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Abstract—With the COVID-19 pandemic, it has become
necessary to monitor cardiac activities, not only for heart
patients but for everyone. However, the traditional way to use
heavy machines which are non-portable, intrusive, to check
the electrocardiography (ECG) is not possible for everyone.
As an alternative, there are sensors that can collect mag-
netocardiography (MCG) signals by measuring the magnetic
field produced by the electrical currents in the heart and can
be converted into ECG signals. The sensor for MCG is very
sensitive, consume low power, portable, and can be a good
alternative to check cardiac activities. But the challenging part
of these sensors would be the noise at the low frequencies
because the heart also oscillates at the low frequencies. As the
relevant signal and noise share the same spectral properties,
standard linear filtering techniques are not efficient. In this
paper, we propose a physical reservoir computing technique
using a circuit that can act as a reservoir and a lightweight
machine learning model. The output is modeled to reduce the
noise and extract the ECG signals out of the MCG ones.

Index Terms—Reservoir computing, smart health, Internet
of things (IoT), noise, medical analytic, ECG, MCG.

I. INTRODUCTION

Living in a world powered by the Internet of Things (IoT),

we can do almost everything with a push of a button, or

in some cases, it just does automatically. As an example,

the smartwatches can track how many steps you have

walked and sometimes the smartwatches can also monitor

the stress levels. There are so many great advancements

in technologies in various fields. However, with all the

developments in all the sectors, there is still a lot of research

that needs to be done to find the best way to monitor the

human heart signals rather than going to hospitals and using

the traditional electrocardiogram (ECG) machines. With the

ongoing COVID-19 (coronavirus disease of 2019) [1]–[3]

and its variants, regular check-up on cardiac activity has

become more important than ever and going to hospitals

is not an option for everyone. Nobody knows how many

COVID-19 variants will be there so we need to be prepared.

Not just because of the COVID-19, according to [4], car-

diovascular diseases are considered as the leading cause of

death worldwide, which results in approximately 31% of all

global deaths; however, the risk can be eliminated/mitigated

if it is detected and diagnosed with a timely treatment.

There are some applications on the smart phones and also

some devices which can be connected with the smart phones

to measure the ECG signals, however, these are not accurate

compared to the clinical-grade ECG machines in the hos-

pitals. So, as an alternative to measuring the ECG signals,

there are sensors that can measure the magnetocardiography

(MCG) signals by measuring the magnetic fields produced

by the electrical currents generated by the heart. This was

demonstrated by an earlier work done by Fujiwara et al. [5]

using a spintronic magnetic tunnel junction (MTJ) sensor.

The sensors like MTJ are portable, consume low power,

and can be used while doing daily activities. However, it

does have a major challenge which is the noise at low

frequencies. As the heart also oscillates at low frequency,

filtering out the noise and monitoring cardiac irregularities

is a major challenge of using the MCG sensors. To tackle

this challenge, in this paper, we propose a circuit that can

act as a reservoir for reservoir computing (RC) and with

machine learning models, the output of the circuit can be

modeled to reduce the noise of the MCG signal and convert

it to an ECG signal which can be used later on to detect

cardiac diseases such as arrhythmia [6]–[10].

The remainder of this paper is organized as follows.

Section II presents the related work. Section III presents

the problem formulation. Section IV shows how a chaotic

circuit can be a reservoir for reservoir computing. Section V

presents the proposed method to tackle the challenges. Sec-

tion VI presents the performance evaluation of the proposed

method. Section VII concludes the paper.

II. RELATED WORK

The challenging part of using an MCG sensor such as

MTJ is how to remove the low-frequency noise. In this vein,

an earlier research work done by Mohsen et al. [11] used AI-

based noise filtering which consists of a convolutional neural

network (CNN) along with gated recurrent units (GRU) to

reduce the noise. This method uses a recurrent neural net-

work (RNN) where the recurrent process gives an excellent

performance and reduces the noise of the signal by ten times

compared to the moving average filter [11]. However, these

deep learning modules need extensive training time.

On the other hand, a continuation to the work done by

Mohsen et al., a research done by Sakib et al. [12] used a

Reservoir Computing (RC) technique based on Echo State

Network (ESN) to reduce the noise of the MCG signals. The

paper demonstrated computer-based simulations with the

effectiveness of its methods. It shows a promising solution

to the problem with a faster training time compared to the

deep learning method but the inference time of the process

is similar to the deep learning method done by Mohsen et

al., which can be a negative factor in order to use it in

real-time scenarios.
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III. PROBLEM FORMULATION

The ECG is the electrical signal generated by the heart

which shows the heart rate and rhythm. This signal can often

be used to detect any heart diseases, abnormal heart rhythms

that may cause heart failure [7]. With the increasing cases

of COVID-19 and its new variants, checking up on ECG

is becoming essential. However, to get the clinical-grade

ECG signal, one has to go to the hospital which is not an

option for a large number of people. As an alternative to the

traditional way, a new technique that measures the magnetic

field produced by the electrical activity of the heart known as

MCG has come into the highlight. The sensor that measures

an MCG signal can be a portable, low energy consuming

device that can be fused on-chip with other logic circuits

and connect to the IoT devices as well.

The MTJ sensor is one of the sensors that can efficiently

measure the MCG. MTJ is a tri-layer sandwich that consists

of two layers of ferromagnetic metals separated by an

ultra-thin insulating film (0.7–1.6 nanometers). Due to the

ultra-thin insulating layer, an electron can tunnel from one

ferromagnet into the other creating a magnetoresistive effect

known as tunnel magneto-resistance. It is an ultra-sensitive

sensor that is capable of sensing the human heart as well as

brain signals [5]. Due to its high sensitivity, it also senses

noises that come from the heart itself. As the noise and

the target signal oscillates in the same low-frequency band,

removing the noise becomes another challenge for using

these MTJ sensors. The linear time-invariant filter which is

traditionally used for removing noise for a signal like MCG

cannot separate cardiac activity noise with considerable effi-

ciency. The deep learning method by Mohsen et al. [11] and

the RC-based ESN method by Sakib et al. [12], both showed

a considerable decrease in the noise, however, the training

and testing time on both of the methods is high which is a

drawback for practical deployment. Therefore, as a solution

to these problems, in this paper, we investigate how a circuit

which acts as a reservoir and a simple machine learning

module can effectively reduce the noise with minimal time

to train and test.

IV. CIRCUIT AS A RESERVOIR

A. Reservoir Computing

Reservoir Computing (RC) is considered to be the new

and promising technique derived from Recurrent Neural

Network (RNN) to be used for a time-series prediction. It

was introduced by Lukosevicius and Jaeger et al in [13] and

has attracted many researchers. As shown in Fig. 1, the RC

mainly consists of three parts: the input, the reservoir, and

the readout layer (output from the reservoir). The readout

layer is the only layer that needs to be trained whereas both

the input and the reservoir layers weights are randomly

fixed. This is the main difference between an RC and an

RNN as in RNN every layer needs to be trained which takes

a lot of time.

In RC, the inputs are fed into the reservoir, where it is

mapped into its higher-dimensional space. Then the state

of the reservoir is mapped into the desired output using a

simple machine learning model such as ridge regression. The

Fig. 1: Reservoir computing architecture.

reservoir can be anything. It can be any kind of a dynamical

system such as a silicon photonic chip [14], a neuromorphic

atomic switch networks [15], or even a bucket of water [16].

As long as it can be perturbed by the input and its output

can be observed, anything can be a reservoir. So keeping

that in mind, in this paper, we use a chaotic circuit as a

reservoir.

B. Chaotic Circuit as a Reservoir

The circuit that exhibits chaotic behavior is a chaotic cir-

cuit. The chaotic behavior must be a non-periodic oscillator

or an oscillating waveform that never repeats. The chaotic

behavior makes a chaotic circuit dynamically rich and a

unique set of time-varying output that never repeats makes

a chaotic circuit a good choice for a reservoir.

There are many chaotic circuits that can be used as a

reservoir. The one that we have chosen for this research is

known as the Lindberg–Murali–Tamasevicius circuit (LMT

circuit) which is introduced by Lindberg et al. [17]. The

LMT circuit is one of the simplest non-autonomous cir-

cuits with a single transistor. The circuit is called a non-

autonomous circuit as it contains a voltage source that

produces a sine wave (a time-varying input) as shown in

Fig. 2. The circuit consists of a sinusoidal source, two

capacitors, two resistors, and a transistor (2N2222A), which

makes it one of the simplest non-autonomous circuits.

Chaos sets in when the circuit drifts out of synchro-

nization, i.e., if two circuits are coupled which are not

in harmony. Chua circuit [18] is one of the examples

of that type of chaos whereas this non-autonomous LMT

circuit solely reports on the disturbance of the charging and

discharging of the capacitor.

Fig. 2: LMT circuit.
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Fig. 3: The base voltage and the current flowing through the transistor vs. time.

Fig. 4: Output of the circuit showing the chaotic behavior.

C. How does the circuit work?

The transistors can be forward-biased as well as reverse-

biased depending on the base-emitter voltage. So, when

the base-emitter voltage reaches about 0.65V , the transistor

turns on (forward-biased), which makes the current flow

through the transistor.

From Fig. 3, we can see when the base voltage (in blue

color) reaches about 0.65V there is a large positive spike

of current flow (in red color) and this is followed by a

large negative spike which is due to the discharging of

the capacitor (or reverse-biased of the transistor). As the

capacitor discharges, the voltage at the base goes down again

and as the capacitor charges and discharges, the voltage will

sometimes reach the 0.65V mark and then does the same

thing. Hence, in short, the forward and the reverse-biasing

of the transistor fights to charge the capacitor which makes

this circuit chaotic.

The chaos is between the base voltage and the input

voltage and can be seen in Fig. 4 using simulation tools.

V. PROPOSED METHOD

The LMT circuit is one of the simplest non-autonomous

chaotic circuits. It consists of only few components which

makes its implementation an easy task. In reality, the

circuit has a variable sinusoidal voltage source but for

the simulation purposes, it has a total of three voltage

sources, a variable DC (direct current) source, a sinusoidal

source, and another source that will multiply the first two

sources. For simplicity, the maximum and the minimum

values of the DC source are 1V and 0V, respectively, and the

sinusoidal voltage source has an amplitude of 3V with 10

kHz frequency. As we change the DC source, the amplitude

of the input changes accordingly giving out a unique output

for every value of the DC source that does not repeat. The

output of the circuit is the voltage at the base of the transistor

which is a time-series data recorded at the same interval

of time for every input. It is very important to make sure

every point is recorded at the same interval of time since

the circuit starts running, otherwise, the data would not be

comparable. The LMT circuit contains 2 capacitors and they

could be charged from the previous runs so the circuit should

be reset for every run as well.

The main input for the circuit is the variable DC source

and this source corresponds to the detected MCG signal. But

the MCG signals are in the range of 10−6 so it needs to be

normalized in the range of the DC source, i.e., from 0 to

1. This can be done by the following simple normalization

formula:

z =
x−min

max−min
, (1)

where z is the normalized MCG, x is the detected MCG,

and max and min are the maximum and minimum of the

whole set of detected MCG values.

After normalization, the MCG values would be the main

input to the circuit. Then for every value, the circuit will run

for a certain time, recording points at fixed intervals for all

the inputs and resetting after every input. In the end, every

normalized MCG value will have a set of unique time-series

data which are called features. A similar process was done

by Jensen et al. [19] in which a chua circuit [18] was used as
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a reservoir to predict the 7th-degree polynomial on a certain

range.

The training and testing data are generated separately.

Then by training a simple machine learning model, the

features are mapped into their corresponding ECG values.

The simple machine learning model we used in this paper is

known as ridge regression or L2 regularization. The reason

we selected this model is because it reduces the overfitting

problem while predicting and is widely adopted within the

RC community. The Ridge Regression loss function is given

by:

L =
∑

(y − ŷ)2 + α
∑

m2, (2)

where
∑

(y − ŷ)2 is the sum of squared residuals (SSR),

y is the true value, ŷ is the predicted value, α
∑

m2 is

the penalty term, α is the control parameter, and m is a

coefficient.

The control parameter α must be chosen carefully because

its optimal value will change with a slight variance in

the data whereas the coefficient ‘m’ shows how much a

feature contributes to predicting the actual output. The ridge

regression simply aims to minimize the loss function as

much as possible with the given parameters.

Subsequently, the prediction score and the root mean

square error (RMSE) are calculated which show the model’s

performance in predicting the true values. The general idea

of the whole method is shown in Fig. 5.

VI. PERFORMANCE EVALUATION

In this section, we evaluate the performance of our

proposed circuit reservoir and compare it with the moving

average (MA) method. We have two major performance

indicators, the prediction score which is also known as the

R2 score, and the root mean square error (RMSE). These

two will give us a strong understanding of the effectiveness

of the proposed approach.

A. Data Preparation

For simplicity, we pre-run the circuit with input from 0

to 1 with 1000 steps, resetting on every input. Then we

compare it with the normalized MCG signal and get the

features for all the MCG values which will save time and

computational cost. Here, to compare, the normalized MCG

signals are rounded up to 3 decimal places according to the

input of the circuit.

The simulation software used to simulate the LMT circuit

has a small limitation. While recording the output data, we

could only specify a maximum time step instead of a mini-

mum time step which means that the software automatically

chooses the time step as long as it’s below the specified

maximum time step. Because of this flaw, the software will

record the high number of data points where the output is

changing and fewer data points where the output is stable.

But for our research work, we need to record points at same

time for every input. To overcome this problem, we had to

specify a very small value for the maximum step size so

that every time the circuit runs, the data points are recorded

at the same time.

Doing this will create a huge number of data points. For

the maximum time step size that we choose, a single input

will have about 500000 data points and these data points are

the features of the input which are the MCG values. This

amount of data points are a lot for a single input so we

select the number of features according to our needs. For

example, if we want 1000 features, then we select every

500th point and similarly, if we want 500 features, then we

select every 1000th point.

For performance comparison, we used the same data

preparation methods as our previous work [11] and [12]. The

MCG and ECG cycles were synthesized from the available

open PTB Diagnostic Database [20], [21]. The ECG data

are up-sampled to 1020 points without the padded zeros,

corresponding to a sampling frequency of 2000 Hz. Then

the ECG cycle is added to randomly numerically generated

1/f noise to generate MCG cycles. We generated 10 MCG

cycles with different noises for each of the ECG cycles.

As in our previous work [11] and [12], the MCG signal

is split into smaller segments, each with sample size n. The

sample size we have chosen is 20 and the size of the features

to be 101 which makes 2020 features (20*101) for each

ECG data point.

We generated 50 sets of ECG cycles and their correspond-

ing 10 MCG cycles with a total of 500 MCG cycles for

training the model. With the sample size and the features,

the final training data size is 500000 rows by 2020 columns.

B. Results and Discussion

The simulations are conducted multiple times, and the

average is used as the result of this research work. Like-

wise, whenever possible, we have compared our research

work with previous works. For training and testing the

proposed model, we used ridge regression analysis. Fig. 6

demonstrates the filtering of the 1/f noise in the MCG

signal by the traditional moving average (MA) method and

our proposed RC circuit approach. We can notice that the

predicted ECG from the RC circuit model is very close to the

original ECG cycle and successfully identifies the essential

features of the ECG signals.

For testing the model, we generated 50 separate sets of

ECG cycles with their corresponding MCG cycles and the

same rest of the process. Then the average of the 50 tests

is shown as the results. Fig. 7(a) shows the average RMSE

error for the proposed RC circuit model and the MA method.

As shown, the RC circuit model has considerably less RMSE

error (about 0.03) than the traditional moving average (MA)

method (more than 0.06).

Another strong performance indicator for both models is

the prediction score (also known as the R2 score). This score

is calculated using the following formula.

R = 1−

∑
(true value− predicted value)2
∑

(true value− true value)2
. (3)

Fig. 7(b) shows the average prediction score of both

methods for 50 sets of test data set. Note that the RC

circuit’s average prediction score is significantly higher than

the MA method which shows the RC circuit method is good

at predicting the output without overfitting the data.
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Fig. 5: Flow diagram of the proposed method.

Fig. 6: Performance evaluation demonstrating the original

ECG cycle, synthetic noisy MCG cycle used as input,

comparison between traditional MA method and proposed

RC circuit method. The curves are vertically shifted for

clarity.

As a result, the RC circuit method has lower RMSE score

and higher prediction score and on top of that, it has very

little training and inference time which is due the use of

ridge regression analysis. The training part is done with the

whole set of training data. The whole set which is 500 sets

of MCG cycles with 2020 features, takes 7.73 seconds to

train. Then training time per cycle would be 7.37/500 and is

equal to 0.0155 seconds on average. Similarly, the average

test/inference time to predict the output from the features

for an MCG cycle is 0.008652 seconds. This can be seen

in Fig. 8 which is significantly less compared to the other

methods, specifically, the ESN-based RC with 10, 30, 50,

and 70 reservoir units [12] while the deep learning [11]

method takes more than 20 seconds to train per cycle (not

shown in the figure for clarity).

The residual plot is also considered to be an important

plot for validating how well the model is predicting the

output. There is no regression model that can give 100%
accurate prediction to our problem. There is always some

randomness and unpredictability in every regression model

and this can be explained as:

Prediction = Deterministic+ Stochastic. (4)

The regression model tries to capture the deterministic

part, however, the stochastic part of the data is completely

random. Hence, the residuals should follow a normal distri-

bution to be a good regression model [22].

The residual plot is simply a scatter plot between residuals

(true output - predicted output) and predicted output. An ex-

(a) Comparison of RMSE scores. (b) Comparison of prediction
scores.

Fig. 7: Performance evaluation of the RC circuit and MA

methods.
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Fig. 8: Average inference and training time (per cycle) for

RC circuit, ESN-based RC with 10, 30, 50 and 70 reservoir

units.

ample of a good residual plot with the normal distribution is

shown in Fig. 9. Whereas Fig. 10 shows one of the residual

plots from the testing part of our ridge regression model.

Comparing with the good residual plot, the distribution is

densely populated near the origin of the y-axis but it also

has a little skewed distribution. This means that the ridge

regression is capturing most of the deterministic part of the

data but there is still some that need to be captured and with

more training data it might give better performance.

Hence, we showed 4 performance indicators (prediction

score, RMSE score, average time taken, and residual plot)

of the model and each indicator showed that the proposed

model is accurate, fast, and suitable for our implementation

in ECG monitoring devices based on MCG signals.
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Fig. 9: Example of a good residual plot.

Fig. 10: Residual plot from the testing part.

VII. CONCLUSION

The highly sensitive sensors like MTJ have tremendous

potential but are challenged by the low-frequency noises

which interfere with the target signal. In this paper, we

addressed this problem and proposed a reservoir computing

(RC) circuit that can tackle this challenge. Through the

simulations, we demonstrated that the RC circuit model

is significantly accurate with much lower training and in-

ference times. The accuracy of the RC circuit method is

comparable with other methods like moving average, deep

learning, or ESN-based RC methods, whereas the training

and inference time is significantly reduced. The simulation-

based results are encouraging and can be a proof of concept

for the physical reservoir computing implementation. The

chaotic circuit used in this paper is a simple one and can

be implemented easily.
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