝑡th tetrahedral element, 𝜎𝑗 is the conductivity tensor for the
𝑡th element, 𝑏𝑗 is the normalized volume scaling factor for the 𝑡th
element, 𝑟𝑗 is the Euclidean distance from the centroid of the 𝑡th
element to the electrode position (𝐾𝑗), and 𝑁𝑠𝑟𝑐 is the total number of
tetrahedral source elements. We employed the pseudo-ECG approach
to model the heart in an infinite, isotropic, homogeneously conductive
medium, enabling unipolar extracellular potential computation via an
integral formulation, as presented in (Eq. (5)). These unipolar elec-
trograms were then used to derive the three Einthoven limb leads
and the Wilson precordial leads. Compared to finite volume conductor
methods (Ogiermann et al., 2021) and heterogeneous conductivity
models (Bishop and Plank, 2011), the primary differences observed are
in amplitude, with only minor variations in QRS morphology (Keller
et al., 2010). To assess QRS morphology, we used the dynamic time
warping (DTW) distance (Tuzcu and Nas, 2005; Li et al., 2023a) as
a ECG misalignment measurement, yielding an average DTW distance
of 0.081 ± 0.033. Furthermore, we calculated their Pearson correlation
coefficient (𝐶 𝑜𝑟𝑟𝑃 𝑒𝑎𝑟𝑠𝑜𝑛) as a measurement of the similarity between two
ECG signals, with average correlation coefficient of 0.989 ± 0.013.

Fig. 10 presents the obtained simulated QRS morphology at dif-
ferent leads using predicted and ground truth electrodes from three
subjects. Note that here a low-pass filter was applied to reduce ECG
noise artifacts from coarse mesh simulation, with signals aligned to
8

Fig. 11. Correlation heatmap between the localization error of 12-lead ECG electrodes
and the morphology misalignment of different leads.

start at 0 standardized voltage units. We only presented eight indepen-
dent leads, as lead III and the augmented leads (aVF, aVR, and aVL) are
linear combinations of other leads. These three cases were the 30th,
60th, and 90th percentiles from the 10 cases in terms of 𝐸 𝐷electrode
by the proposed method. One can see that the simulated ECG from
the automatically predicted electrodes closely aligned with that from
the ground truth electrodes. No significant changes in ECG morphol-
ogy were observed in leads I, II, and V6, with average 𝐶 𝑜𝑟𝑟𝑃 𝑒𝑎𝑟𝑠𝑜𝑛
values exceeding 0.998. Only slight misalignments were observed in
certain leads, notably V3 and V4, with average 𝐶 𝑜𝑟𝑟𝑃 𝑒𝑎𝑟𝑠𝑜𝑛 values
of 0.962 ± 0.069 and 0.977 ± 0.020, respectively. These are generally
consistent with the conclusion reported in literature (Kania et al.,
2014; Roudijk et al., 2021). Additionally, we observed that their QRS
durations were consistent across all subjects, while their average R/S
amplitude ratio difference was 0.058 ± 0.035. As expected, a decrease in
electrode localization errors generally leads to a reduction in observed
misalignment.

4.7.2. Correlation between ECG electrodes and leads
To quantitatively assess the relationship between electrode localiza-

tion error and ECG morphology misalignment (DTW), we conducted a
linear regression analysis. The resulting linear coefficient 𝑟2 was 0.576,
indicating a moderately strong positive linear correlation between the
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localization error and morphology misalignment. To further analyze the
relationship between different electrodes and leads, we calculated their
Pearson correlation for the ten subjects. Fig. 11 presents the correlation
heatmap between different electrodes and ECG leads. We observe a
trong positive correlation between electrodes V1-V5 and their corre-
ponding ECG leads V1-V5, with an especially high correlation for lead
3. This indicates that misplacement of electrodes in the chest area
ill significantly impact the morphology of their associated precordial

eads, which is consistent with observations from our uncertainty study
(see Supplementary Material). Additionally, electrodes LA, RA, and
LL show a notable correlation with leads I and II, aligning with the
findings of the uncertainty study. However, there are some unexpected
correlations between certain leads and electrodes, which may indi-
cate complex interactions due to individual anatomical differences or
ariations in electrode placement. Note that this analysis is based on
 limited sample size of 10 subjects, which may introduce potential
iases.

5. Discussion and conclusion

In this study, we have presented a fully automatic framework for
imultaneous 12-lead ECG standard torso electrode localization and 3D

torso geometry reconstruction from cardiac MRI data. The proposed
odel was evaluated on 200 subjects from the UK Biobank, yielding

etter results than the conventional SSM project-based method (1.24 ±
0.293 cm vs. 1.48 ± 0.362 cm) and significantly improved efficiency
2 s vs. 30-35 min). This could attribute to both the topology-guided
eypoint detection and the surface skeleton-assisted PCN modules, as
e demonstrated in Section 4.5. Also, we found that random resam-

pling of input contours had a significant impact on the performance,
which might be attributed to the sparsity and incompleteness of the
contours. However, this issue can be effectively addressed by increasing
the number of random resampling iterations for data augmentation (see
Section 4.4.1). The number of keypoints also affected model perfor-

ance, namely they need to adequately cover the electrodes without
eing excessively numerous. We found that localizing electrodes LL
nd RL accurately was challenging, likely due to the lack of guidance
rom nearby landmarks (see Section 4.6.2). Notably, the simulated ECG
orphology based on predicted electrodes exhibited good alignment

with that based on ground truth (see Section 4.7), affirming the fea-
sibility of employing clinically standard cardiac MRI for efficient and
personalized virtual heart modeling.

Nonetheless, there are three limitations of this work. Firstly, the
proposed method aims to estimate the 12-lead ECG electrode position
ased on the standard protocol, assuming no significant placement

errors. According to the literature, typical electrode placement errors
are often within the range of 2–3 cm (Kania et al., 2014). However,
this method may not be applicable if the actual electrode placement
deviates substantially from the standard protocol. Secondly, there are
ew related studies in the literature, and no state-of-the-art 12-lead ECG
lectrode localization results available for comparison besides (Roudijk

et al., 2021). They employed 3D camera to localize 12-lead ECG
lectrodes for 20 atrial fibrillation patients, to reduce electrode repo-

sitioning errors during longitudinal ECG acquisition. They reported a
edian distance of 1.00 [0.64–1.52] cm between 3D guided reposi-

ioned electrodes, which was similar to our results (1.24 ± 0.293 cm). We
urther evaluated the performance of the proposed method for in-silico
CG simulation, providing a benchmark and demonstrating its potential
ffectiveness in enabling an efficient CDT. Thirdly, the method has
nly been tested on a limited dataset for in-silico ECG simulation, and
ts generalizability to other datasets and populations remains to be
alidated. Also, this in-silico evaluation focused exclusively on the QRS
omplex rather than the whole ECG signal. As reported in Zappon et al.

(2024), higher placement of electrodes V1 and V2 can cause noticeable
-wave inversion in ECG leads V1 and V2.
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In our future work, we plan to detect the actual electrode posi-
ions by adopting the dataset collection approach described by Gillette

et al. (2021), which employed MRI-compatible electrodes positioned
efore image acquisition. Furthermore, we will explore a more de-

tailed patient-specific heart-torso anatomy, incorporating a whole heart
embedded within a torso, with distinct volumes for cardiac blood
pools, lungs, bones, liver, fat, and skin, to enhance the fidelity of
the CDT. We will investigate the heterogeneous conductivity within
the torso which presents substantial differences between compartments
(including organs or distinct tissues such as bones, fat, and skin). At the
ame time, the electrode localization can be more accurately localized
n the finer torso geometry with bone structures. We can evaluate the
roposed model on a larger population dataset from different centers,
o investigate its generalization ability. On this larger dataset, we

can perform a comprehensive sensitivity analysis to qualitatively and
quantitatively investigate the impact of the uncertainties from torso
and electrodes on the ECG morphology. These uncertainties, along
with potential device artifacts in clinical ECGs, must be considered
when applying predicted electrode positions to CDTs. Such factors
an introduce variability in ECG morphology, potentially affecting the
arameterization and accuracy of CDTs. Also, we will extend the in-
ilico ECG simulation to the entire ECG signal. We will then perform
nverse inference to calibrate the simulated ECG, ensuring it aligns

accurately with clinically measured ECG data. To achieve this, we
will explore a computationally efficient surrogate to replace current
simulation model, to further speed the creation of CDT. In conclusion,
this work demonstrates the feasibility of automatic electrode detec-
ion using clinically standard cardiac MRI, paving the way for future
esearch to explore real-time applications of CDTs.
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