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ABSTRACT
Digital Twins (DTs) mimic a physical system using a digital version
of the real system.While these have been explored inmany domains,
digital twins of human organs are yet to be created, especially those
that are inspired by formalmethods. To this end, we propose the first
Cardiac Digital Twins (CDTs) by leveraging two key innovations
from our research group.

The first is a real-time model of the heart, that is based on a
network of hybrid automata to represent the cardiac conduction
system that mimics the rhythmic electrical activity of a normal
heart. The model can be parametrised to exhibit disease states in
real-time and this approach is being used by MathWorks for closed-
loop validation of pacemakers in real-time. This work has raised
the interest of both device manufacturers and certification agencies,
especially in the USA.

Our group has expertise in digital biomarkers obtained from
wearables, such as Electrocardiograms (ECGs) and Photoplethys-
mograms (PPGs). These provide a window into the cardiac cycle
and we have already shown that the two signals are strongly cor-
related. Hence, a second innovation is related to using wearables
to personalise the real-time heart model, so that the model gener-
ates ECGs matching that of an individual in different states. Our
approach paves the way for developing personalised therapies, real-
time monitoring, and accurate estimation of heart rate variability.

CCS CONCEPTS
• Applied computing → Computational biology; • Computer
systems organization→ Embedded and cyber-physical sys-
tems; • Theory of computation → Formal languages and au-
tomata theory.
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1 INTRODUCTION
DTs [13] of human organs have the potential to significantly trans-
form healthcare through personalised therapy, empowering indi-
viduals to take full control of their health and wellbeing. Roughly
32% of global deaths in 2019 according to the World Health Or-
ganisation (WHO) is related to cardiac diseases. Hence, our work
has focussed on cardiac health, which is the leading cause of death
globally. A CDT has the potential to significantly reduce the impact
and progression of cardiac diseases. A CDT can also be used as a
predictive model, helping to manage conditions that may otherwise
lead to disability or death. However, DTs of human organs seem
more like science fiction than reality [26].

The core challenges are three-fold. Firstly, high-fidelity sensors
are needed that can provide accurate cardiac status through body-
surface signals such as ECGs and PPGs, the latter of which provides
a signature of the cardiac cycle through an optical sensor [23].
Current sensors are highly inaccurate for continuous monitoring,
especially since they are susceptible to motion artefacts. Secondly,
and more importantly, a cardiac model capable of personalised
response-matching of a human is lacking. Finally, existing methods
are reliant on solving a challenging problem, called the inverse
problem, which is ill-posed [17] that relates body-surface signals to
cardiac surface signals.

Wearable devices [21], with many sensors, are able to provide a
window into human biology, giving a snapshot of many biophysical
signals, unthinkable just over a decade ago. Hence, the real-time
status of many physical signals are now available for continuous
monitoring. For example, we can access temperature, sleep quality,
Heart Rate (HR), peripheral capillary oxygen saturation (SpO2),
Heart Rate Variability (HRV) and many more parameters routinely,
especially to enhance healthcare [18]. Wearables can also be used
for non-invasive blood pressure [22] and blood glucose [24] mon-
itoring, which have the potential to save many lives. Moreover,
smart watches are capable of real-time arrhythmia detection, which
is saving lives.

Hence, in this paper, we propose to leverage our prior work
on biomedical sensing and real-time cardiac modelling, especially
since both are grounded in formal methods.We hypothesise that the
parametrisation of a real-time heart model, using timing parameters
obtained from ECG and PPG signals using sensor fusion [23], could
be used for CDT development. We will investigate the link between
noisy body-surface signals, obtained through wearable sensors [5],
and an underlying real-time abstract mathematical model of the
human heart, bypassing the need for solving the inverse problem.
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https://orcid.org/0000-0001-5353-8160
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1.1 Solution Overview
Our approach is summarised in Figure 1. First, in 1○, we will obtain
recordings from participants through an ethics approved protocol
in the near future. These recordings will include ECG and PPG
data during several states of the individual, such as during sleep,
resting, walking, and so on. A pre-existing abstract cardiac model
( 2○) is used, which is based on the University of Auckland (UoA)
model [3, 6, 32]. Using the wearable data in 1○ we will develop
novel algorithms for sensor fusion to remove the effect of motion
artefacts. These will be used to compute the average timing values
of key timing intervals of the cardiac cycle, which will be used for
initial parametrisation of the abstract cardiac model model ( 3○) to
create the DT for the person ( 4○).

Wearable DataAbstract Model

Initial
Parametrisation

Digital Twin Calibration

Generated ECG

12

3

4

5

6

Figure 1: Proposed method of the Cardiac Digital Twin

To ensure the correctness of the generated DT, and to fine-tune
its behaviour, the cardiac model is extended with the addition of
ECG generation ( 5○). This ECG will be used in a closed-loop calibra-
tion process ( 6○) to fine-tune the parameters of the DT, such that
the generated ECGs more closely resemble those from the wearable
data. This process will be completed for each state of the user, to
create a set of representative DTs for the person. This process will
make use of multiple techniques, including genetic algorithms, such
as particle swarm, or evenArtificial Intelligence (AI) techniques,
such as transformer models [28].

The rest of this paper is organised as follows. In Section 2, we
will provide a background on the cardiac conduction system, some
formal models that have been used to model it, and elaborate on
three key cardiac activity signals — PPGs, ECGs, and Electrograms
(EGMs). Then, we will present a set of improvements that have
been made over existing models for the purpose of EGM generation
in Section 3. Following this, we will apply these same techniques
to the problem of ECG generation in Section 4, along with some
preliminary results and comparisons to experimentally obtained
signals. The final section is devoted to concluding remarks.

2 BACKGROUND AND RELATED WORK
Formal methods [30] have been used in many safety-critical settings, 
especially space, automotive, and aviation. These Cyber Physical 
Systems (CPSs) represent highly distributed and concurrent sub-
systems, and formal methods have matured to levels to tackle the 
complexity of such systems [19]. This is an inspiration for the cur-
rent work, which started taking shape around 2014 [32], especially 
examining the role of formal methods for the design of real-time 
models for the cardiac conduction system.

The inspiration for us is based on the observation that, like a 
man-made CPS which comprises of many distributed controllers [7], 
the human body has a network of distributed organs, which are 
not working in isolation, but are highly coordinated. For example, 
the heart and the gut are connected to the nervous system through 
the vagus nerve. Moreover, the heart and the lung also operate in 
tandem, where during inhalation the activity of the heart increases, 
and during expiration the opposite occurs. This is known as Respi-
ratory Sinus Arrhythmia (RSA) [20], a desirable arrhythmia 
which induces HRV [12] that has been shown to be an excellent 
indicator of overall health and wellbeing [25]. HRV is typically 
reduced due to stress and may be gained back through deep sleep.

Given such complexity at both at the system (complete human) 
and module (organ) levels, formal methods may be explored for 
the modelling and verification of biological systems. Hence, there 
is a body of work on using formal modelling for biological cells, 
especially in the heart [8] and gut [29]. We will start with a review 
of such modelling.

2.1 Cardiac Overview
The purpose of the human heart is to pump blood through the lungs 
and body to provide sustenance. Internally, it is made up of pairs of 
atria and ventricles, each of which having a left and right variant, as 
shown in Figure 2. The atria, which are comparatively smaller, serve 
as places for the blood to accumulate before being passed through 
to the ventricles. The ventricles, on the other hand, are tasked with 
pumping the blood contained within them around the entire body 
which requires much stronger contractions and higher pressures. 
This process periodically repeats at around 60 bpm to 100 bpm to 
ensure nutrients are continually provided. This rhythmic activity 
leads to the cardiac cycle, comprising of the systole, when the heart 
muscles contract and expel the blood contained within them, and 
diastole, when they relax and fill with blood.

Also shown in Figure 2 is the cardiac conduction system, here 
simplified to just 33 nodes [16]. Each node is a circle with its name 
inside of it, and connections between nodes are represented by 
the solid lines. Our work with this model started with a Matlab 
Simulink model, that was kindly shared with us by Prof. Marta 
Kwiatkowska [10] for modelling forward conduction only. Subse-
quently, we refined this model to capture both forward and back-
ward conduction [32], which is key to capturing different more 
complex arrhythmia. The two key components for each of these 
models are the node model, which captures the electrical activity of 
a group of cells, and the path model, which captures the conduction 
delay between nodes.

The foundational node of the cardiac conduction network is 
known as the Sinoatrial (SA) node, which determines the rhythmic
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Figure 2: Diagram of the human heart and its abstracted
conduction network

rate of the heart and therefore is commonly known as its natural
pacemaker. This is one of several in the cardiac system which self-
stimulate on a regular basis without any required external input,
which are known as auto-rhythmic cells. For the SA node, this is
generally between 60 bpm to 100 bpm for an average person.

Other auto-rhythmic nodes in the heart include the Atrioventic-
ular (AV) node, which naturally beats at a rate of 40 bpm to 60 bpm,
and the Bundle of His (BH), which naturally beats at around 30 bpm
to 40 bpm. Under normal circumstances, the SA node’s rate will
be the fastest and will therefore dominate the pacing of the heart.
However, in cases of cardiac failure these other regions exist as a
sort of backup to ensure some level of cardiac function is main-
tained. For example, if the SA node’s auto-rhythmic behaviour fails
then the AV node will take over.

As mentioned earlier, synchronisation between atrial and ven-
tricular activity is important to ensure that there is enough time for
blood to flow from one to the other. This synchronisation is known
as the A-V delay. In Figure 2, the section of the conduction network
that controls this delay is the area that runs from the SA node
through to the Right Ventricular Apex (RVA) and Left Ventricular
Apex (LVA), including the AV node and the BH. After reaching the
RVA and LVA the conduction spreads out across both the right and
left ventricles, through a region known as the Purkinje fibres.

This region is often important when it comes to the produc-
tion, and prevention, of various cardiac diseases. For example, the
branching and joining segment which consists of the Fast Pathway
(FP) and Short Pathway (SP) is another important aspect of this, and
is often the cause of AV Nodal Re-entrant Tachycardia (AVNRT).
Alternatively, the AV node in particular plays an important role in
preventing the impacts of Atrial Fibrilation (AF), where the atria
are beating too quickly, from flowing through to the ventricles so
that the core function of the heart, pumping blood around the body,
can be maintained. In this sense, it acts as a low-pass filter.

2.2 Formal Models
Traditionally, bioengineers model the cardiac electrical activity by
capturing each individual ionic channel that makes up each cell [9].
As a result, they have developed different types of computational
modelling, mainly enabled by finite element and finite volume
methods [27]. These provide a high degree of fidelity albeit that
such models are computationally very expensive.

Interest in abstract modelling started due to the need for using
such models to ensure the validation of closed-loop pacing devices
that treat arrhythmia, such as pacemakers. This necessitated the
need for models that can elicit real-time response to such devices,
while being able to mimic physical phenomena accurately from the
device perspective. These models covered a range of complexities
at various levels of abstraction, such as simple Timed Automaton
(TA) models [15], linear Hybrid Automaton (HA) models [1], and
detailed HA models [31]. In the following we will elaborate on such
an abstract cell model, developed in our group.

On a physical level, cardiac cells operate through charged ions
passing in and out of the cell walls through ionic channels and associ-
ated gates. As this happens, a difference in charge is created between
the inside and outside of the cell, i.e. an electric potential, which is
able to cause the surrounding muscle tissue to contract (when the
cell is depolarised), and relax (when the cell is re-polarised).

The typical morphology of this electric potential is shown in
Figure 3, a shape known as its Action Potential (AP) [11]. To start
with, a cell is at its initial Resting Period (RP) (Phase 0). Whenever
the cell is stimulated, for example due to a neighbouring cell, it
begins to depolarise and its potential increases (Phase 1). Once this
reaches a threshold voltage (𝑉𝑇 ), the cell goes into the Upstroke
phase where the cell rapidly continues to depolarise up to some
maximum𝑉𝑂 . At this point, the muscle tissue also rapidly contracts.

-86

-40

0

46 𝑉𝑂

𝑉𝑇

𝑉𝑅

Phase 0: Resting

Phase 1: Stimulated

Phase 2: Upstroke

Phase 3: Plateau and ERP
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Phase 0: Resting

Po
te
nt
ia
l(
m
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Figure 3: An example Action Potential of a human atrial
cardiomyocyte cell

After this, the cell begins its recovery (re-polarisation) process,
beginning with its Plateau and Effective Refractory Period (ERP)
(Phase 3). Any external stimulus received by the cell during this
time will be ignored. Eventually, the cell then enters its Relative Re-
fractory Period (RRP), where re-polarisation happens more rapidly.
Here, an external stimulus is able to re-stimulate the cell, but not
at 100 % efficiency. Once the cell reaches some resting voltage 𝑉𝑅 it
will return to its RP (Phase 0) and the process can repeat.

As mentioned, the external stimulus that initiates this AP often
comes from a neighbouring cell as the activity propagates through
the network. Once a cell undergoes its own depolarisation, then this
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will also continue along the network and pass to its own neighbours,
causing a chain reaction throughout the network. Typically, this
conduction chain will be initiated by one of the auto-rhythmic cells
in the network, such as the SA node, however in cases where the
person has a pacing device installed, such as a pacemaker, this
initiation could also arise due to an artificial pacing event.

The phases of an AP can be represented as an HA, as shown
in Figure 4 [32]. This model is an extension of earlier abstract
models [1, 31] which captures complex physical phenomena such
as the restitution behaviour of cells more accurately. As an HA, this
model is divided into four locations, 𝑞0, 𝑞1, 𝑞2, and 𝑞3, which match
the phases of the AP, namely resting, stimulated, upstroke and ERP
respectively. The function 𝑔 is used to aggregate the voltages from
the neighbours. The electric potential of the cell is captured using a
set of three Ordinary Differential Equations (ODEs), 𝑣𝑥 , 𝑣𝑦 , and 𝑣𝑧 ,
with the resulting value being a linear combination of these three
values, namely 𝑣𝑥 − 𝑣𝑦 + 𝑣𝑧 .

¤𝑣𝑥 = 𝐶1𝑣𝑥
¤𝑣𝑦 = 𝐶2𝑣𝑦
¤𝑣𝑧 = 𝐶3𝑣𝑧

𝑣 = 𝑣𝑥 − 𝑣𝑦 + 𝑣𝑧

𝑔( ®𝑣𝐼 ) ≤ 𝑉𝑇

q0

initial
𝑣𝑥 = 0 ∧ 𝑣𝑦 = 0
∧𝑣𝑧 = 0 ∧ 𝜃 = 0

¤𝑣𝑥 = 𝐶4𝑣𝑥 + 𝐶7𝑔( ®𝑣𝐼 )
¤𝑣𝑦 = 𝐶5𝑣𝑦 + 𝐶8𝑔( ®𝑣𝐼 )
¤𝑣𝑧 = 𝐶6𝑣𝑧 + 𝐶9𝑔( ®𝑣𝐼 )
𝑣 = 𝑣𝑥 − 𝑣𝑦 + 𝑣𝑧

𝑣 ≤ 𝑉𝑇 ∧ 𝑔( ®𝑣𝐼 ) ≥ 0

q1

¤𝑣𝑥 = 𝐶10𝑣𝑥
¤𝑣𝑦 = 𝐶11𝑣𝑦
¤𝑣𝑧 = 𝐶12𝑣𝑧

𝑣 = 𝑣𝑥 − 𝑣𝑦 + 𝑣𝑧

𝑣 ≤ 𝑉𝑂 − 80.1
√
𝜃q2

¤𝑣𝑥 = 𝐶13𝑣𝑥 𝑓 (𝜃 )
¤𝑣𝑦 = 𝐶14𝑣𝑦 𝑓 (𝜃 )
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Figure 4: The Hybrid Automaton of the UoA Cell Model,
reproduced from [33]

Multiple instances of these cell models are created in order to
capture each node in the cardiac conduction network, which are
then connected through an equivalent path model (also defined as
an HA). This path model captures the conduction delay between
nodes, alongwith the process of annihilation, where twowavefronts
travelling in opposite directions will cancel each other out.

2.3 Signals that Expose Cardiac Activity
In almost every case, it is impossible to observe the individual
cardiac activity within a person’s heart. Instead, we use a range
of signals that can be captured through various means, such as
through wearables.

2.3.1 Photoplethysmograms. Wearable technologies, for health
monitoring applications, are ubiquitous [18, 21]. In these, heart
rate sensing is mainly performed by a light-based sensor. This de-
vice uses optical sensing methods to illuminate the translucent part
of the skin to measure the changes in blood oxygenation relative
to the cardiac activity. This change is recorded as the PPG signal,
an example of which is depicted in Figure 5.

Onset

Systolic Peak

Dicrotic
Notch

Diastolic
Peak

Onset

Systolic Peak

Systolic Phase Diastolic
Phase

Peak-Peak Interval

Figure 5: A typical PPG signal

These signals can be used to detect several physical properties of
the heart. For example, the time taken from the onset to the dicrotic
notch, captures the duration of the systole. Likewise, the time taken
from the dicrotic notch to the subsequent onset determines the
duration of the diastole. The time between successive systolic peaks,
known as the peak-to-peak interval, corresponds to the heart rate.

2.3.2 Electrocardiograms. To observe more detailed cardiac elec-
trical activity, electrodes are placed on the body surface, which
produces a signal known as an ECG. Typically, there will be 10 elec-
trodes placed on the body with 12 channels of recording, known
as leads. Six of these leads (V1 through V6) are known as the chest
or precordial leads and use electrodes that are placed in a near-
horizontal pattern around where the heart is located. The remain-
ing leads come from three of the electrodes placed on the limbs of
the person, with them combining to produce three standard limb
leads (I, II, and III) and three augmented limb leads (avF, avL, avR).
Figure 6 shows how these six leads are created from three electrodes
placed on the limbs of the person. The fourth electrode, placed on
the right leg, then acts as a common ground for all others.

The three standard limb leads (top row of Figure 6) are created
through calculating the difference between each pair of the three
electrodes. The augmented limb leads (bottom row) are created from
each limb electrode relative to a common point named Wilson’s
Central Terminal, 𝑉𝑊 , according to eq. (1). The vectors created by
each of these leads (red arrows) together allow for the direction of
cardiac activity to be distinguished at roughly a 30◦ resolution.

𝑉𝑊 =
1
3 (𝑅𝐴 + 𝐿𝐴 + 𝐿𝐿) (1)

A typical ECG signal for lead II is shown in Figure 7, and is
annotated to show the key waves (P, Q, R, S, and T) along with
some of the key timing intervals between these events. Here, the
P wave corresponds to the atrial depolarisation, the QRS complex
captures the ventricular depolarisation, and the T wave represents
the ventricular re-polarisation. The intervals between these then
represent the physical properties of the cardiac conduction. For
example, the R-R interval represents the firing rate of the SA node,
the P-R interval corresponds to the A-V delay, and the R-T interval
is the Action Potential Duration (APD) of the ventricles.

2.3.3 Relationship between Photoplethysmograms and Electrocar-
diograms. It has been shown that the PPG and ECG signals are
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shows augmented limb leads aVF, aVL, and aVR. Wilson’s
Central Terminal is labelled as 𝑉𝑊 .
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Figure 7: A typical Electrocardiogram signal

strongly correlated [23, 24], as shown in Figure 8. Here, there is a
time-delayed relationship between the two signals, with this offset
being known as the Pulse Arrival Time (PAT).

Nowadays, it is quite common for wearable devices to approx-
imate an ECG, despite only having a single sensing location. As
wearable sensors are noisy, modern wearables incorporate sensor
fusion algorithms using multiple sensors to improve their accuracy.
A similar approach will be taken in the development of our DTs.

2.3.4 Electrograms. In addition to the above non-invasive sensing
methods, cardiac surface electrical activity can also be exposed
through leads of pacing devices. For example, when a pacemaker
is connected to the heart, it is done through a set of leads which
attach to the interior walls of the heart. The signal seen through
these leads is known as an EGM. This is the result of a movement
of electrical charge (as the AP wavefront propagates through the
heart) relative to the position of the lead electrodes [2, 14].
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Figure 8: Correlation between PPG and ECG signals

Existing work uses a dipole model to calculate the effective volt-
age seen at the electrode due to the moving charged wavefront [2].
Equation (2) shows the equation used to calculate this induced volt-
age, where 𝑟 is the distance between the electrode and the dipole,
𝜓 is the angle of the dipole relative to the electrode, and 𝐶 is the
magnitude of the dipole.

𝑉 (𝑟,𝜓 ) = 𝐶 × 𝑐𝑜𝑠 (𝜓 )
𝑟2

(2)

We can make three key observations from this equation. Firstly,
any dipole which is perpendicular to the electrode (𝜓 = 90◦) will
induce no voltage. Secondly, there is an inverse square relationship
between the induced voltage and the distance. Thirdly, dipoles with
a larger magnitude induce a larger voltage at the electrode.

3 ELECTROGRAM GENERATION
While the existing dipole model [2] serves as a good abstraction for
how EGMs are generated, it is not perfect. Here, we will outline
three challenges with the dipole model, particularly when used
with an abstract cardiac network, and the steps that were taken to
address them.

3.1 Challenge 1: Orientation Changes
Firstly, let’s consider the impact that the angle of a dipole (𝜓 ) has
on the generated EGM. In a case where conduction pathways are
smooth and continuous, the angle of the dipole will therefore also be
continuous. However, in abstract cardiac models (such as [33]) the
conduction network is approximated by a series of linear paths. As
a result, whenever the wavefront moves from one path to another
it experiences a sudden (discontinuous) change in its orientation,
and hence also the induced voltage at the electrode.

Figure 9a shows an illustration of this problem where the wave-
front makes a 90◦ bend while passing the electrode (E). Figure 9b
shows the induced voltage at the electrode as the wavefront moves
along this path, with the sudden discontinuity happening at 5 s.
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Figure 9: Problems due to dipole orientation changes

This problem could be solved by creating curved, rather than
straight, paths between nodes and having the dipoles continuously
align themselves with the path direction. However, this would
incur a high computational cost and impact our ability to execute
the model in real-time. Instead, we can achieve a similar effect
by rotating the orientation of the dipoles as they progress along
the path. This allows us to align the dipole orientations at each
node and smooth out any sudden changes that would otherwise
occur. We rotate the orientation of the dipoles only when they are
within some distance 𝑑 of a node, otherwise the dipole orientation
is aligned with the path as normal.

Figure 10a shows this rotating dipole behaviour in practice as
it gets within a distance 𝑑 of the change in direction, where the
dipole orientation would be exactly the midpoint (i.e. pointing to
the top-right) while at this point. The resulting induced voltage
at the electrode (E) is shown in Figure 10b, where the signal no
longer experiences any discontinuity at 5 s, as was the case before
(reproduced as a faded dashed line). The distance 𝑑 determines how
much smoothing is performed to the induced voltage, where a value
of 0 would be the same as having non-rotating dipoles and larger
values would tend towards a smooth line from positive to negative.

We note that this approach is not perfect, as there remains a
discontinuity in the derivative of this signal as the dipole passes
the distance 𝑑 . However, for an abstract model, we see this as a
fair-enough concession to make while providing improvements
over the original technique.

Additionally, there are several nodes in the abstract cardiac net-
work (Figure 2) which do not just contain a single input and output
path that the dipole follows. For example, the LVA and RVA nodes
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Figure 10: Rotating dipoles as a solution

each have four paths connected to them, each of which require
aligned rotations at the node. How should this orientation be de-
cided?

Instead of manually assigning the orientation at each node, we
instead automatically calculate an “average” orientation under nor-
mal conditions. To do this, we decide the direction of forwards
conduction for each path in the network, decided based on when
the heart is behaving normally. Next, at each node we determine the
average input and output vectors for the connected paths, and then
take the midpoint between these average vectors as the resulting
orientation.

Figure 11 shows this approach for a node with four connected
paths — two inputs (in green) and two outputs (in orange). The
average input and output vectors are determined from these paths,
and are then shown in dark red. Finally, the orange arrow indicates
the resulting orientation of the dipoles when at this node, ensuring
that under normal conditions there is minimal rotation required on
each path.

3.2 Challenge 2: Intensity Changes
The second challenge that we encounter is where the intensity of
the dipole (𝐶) suddenly changes. In the abstract model, this occurs
whenever a single path splits into multiple parallel paths or multiple
paths converge into a single one, such as through the BH. Looking
back to eq. (2), we can see that if the intensity of the dipole was
to double then the corresponding induced voltage at the electrode
would also double.
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Figure 11: Determining a node’s dipole orientation

Figure 12a shows an illustration of this problem where a single
path is diverging into two parallel paths, each with the same inten-
sity and resulting in twice the total charge. Figure 12b then shows
the induced voltage from this setup, where the divergence happens
at 5 s causing an instantaneous doubling in the induced voltage.
Note that the electrode (E) is offset from the divergence point, as
otherwise the induced potential when the discontinuity happens
would be at 0mV.
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Figure 12: Problems due to dipole intensity changes

To solve this problem, we again follow a similar approach to
the first challenge, but rather than linearly varying the orienta-
tion of the dipole, we now vary its intensity. At each divergence,
the outgoing dipoles have their intensity reduced as a proportion
of the number of outgoing paths, and then have their intensities
increased linearly over some distance 𝑑 . Figure 13a shows an illus-
tration of this solution, where the dipole intensities are immediately
halved when encountering the divergence to ensure the total charge

remains identical. Then, over a distance 𝑑 , their intensities are in-
creased up to their full charge. The resulting induced voltage is
shown in Figure 13b which now no longer contains that disconti-
nuity that was previously present (indicated by the faded dashed
line).
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Figure 13: Varying intensities as a solution

3.3 Challenge 3: Re-polarisation
The third and final challenge that we tackle here is that of re-
polarisation. While the existing dipole models [2, 14] capture the
instantaneous depolarisation of the AP (Figure 3), they do not cap-
ture the slower re-polarisation that occurs afterwards.

Let’s start by simplifying the AP of the wavefront as a square
wave. Such a wave moving past an electrode should produce a
symmetrical induced voltage at an electrode. Figure 14a shows how
this was previously captured, using only a single dipole representing
the depolarisation (i.e. leading edge) of the wavefront. As a result,
the induced voltage (Figure 14b) is asymmetrical as the square wave
moves by, which is not correct. Additionally, we would expect to
see a predominantly positive induced voltage due to the positively
charged square wave, however this is also not the case with large
negative induced voltages. Even though this challenge does not
cause any obvious discontinuities, the re-polarisation effects are
often an important aspect of physiological signals.

To address this, we simply add a corresponding dipole that cap-
tures the re-polarisation of the wavefront. This dipole should be
opposite in direction to that of the depolarisation one, and follow
behind it with some time delay. Figure 15a shows the addition of a
re-polarisation dipole for the square wave example, using onewhich
is equally charged but opposite in direction. The corresponding
induced voltage at the electrode (Figure 15b) now shows a sym-
metric signal which is predominantly positive, as expected, when



MEMOCODE ’25, September 28-October 3, 2025, Taipei, Taiwan Roop et al.

E

(a) Illustration of the problem

0 2 4 6 8 10
−10

−5

0

5

10

Time (s)

Po
te
nt
ia
l(
m
V)

(b) Induced voltage at the electrode

Figure 14: Problems due to a lack of re-polarisation

compared to the original signal (faded dashed line). Furthermore,
this modification makes the electrode much more sensitive to sig-
nals which are close to it, as the two dipoles roughly cancel out
when further away. This is a much more realistic phenomenon, par-
ticularly in EGMs where the sensing range of electrodes is highly
localised.

When capturing the wavefront of an AP through the abstract
cardiac model, the depolarisation and re-polarisation dipoles should
be separated by a time corresponding to its APD, namely the time
between the upstroke and its RRP. This generally causes, in the
cardiac context, the two dipoles to be further spaced apart than
those shown in Figure 15a, with noticeable depolarisation and re-
polarisation artefacts in the resulting induced voltages. The fact
that these can be distinguished is an important part of EGM (and
ECG) signal processing in order to calculate a person’s APD.

This model can also be extended to more closely capture the
shape of a cardiac AP, which is slower to re-polarise than it is to de-
polarise. A simple example of this using two re-polarisation dipoles
is shown in Figure 16a, where each of the re-polarisation dipoles
is half the magnitude of the depolarisation one. This captures a
morphology as indicated by the green wavefront. By varying the
number of dipoles and their relative intensities, this morphology
can be adjusted to the desired level of accuracy for an AP. The
resulting induced voltage is then shown in Figure 16b, with the
faded dashed line showing the previous square-wave case, allowing
us to see the minor changes that can be made.

3.4 Resulting Signals
Before making these improvements, the challenges presented in
this section caused generated EGMs which, while generally good at
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Figure 15: Re-polarisation dipoles as a solution
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Figure 16: Multiple re-polarisation dipoles to adjust morphol-
ogy

a high level, contained many discontinuities as shown in Figure 17a.
Additionally, some aspects of the generated signals were unchar-
acteristic of real EGMs, such as the crater in the atrial signal at
around 120ms or the flat section in the ventricular signal at around
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340ms to 380ms. Such abnormalities can reduce the suitability of
these generated signals for use in the device testing space, as they
do not accurately represent what would be seen in reality.

After applying the corrective measures and improvements, the
resulting atrial and ventricular EGMs are shown in Figure 17b
which resolves many of the problems with the original signals.
Now, there are no discontinuities in the induced potentials and the
uncharacteristic “flat” sections have been removed.
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Figure 17: Generated Electrograms before and after the im-
provements

While this section introduced changes to the cardiac model from
the point of view of EGM generation, the same problems (and
associated solutions) apply to other physiological signal generation
such as ECGs.

4 ELECTROCARDIOGRAM GENERATION
To generate ECGs from the abstract cardiac model, a similar ap-
proach to that for EGMs, namely using dipoles, can be used. The
difference here is that the electrodes are now placed outside the
heart, are further away, and there are more of them. The larger
distance between the electrode and the conduction network means
that the distance 𝑟 is increased, and so the induced voltage from
the dipole model (eq. (2)) is greatly reduced.

Firstly, the six precordial lead electrodes are placed relatively
close to the heart in their typical locations, wrapping around the

virtual heart in Three Dimensional (3D) space. The radial distance
from the centre of the heart out to these electrodes ranges from
around 3 cm for V1 and V2, placed around the sternum, up to around
20 cm for V5 and V6, placed on the left side of the torso. V3 and V4
are then placed between these two previous sets on the left side of
the chest.

As mentioned in Section 2.3.2, the limb leads effectively cap-
ture the directions of AP propagation through 30◦ intervals. An
abstraction of these limb leads can therefore be modelled as shown
in Figure 18 using 12 electrodes equally spaced around the centre
of the heart, where red and green vectors capture the standard
and augmented limb leads respectively. For example, the aVR lead
corresponds to the vector from R9 to R3, while the augmented
lead I corresponds to R10 to R4. Using this abstraction allows us
to decrease the distance between the heart and electrodes, which
minimises any residual error due to the small induced voltages.

R1

R2

R3
R4

R5

R6

R7

R8

R9
R10

R11

R12

Figure 18: Set of vectors from virtual limb leads of an Elec-
trocardiogram. Standard limb leads are shown in red, while
augmented limb leads are in green.

Each lead of the ECG can then be generated using the same
approach as for EGMs, making use of the improvements discussed
in the previous section to improve their output.

Generally, limb lead II is the one which most people think of
when they refer to an ECG, and is often the most useful from a
diagnostic point of view. This lead physically uses electrodes from
the right arm to left leg, and corresponds to the vector from R11
to R5 in our abstraction (Figure 18). Figure 19 shows the generated
output for this lead across two heartbeats using the techniques
discussed in this paper with our abstract conduction network. Here,
the typical morphology of an ECG can be seen with an initial P
wave, followed by the QRS complex, and finally the T wave.

4.1 Experimental Validation
To demonstrate the potential of our abstract cardiac model for ECG-
based digital twin applications, ambulatory ECG data was collected
using a single-lead Vivalink patch during walking activity, provid-
ing real-world validation data despite the model’s lack of a torso
volume conductor. Figure 20 presents the direct overlay compari-
son between experimental (blue) and simulated (red) ECGs, with
time scales normalized for morphological comparison rather than
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Figure 19: Generated Electrocardiogram for limb lead II

temporal synchronization, revealing similar P-QRS-T morphologies
and rhythmic patterns, with automated wave detection successfully
identifying corresponding cardiac events in both signals.
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Figure 20: Overview of the experimental and simulated Elec-
trocardiograms

Figure 21 provides detailed wave annotation over a 3 s window,
clearly demonstrating the preservation of fundamental cardiac tim-
ing relationships between the two signals. Quantitative analysis re-
veals that while the simulation exhibits a more bradycardic rhythm
(roughly 58 bpm, RR interval about (1030 ± 7)ms) compared to
the ambulatory experimental ECG (86.8 bpm, RR interval about
(691 ± 14)ms), both signals maintain physiologically consistent PR
intervals ((149.0±1.6)ms simulation vs (169±12)ms experimental).

This fidelity of the purely electrophysiological model to gener-
ate ECG-comparable signals, without any precise torso modelling,
validates the hypothesis that our HA framework contains sufficient
cardiac dynamics to serve as a foundation for personalized digital
twins. The next phase of this work will involve parameter opti-
mization algorithms to systematically adjust the 44-node network’s
cellular and conduction parameters to minimize the difference be-
tween simulated and patient-specific ECG patterns, thereby creat-
ing individualized cardiac digital twins capable of predicting patient
responses to pacemaker therapy and other cardiac interventions in
a personalized medicine framework.
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Figure 21: Detailed analysis of experimental and simulated
Electrocardiograms

5 CONCLUSIONS
Wearable health monitoring applications have opened new avenues
in healthcare which were previously unthinkable [21]. These de-
vices can be seen as a key enabler for the Digital Twins (DTs) of
human organs, as they provide a window into their activity. Body
surface sensors can now sense not only the activity of the heart
and brain but also that of the gut1. These have opened new av-
enues for healthcare, such as apps which could interact with DTs of
your own organs in real-time to enable diagnostic and therapeutic
improvements, improving the lives of millions of people.

To this end, we propose methods towards the first Cardiac Digital
Twin (CDT) which combines our earlier work on real-time cardiac
models and biomedical sensing, both inspired by formal methods.
Our real-time heart model has been extensively published, and
has been synthesised on a Field Programmable Gate Array (FPGA)
using hardware-software co-design techniques to enable device
validation [6]. Recently, MathWorks has worked on this model and
could reproduce similar results using the Speedgoat hardware [4].
In this paper, we have discussed methods for improved Electrogram
(EGM) and Electrocardiogram (ECG) generation, without using 3D
torso modelling. We have also shown initial attempts at relating
ambulatory ECGs with the generated ECG.

While this is an initial attempt at steps towards a CDT, we need
to consider several future avenues of improvement. These include
algorithms for adapting the timing parameters of the conduction
system to match that of the individual using stateful modelling.
We will also examine approaches such as Large Language Models
(LLMs) and Kalman filtering to ensure that the CDT functions
like a real human. However, a key would be the use of sensor
fusion to ensure that by combining ECG and Photoplethysmogram
(PPG) information, we are able to obtain the correct timing values
for parametrisation. Hence, this research has much potential for
cooperation with the formal methods community.
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