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Abstract—An electrocardiogram (ECG) is a medical test that
records the electrical activity of the heart over a period of
time. This non-invasive and painless test makes ECG an es-
sential tool in cardiology for diagnosing and monitoring heart
health. Phonocardiogram (PCG) are typically used as an adjunct
to the expertise of healthcare professionals rather than as a
standalone diagnostic tool. By applying ECG signals to predict
the corresponding PCG signals, no additional test for PCG is
needed. These predictions can assist doctors in making informed
decisions about patient care and treatment plans by merely
collecting ECG signals. Physical reservoir computing (RC), as
a bio-inspired algorithm, has received growing research interest.
Under the term neuromorphic, physical RC processes the raw
signals in the analogue domain with in-memory computing, thus
reducing massive power consumption. At the same time, RC is a
special type of Recurrent Neural Network (RNN) that is suitable
for time-dependent signal processing. The ECG/PCG dataset we
used here was experimentally collected by 10 people. We applied
a recently proposed physical RC architecture called Rotating
Neuron Reservoir and achieved an average NRMSE of 0.3690
for prediction, aiming to propose and construct a neuromorphic
processing core for the ECG-to-PCG prediction task.

Index Terms—Physical Reservoir Computing, neuromorphic
processor, Electrocardiogram, Phonocardiogram

I. INTRODUCTION

The electrocardiogram (ECG) is a skin-surface measurement
of the potential changes that result from the electrical polarisa-
tion changes of the heart. The magnitude of the signal recorded
at a cutaneous level depends on the mass of the activated
heart muscle [1]. The recorded waves, therefore, relate to
the activation state of the heart. In particular, a normal ECG
recording usually contains three distinct features - the QRS
complex, and the P and T waves - that arise from different
activation states. The P wave indicates the onset of atrial
contraction, the QRS complex arises from the activation of
the ventricles, and the T wave is produced by the electrical
repolarisation of the ventricles.

The phonocardiogram (PCG), on the other hand, is a
recording of the sound waves produced by the structural and

Fig. 1. The conceptual figure of ECG-to-PCG prediction using a physical
reservoir processor

hemodynamic changes that consist of a complex of the heart
muscle, valves, and blood flow [2]. As the heart repeats its
contraction-relaxation (systole-diastole) cycle, pressure waves
emanate to the chest wall and this is then set into vibration
[3]. Therefore, a PCG recording is mainly produced by those
cardio-hemic effects that are energetic enough to travel to the
skin surface without dissipating. Normally, the first (S1) and
the second (S2) heart sounds are the two most easily recorded.
Unsurprisingly, these are related to the most energetic heart
muscle movements - the onset of the systole and diastole,
respectively.

PCG and ECG are both diagnostic tools used in cardiology,
but they provide different types of information about the heart
and its functioning. Since ECG provides information about
the electrical activity of the heart, it can diagnose arrhyth-
mias [4], ischemia (inadequate blood flow to the heart), and
conduction system abnormalities [5]. It’s particularly useful
for identifying irregular heart rhythms and ischemic events.
PCG provides information about the mechanical aspects of the
heart’s functioning. It is often the first screening for cardiac
problems [6] and can help identify abnormalities in heart
sounds, such as murmurs or extra heart sounds, which can be
indicative of valvular problems [7], chamber abnormalities, or
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Fig. 2. The description for reservoir architecture. It contains three different topologies. The first two are software-based structures. The third one is a physical
RC architecture implemented by an electronic circuit. (a) An example of a classical reservoir. The connections among the neurons are random. (b) An example
of a simple cyclic reservoir (SCR). The topology of the connections among the neurons is simplified and reflects a ring structure. (c) An example of a
4-neurons electronic rotating neuron reservoir. In this topology, the connections of the input-to-reservoir layer and reservoir-to-output layer are shifted at each
time step, controlled by analogue multiplexers.

other structural heart issues.
From a clinical standpoint, obtaining ECG measurements

is more convenient for healthcare professionals because the
traditional medical stethoscope cannot deliver PCG data in a
digital format. Therefore, the ability to predict PCG informa-
tion from recorded ECG signals is highly valuable, particularly
considering that these two signals offer distinct insights into
the heart’s operation. Machine learning algorithms can be
applied to predict the PCG based on collected ECG signals.

Although the machine learning algorithms today especially
the deep neural networks (DNNs) can handle various complex
tasks, ranging from image processing to natural language
processing, the power consumed for training the networks is
massive. The end of Moore’s law and the bottleneck of Von
Neumann architecture are the two leading elements that hinder
the further development of neural networks. Neuromorphic
Computing, inspired by neurobiology, is expected to solve
the challenges by mimicking how the human brain functions
with analog and in-memory computing, aiming at power-
efficient computation [8], [9]. Reservoir Computing (RC),
under the term neuromorphic, is a special type of recurrent
neural network (RNN) that can efficiently handle temporal
signal processing [10]. The concept comes from mapping the
input sequential data to a high-dimensional dynamical state
space and performing a regression at the output layer. The
physical realization of RC has become a heated topic owing
to its simplified architectures to realize efficient machine
learning tasks [11], [12]. Rotating Neuron Reservoir (RNR)
is a recently proposed physical RC paradigm that evolved

from a Simple Cyclic Reservoir (SCR) topology [13]. In this
work, we applied RNR to perform the ECG-to-PCG prediction
task for 10 subjects. The average normalized root mean square
error (NRMES) for the prediction of the 10 subjects is 0.3690.
In our work, both the ECG dataset and PCG dataset were
experimentally collected.

This paper is organized as follows: Section II introduces the
description of the RNR network and Section III introduces the
methodology of the ECG/PCG prediction and the performance
evaluation. The conclusion will be presented in Section IV.

II. DESCRIPTION OF NETWORK

Reservoir Computing (RC) is a special type of recurrent
neural network (RNN), where the current network responses
are dependent not only on the current inputs but also on
the historical inputs. The network can be sensitive to small
changes in the time series, which endows it with an excellent
ability to process time-dependent sequences. Some also think
of RC as an analogy to support vector machine (SVM)
and consider the reservoir as a temporal kernel [14]. Both
techniques apply a trick to map the input to a high-dimensional
feature space to allow for linear separation. The difference is
that RC has a recurrent nature owing to its structure which
will be discussed in detail in the following section.

A. Reservoir computing topologies
A reservoir network contains three layers: an input layer, a

reservoir layer, and an output layer. The injected input u(n) is
multiplied by an input weight matrix Win, then this product



goes to the reservoir layer. The reservoir generates transient
responses s(n) for the input injection. The process can be
represented by the state update equation as shown below.

s(n) = f(Winu(n) +Ws(n� 1)) (1)

W is the reservoir coefficients matrix, and f is the nonlinear
activation function, it could be sigmoid, tanh or ReLU. The
responses, also known as the states of the reservoir, are
collected for training. In our work, we choose to use a simple
linear regression called ridge regression for the prediction task.
The output weight matrix Wout is calculated by the equation
shown below:

Wout = Y targetST (SST + �I)�1 (2)

Finally, at the output layer, the prediction at time n is
achieved by the multiplication of the output weight matrix
Wout and the state s(n) generated for the input at time n.

ypred(n) = Wouts(n) (3)

In a classical reservoir topology, the connections among the
neurons are randomly connected, leading it hard to implement
by hardware. Simple cyclic reservoir (SCR) topology was
proposed to reduce the complexity of the reservoir without
degradation to performance [15]. The connections among the
neurons are fixed. The major difference between the two
topologies lies mathematically in the reservoir coefficients ma-
trix W. The coefficients reflect the connections among neurons.
In a classical reservoir, the coefficients are randomly generated
numbers from the uniform distribution [-1,1]. Therefore, the
connections among neurons are random as shown in Figure
2(a). Whilst in SCR, the coefficients weight matrix can be
replaced by the following structure:
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Therefore, the connections among neurons are fixed and
reflect a ring structure as illustrated in Figure 2(b). The fixed
structure allows it to be implemented by hardware compo-
nents. Correspondingly, the hardware implementation of the
SCR topology, Rotating Neuron Reservoir is shown in Figure
2(c), they have been proven to be mathematically equivalent
in [13]. The weights in the input matrix are randomly chosen
-1 and 1, and are realized by a randomly chosen positive or
negative signal source. Analogue multiplexers are used to shift
the connections between input-to-reservoir and reservoir-to-
output and delivered the masked input at each time step. The
dynamic neurons are modelled by Leaky-Integrate circuits,

with a diode to act as the ReLU activation function. The
dynamic responses of each neuron at the whole training phase
are collected for training by linear regression. Predictions are
made similarly by simply multiplying the collected response
and the output weight matrix as demonstrated in equation (2)
and (3).

Physical RC has been widely applied in temporal signal
processing, ranging from spoken digits recognition to biomed-
ical signal classification like ECG and EMG [16]–[18]. In our
work, we applied the RNR topology for the ECG to PCG
prediction. The methodology can results will be presented in
the following section.

III. METHODOLOGY AND RESULTS

A. Dataset collection
ECG and PCG data were simultaneously gathered in an

office setting at the University of Glasgow, as depicted in
Figure 3. The ECG data was acquired using the ’Attys’
device, a creation of the University of Glasgow. This ECG
device is linked with three identical electrodes for recording
electrical signals from the left and right elbow, as well as
the inner side of the ankle. Subsequently, the collected data
is transmitted to a laptop via a Bluetooth connection. As for
the PCG data, it was obtained using an optical stethoscope,
positioned approximately 1 meter in front of the test subject.
This optical stethoscope comprises a 532nm laser diode and
a high-speed industrial camera. The laser diode emits a beam
towards the subject’s neck area, while the camera captures
the reflected speckle pattern from the neck. Due to that the
laser speckle movement is highly correlated with the blood
flow movement in the neck blood vessel, a Farneback optical
flow algorithm [19], [20] is then utilized to transform the laser
speckle vibrations into the audio PCG signal.

Fig. 3. Experimental setup of ECG and PCG measurement.

B. Data preprocessing
The ECG and PCG signals were downsampled from 500 Hz

and 1470 Hz to 150 Hz respectively owing to the limitation
of memory capacity in RC [21]. The length of the signals was
shortened to be remembered by the network more easily. After



TABLE I
EXPERIMENTAL RESULTS FOR EACH SUBJECT

Subject No. 1 2 3 4 5 6 7 8 9 10 Average
NRMSE 0.6927 0.6006 0.4704 0.1676 0.1604 0.2120 0.2023 0.5719 0.0647 0.5478 0.3690

the downsampling, the signals are injected into the network di-
rectly without any segmentation and feature extraction, which
is one of the merits of RC.

C. Results of prediction

Included in the dataset, there are 9 repetitions for each of
the 10 subjects. 6 of them were used for training and the
remaining were used for testing. It was simulated in MATLAB
with an electronic circuit built by Simulink. In the simulation,
there are 400 neurons in total and other parameters are kept
in accordance to the emperical value as proposed in [13]. The
prediction error was quantified by NRMSE. An example of
the prediction results for subject 8 is shown in Figure 3. The
NRMSE for subject 5 is 0.1604 and the network is able to
predict the reconstructed PCG from the input ECG data in an
excellent way.

Fig. 4. An example of prediction results. (Top) The input ECG for a time
duration of 6s. (Bottom) The measured PCG and the reconstructed PCG data

A histogram illustrating the distribution of NRMSE for each
subject is shown in Fig 4. The NRMSE for half of the subjects
lies in the interval [0,0.3] and the other half distributes in [0.4,
0.7]. This could be a result of the collection of the dataset. The
difference among the NRMSE for different subjects occurs
because of the recording of the dataset was not recorded under
the exact same conditions. In the future, the impact of varying
data recording conditions for different subjects can be studied
to eliminate the inter-subject variability. Overall, the network
can predict spikes of PCG signals accurately for each subject.
The NRMSE for each subject varies, the highest NRMSE is
0.6927 for subject 1, and the lowest NRMSE is 0.0647 for
subject 9, and their average is 0.3690. The experimental results
for each subject are listed in Table I.

IV. CONCLUSION

This paper proposes a physical reservoir computing-based
method to realize an ECG-to-PCG prediction task. The phys-
ical RC architecture used here is an electronic RNR. The
performance of the prediction was evaluated by NRMSE and

Fig. 5. Histogram for the distribution of NRMSE for each subject.

the lowest NRMSE, highest NRMSE and average NRMSE
for a 10-subjects dataset is 0.0647, 0.6927 and 0.3690 re-
spectively. This result is satisfactory and reflects the ability
of RNR in prediction tasks. This work exhibits the feasibility
of a fully hardware-based RC processor for ECG-to-PCG
prediction which can be potentially applied in the medical
area in the future work.
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