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Abstract— Ventricular arrhythmia (VA) is the most critical
cardiac anomaly among all arrhythmia beats. Thus, it becomes
imperative to predict the occurrence of VA to avoid sudden
casualties caused by these arrhythmia beats. In the past, only
a few hardware designs have been proposed to predict VA using
various features derived from electrocardiogram (ECG) signals
and processed using machine learning classifiers. However, these
designs are either complex or need more prediction accuracy.
Therefore, a deep neural network (DNN)-based co-processor for
arrhythmia prediction is proposed in this article. It can predict
VA at least 15 min before its occurrence with 91.6% accuracy.
Co-processor architecture for arrhythmia prediction (CoAP) uses
an optimal feature vector extracted from the ECG signal and
an optimized DNN, using a novel approximate multiplier (AM).
CoAP operates at 12.5 kHz and consumes 4.69 µW when
implemented using SCL 180-nm bulk CMOS technology. The
low power realization of the proposed design and its higher
accuracy, compared with well-known state-of-the-art methods,
make it suitable for wearable devices.

Index Terms— Arrhythmia, application specific integrated cir-
cuit (ASIC), deep neural network (DNN), electrocardiogram
(ECG), low power.

I. INTRODUCTION

IN THE medical field, wearable devices can connect
doctors, patients, and other parties to understand to

understand changes in conditions, alleviate pain, treat
diseases, and facilitate the collection of a large sample of
case data. This information is helpful for the development
of national epidemiology strategies and preventive medicine.
Wearable devices are used mainly in health and safety
monitoring, chronic disease management, disease diagnosis
and treatment, and rehabilitation. With the rise of mobile
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medicine, the development of new technologies such as smart
sensing and the popularization of personalized health concepts
have developed rapidly in recent years. Among them, medical
wearable devices have become one of the most promising
fields. With wearable technology, medical professionals can
monitor and evaluate patients’ vitals, which can help doctors
better manage patients’ health and safety. It also aids clinicians
in monitoring the compliance of medicines and treatments.
Healthcare has become more efficient and convenient due
to the advancements in wearable technology. It also enables
doctors to connect with their patients via telehealth solutions
and allows them to engage 24 × 7. Thus, wearable devices in
healthcare offer numerous benefits to patients and healthcare
providers. However, there are several hurdles, such as power
consumption, portability, patient safety, secure data delivery,
and integration which inhibit making wearable devices from
a concept to a profitable product.

Cardiovascular diseases (CVDs) are a major cause of mor-
tality globally, accounting for about 17 million casualties
annually [33]. Among the chronic CVDs, malignant ventricu-
lar arrhythmia (VA)—specifically ventricular tachycardia (VT)
and ventricular fibrillation (VF)—are highly prevalent and
responsible for sudden casualties. A VT is characterized by a
rhythm of more than three consecutive beats originating from
the ventricles at a rate exceeding 100 beats/min [1], while
VF is a chaotic activation of ventricles, leading to immediate
cessation of blood circulation and degeneration into a pulseless
or flat ECG signal, indicating no cardiac electrical activity.
VT/VF that lasts more than 30 s can result in hemodynamic
compromise and sudden cardiac fatality [2], underscoring the
criticality of predicting these arrhythmic beats before they
occur.

Wearable healthcare devices incorporating continuous ECG
monitoring and cardiovascular disease detection are at the
forefront of medical consumer electronics. Wearable ECG
devices’ ability to continuously monitor ECG, along with
machine learning algorithms, can aid in the timely diagnosis
of VA events to reduce fatalities. Incorporating prediction
models for VT/VF into wearable healthcare devices represents
a significant leap forward in managing CVDs. This article
proposes a co-processor architecture for arrhythmia prediction
(CoAP) to overcome the shortcomings of the state-of-the-
art methods reported in the literature. The accurate VT/VF
prediction is imperative, and it signifies the need to develop a
co-processor for arrhythmia prediction. The design of CoAP
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TABLE I
COMPARISON OF STATE-OF-THE-ART METHODS FOR ARRHYTHMIA CLASSIFICATION

proposed in this article uses a deep neural network (DNN)
classifier, which is trained to perform the prediction of VA
rather than detecting it.

The proposed design uses an optimal feature extraction
algorithm and DNN-based classifier which reuses the hard-
ware resources and while being capable of operating on
low frequency. This maintains high performance in predicting
VT/VF compared with the contemporary methods making our
design suitable for wearable or consumer electronic healthcare
devices. Incorporating our design as a co-processor in typical
healthcare devices can save lives by predicting potentially fatal
arrhythmic events before they occur.

The rest of this article is organized as follows. Section III
describes the arrhythmia co-processor in detail. The results of
the proposed CoAP are discussed in Section IV. The proposed
future work is presented in Section VI. Finally, the article is
concluded in Section V.

II. PREVIOUS WORKS

A wide range of methods using machine and deep learning
techniques have been developed to detect VA using ECG.
An ECG-based consumer electronic device in the healthcare
domain to detect arrhythmia is proposed [9]. Furthermore,
Chen et al. [3] and Sabor et al. [4] present the algorithms
for detecting five types of arrhythmia which were later imple-
mented using microcontrollers. Although [3] and [4] exhibit
high accuracy, but use computationally complex convolu-
tional neural networks, which are unsuitable for application
specific integrated circuit (ASIC) implementation. Further-
more, Cai et al. [6], Xu et al. [7], Abubakar et al. [8],
Janveja et al. [11], and Zhao et al. [12] use different types of
DNNs for the classification of different types of arrhythmia.
These designs have low area and power requirements but can
only detect the occurrence of arrhythmia and do not predict it.

Furthermore, Sammani et al. [32] and Kolk et al. [34]
present a detailed survey of the latest techniques used for
detection and prediction of cardiac arrhythmia The predic-
tion of VA, particularly VF, is a critical task as it can
lead to mortality within a few minutes of its occurrence.
Therefore, accurately predicting the onset of VT/VF beats
is of paramount importance in avoiding casualties. The main
focus of this study is to predict arrhythmia rather than detect
it. However, the literature reveals only a few methods that
can predict the occurrence of arrhythmic beats before they
happen. Bayasi et al. [14] depict a low-power ASIC using
Naive Bayes, but its accuracy for predicting arrhythmia is
only 86%. Mandala et al. [15] illustrate an algorithm that can
predict the VT/VF 15 min before its occurrence using decision
trees. These two methods have advantages in discriminating
between normal and abnormal conditions. However, [14] has
low accuracy in predicting VT/VF, and [15] needs to be
simplified for the hardware implementation. Furthermore, the
method reported in [16] predicts the occurrence of arrhythmia.
Nevertheless, it uses the data from the occurrence of the
arrhythmia rather than taking ECG beats before the occurrence
of VT for classification, which identifies it as a detection
methodology instead of a prediction. Table I presents the
comparison of the state-of-the-art methodologies mentioned
above, along with their limitations.

III. PROPOSED WORK

A typical wearable system for ECG processing has two
significant operation blocks, as shown in Fig. 1.

The first is the analog front-end responsible for acquiring
the ECG signal from the on-body sensors and converting them
into digital samples. The second block is the co-processor
block responsible for processing the acquired data and further
detecting the abnormalities present in the ECG signal.
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Fig. 1. Typical ECG processing system of a wearable device.

The conventional systems acquire the ECG signals from
the analog front-end and transmit them over a channel for
further analysis. Whereas CoAP is an integrated co-processor
that acquires ECG signals from the sensors, processes them,
and performs ON-chip classification without any external
interaction, as shown in Fig. 1. Such design methodology
immediately alerts an individual, which is essential in critical
conditions. Moreover, processing and classifying the data
locally on a chip reduces the amount of data transmitted
through a data channel, optimizing power consumption.

A. Brief Description of CoAP

CoAP consists of three primary blocks: the ECG feature
extraction, descriptor processing, and classifier block,
as shown in Fig. 1. First, the ECG feature extraction block
is responsible for extracting the fiducial points of ECG. The
raw ECG signal obtained from the ADC is first filtered using
a bandpass filter of band 0.5–40 Hz. In the proposed work,
filtered ECG excerpts of 3-s windows are considered for
processing at a time. Later, the P − Q RS − T waves of ECG
signals are extracted using a novel ECG feature extraction
algorithm, which is also described in our previous work [17].
The second block is the descriptor processor block, which
is responsible for extracting the critical information from the
variation in ECG waves. In the proposed work, the features
required as an input feature vector for the classifier block are
termed as “descriptors.”

Researchers have conducted many studies to discover
various ECG features that could reflect the underlying
VT/VF [18]. Some ECG descriptors have predictive values for
arrhythmic events, such as heart rate variability (HRV), T -peak
T-end (TpTe), and QT wave intervals. Mandala et al. [15] have
used descriptors, such as the mean of Q RS intervals, to detect
VT/VF. They have also used standard and root-mean-square
deviations of Q, S, and R waves to predict the occurrence of
VT/VF using decision trees on the software platform. How-
ever, the complex square root and division operations required
to estimate these descriptors might significantly add to the
hardware utilization of the co-processor. Furthermore, Bayasi
et al. [14] used seven unique sets of interval-based descriptors
to predict the VT/VF, which does not require any complex
mathematical operations. However, to estimate these intervals,
both peaks as well as onset and offsets of P − Q RS − T
waves need to be delineated. Besides, the accuracy obtained

after using these intervals as descriptors is only 86%, which
is less than [15]. Therefore, we propose a novel descriptor
set that balances the tradeoff between accuracy and hardware
resource utilization in this work. This is crucial for enhancing
the robustness and acceptability of the proposed method for
wearable healthcare devices.

These descriptors are fed as input feature vectors to the
final classifier block of the ECG co-processor. In the proposed
work, a DNN is used as a classifier to predict the excerpts
susceptible to VA. The novelties of the proposed design are
summarized as follows.

1) Prediction Over Detection: The co-processor designed
in this study emphasizes prediction over detection. It can
predict the occurrence of VT/VF with significantly
higher accuracy than the current state-of-the-art ASIC
implementations up to 15 min before the onset of these
conditions.

2) Novel Descriptor Set: The classifier block of the
co-processor for arrhythmia prediction uses a unique
descriptor set, which is optimized to achieve maximum
accuracy with low power and area requirements. Better
accuracy is achieved using a novel feature set with
clinical relevance that eliminates the need to extract
the boundaries of P − Q RS − T waves, which is
critical for accurate feature extraction. In addition, the
estimation of mean and variance is optimized using
simple shift operations, further enhancing the efficiency
of the hardware.

3) Optimized Hardware Implementation of Activation
Function: Traditionally, a DNN for two-class classi-
fication uses only one output node with a sigmoid
activation function. However, our work introduces a
novel approach using two output nodes, each with a
sigmoid activation function in the output layer for train-
ing. This approach assists in simplifying the hardware
implementation of the sigmoid function after training
using only a simple comparator.

4) Optimized Multiplier: We propose an optimized mul-
tiplier design that uses operand decomposition and
Mitchell’s algorithm to enable low-power implemen-
tation of pretrained DNN on hardware. Our design
maintains high accuracy while reducing power consump-
tion, making it a promising solution for efficient DNN
hardware implementation.

Sections III-B–III-D presents the architecture of CoAP.

B. ECG Feature Extraction

The architecture of CoAP is broadly divided into two blocks
which are controlled using the main control unit (MCU).
Furthermore, each layer of the DNN is controlled by the
DNN control unit, as shown in Fig. 2. An electrocardiogram
(ECG) excerpt of 3 s, with each sample represented in
16-bit 2’s complement format sampled at a frequency of
250 Hz, is considered at a particular time for processing.
An ECG is a bio-signal, which is used by medical practitioners
all over the world to monitor electrical activity of the heart.
A human heart contains four chambers; two atria and two
ventricles, whose rhythmic depolarization and repolarization
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Fig. 2. Architecture of the proposed co-processor.

is captured with the help of ECG. As we know, an ECG
has three primary features, namely, P wave, Q RS complex,
and T wave, as shown in Fig. 3. Atrial depolarization and
ventricular repolarization is represented by a P wave and
a T wave, respectively. The Q RS wave characterizes rapid
depolarization of the ventricles. Due to the large muscle
mass of ventricles when compared with atria, Q RS complex
has a larger amplitude than the P wave. Any variation in
the standard values of ECG features and derived intervals
aids cardiologists to diagnose cardiac abnormalities. Hence,
accurate and efficient algorithms are required that can process
the acquired ECG signal to extract fiducial points. The features
extracted from an ECG are used individually or in a group for
different analysis and classification of heart abnormalities.

Initially, P − Q RS −T peaks are estimated using our previ-
ously described algorithm [17]. However, architecture for only
peak detection modules is used in this work as shown in Fig. 2.
The feature extraction algorithm is validated using the ECG
excerpts from several datasets available on Physionet [13]. The
ECG feature extraction algorithm exhibits average accuracy of
98.36%, 99.86%, and 99.16% accuracy in delineating P , T ,

and Q RS waves, respectively, which is more or equivalent
to the algorithm proposed in the literature. Moreover, the
proposed ECG feature extraction design is computationally
simple and optimized compared with other state-of-the-art
methods making it resource- and power-efficient. Once the
P − Q RS − T peaks are delineated for a 3-s window, these
peaks are input to the descriptor processing block.

C. Descriptor Processing and Optimization

After a rigorous study of different ECG characteristics asso-
ciated with VT/VF, we developed a novel set of six descriptors,
which considerably help in the prediction of VT/VF. These
descriptors are the mean and variance of RT interval (RT m),
mean of P S intervals (P Sm), mean of the duration of Q RS
complexes, and mean and variance of the index of cardiac
electrophysiological balance (iCEBm and iCEBvar). The defi-
nition of these features is given in Table II. Conventionally,
RT interval, P S interval, Q RS duration, and QT intervals
are the difference between the boundaries of the respective
P − Q RS − T waves. For instance, RT is estimated as the
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TABLE II
DETAILS OF OPTIMIZED DESCRIPTORS

Fig. 3. Optimized ECG intervals.

difference between Q RSon and Toff. However, estimation of
these features requires delineating both peaks and boundaries
of the P − Q RS − T waves. However, estimating the bound-
aries of P − Q RS − T waves is critical due to the varying
morphology of the ECG waves and requires separate modules
for its implementation. This significantly increases resource
utilization. Therefore, in this article, features are optimized by
taking the RT interval as the difference between the R peak
and the T peak (Fig. 3) instead of the boundaries which avoids
the need to incorporate boundary detection modules of ECG
feature extraction algorithm [17]. Other features are optimized
similarly, as shown in Table II.

Furthermore, it was observed that using the interval features
might cause overflow while implementing a DNN on hard-
ware. Thus, the number of bits required to represent data needs
to be increased to get high classification accuracy to accom-
modate the values of estimated features, increasing hardware
resources. Therefore, the features are further optimized by
dividing them with a specific threshold described in Table II
to avoid increasing the number of data bits without reducing
accuracy. Initially, the 16-bit values of P − Q RS − T features
are zero-extended to 32 bits for the intermediate operations.
Later, this is truncated to 16 bits as required.

As evident from Table II, to estimate the descriptors,
we mainly need subtraction, squaring, and division operations.

However, it is observed that a 3-s ECG signal sampled at
250 Hz has four ECG beats at most. Therefore, the number
of peaks, i.e., “n,” is less than or equal to four. Thus, the
summation of every feature needs to be divided by an integer
less than or equal to four to find the mean and variance
of an ECG excerpt. Therefore, the descriptor processor is
implemented using simple case statements, which become
functional as per the number of R peaks. Thus, division by “n”
operation is converted into right shift by 1 or 2, if n is 2 or 4,
respectively. However, if the value of n is 3, then dividing by
three is approximated using the following equation:

div_out = (x ≫ 4 + x ≫ 2 + x ≫ 5). (1)

The complete descriptor block is implemented as an FSM.
In the first state, the difference operations are executed. Once
the difference values of peaks as per the optimized definition
of descriptors are obtained, the summation of these values is
performed in the second state. In the third state, the mean
values are estimated to find Q RSmopt

, RT mopt , P Smopt , and
iCEBmopt . Once the mean values are obtained, these values
are divided by the respective thresholds, as shown in Table II.
As evident from this table, the thresholds are taken so that they
can be implemented using simple right shift operations, which
avoids the need for division operations. Similar computations
are done to find the variance of RT and iCEB, once the mean
of the respective descriptors is estimated.

D. DNN Classifier

A conventional architecture of DNN is as shown in Fig. 4.
The DNN has input layer, hidden layers, and output layer.
Each node of the network is connected to the nodes of the next
layer with some weights. The main control FSM of the DNN
classifier is enabled once the estimated descriptors are fed as
input to the classification block. In this article, we have used
a low-power implementation of a DNN trained on software
using an Intel1 Xeon1 CPU E5-2630 machine.

1Registered trademark.
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Fig. 4. Conventional DNN architecture.

To achieve this, a set of six optimized features are used,
including RT m , P Sm , mean duration of Q RS complexes, and
iCEBm and iCEBvar. The training parameters of the DNN are
carefully selected to optimize the model’s performance. The
activation functions used in DNN are ReLU and sigmoid,
commonly used in deep learning applications. The number
of epochs is determined using early stopping to prevent
overfitting of the model. The Adam optimizer, a computational
and memory-efficient gradient-based optimization algorithm,
is used in the proposed design. The sparse categorical
cross-entropy loss function is used in DNN training. It is
ideal for multiclass classification problems where the classes
are not mutually exclusive, and multiple nodes represent
the output. It calculates the cross-entropy loss between the
predicted and true class probabilities and is particularly useful
when the number of classes is large or unknown. Note that
two output nodes are used instead of one to optimize the
hardware implementation of the trained DNN. The size of
the DNN is set to 32 × 16 × 8 × 2, where each number
represents the number of neurons in the respective layer. This
architecture is chosen after several rounds of experimentation
and testing to balance model complexity and accuracy.

During implementation, each descriptor is represented
in 2’s complement format using 16-bits. It is worth mentioning
that the classification accuracy has no distinct drop after
limiting the bit length of the descriptors to 16 bits, where
10 bits are used to represent the integer part, and 6 bits are
for the fractional part. Furthermore, the weights and biases
are presented in a similar fixed-point format. As the weights
obtained after training are less than 1, the neuron output is
also truncated to 16 bits without reducing accuracy. Overall,
the selected DNN training parameters, and the optimized set
of features, achieve high accuracy, sensitivity, and specificity
in classifying ECG signals into normal and arrhythmia.

1) Operation of DNN Classifier: The operational principle
of the proposed DNN classifier is presented in Fig. 2. Once
the descriptor processing block computes the descriptors, the
top FSM is activated. This further enables the FSM of the
first DNN layer, which reads the input from the descriptor
block and weights of the first neuron. Next, these weights are
sequentially multiplied by the inputs. Once the multiplication

and accumulation (MAC) of weights and input are completed,
a bias is added to the MAC output. Furthermore, this output
is passed through a multiplexer (MUX) of ReLU to obtain
an output of the first neuron. The same procedure is repeated
for all the neurons of a given layer. The output of neurons
acts as input to the second layer, which is fed through a
serial-in parallel-out (SIPO) register. Once the operation of
layer-1 is completed, the top FSM passes the control to the
FSM of the second layer, repeating the same process. The
MAC unit and MUX are reused in successive layers, which
minimizes area and power. In addition, folding the hardware
mentioned above also optimizes leakage power. Furthermore,
VLSI architecture of the proposed DNN classifier is optimized
using a novel low-power multiplier and optimizing the imple-
mentation of activation function used in the output layer which
are explained below.

2) Optimized Multiplier: For low-cost and compact wear-
able devices, power and area are the primary considerations
over speed. Therefore, a parallel architecture of DNN is
unnecessary as it increases leakage power and uses a larger
silicon area. Therefore, as explained above, a single multiplier
and accumulated unit is used in the proposed work, which is
reused by neurons of every layer. In our previous work [11],
we proposed a reduced register sequential multiplier for the
efficient implementation of a MAC unit to optimize the power
requirements of a DNN. However, the sequential operation of
the proposed multiplier requires a higher clock frequency for
real-time operation, which leads to higher power dissipation.
Therefore, in this article, we propose an area and power
optimal approximate multiplier (AM) which is also used in our
previous work [24]. Despite this minimal error introduced in
multiplication due to approximations, the accuracy of DNN is
not affected when compared with the software implementation.
Moreover, using the AM enabled us to maintain low-frequency
operation for real-time processing of CoAP. The architecture
is described in detail below.

In [24], we used an AM based on the Mitchell algorithm,
which approximates the complete product. However, to further
increase the efficiency of the algorithm, we use multiplication
by splitting the multiplier and multiplicand into two parts,
“I ” and “F .” As the “F” part is very small, the error per-
centage in logarithm approximation is smaller when compared
with the error percentage of complete product [24]. The pro-
posed AM uses shifting operations, which reduces hardware
computation costs. The operation and implementation of the
proposed multiplier are described below.

As we know, the product of any number with 2n can
be reduced as a left shift operation (≪n). Therefore,
to calculate the approximate product, binary numbers a =

an−1 an−2 · · · a0 and b = bn−1 bn−2 · · · b0 are first
represented as follows:

a = 2ka(1 − xa) = 2ka
− 2ka xa

b = 2kb(1 − xb) = 2kb
− 2kbxb. (2)

Let 2ka and 2kb be represented as Ai and Bi . Furthermore,
let 2ka xa and 2kbxb be represented as A f and B f , respectively.
Therefore, the product of two binary numbers a and b is
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approximated as follows:

a × b =
(

Ai − A f
)(

Bi − B f
)

= Ai × Bi − A f Bi + A f B f − Ai B f

≊ A × 2kb
+ B × 2ka

− 2ka+kb + xa xb × 2ka+kb . (3)

A × 2kb, B × 2ka , and 2ka+kb are calculated using simple
shift operations, which would not introduce any errors,
whereas xa xb × 2ka+kb is estimated using a modified Mitchell
algorithm proposed in [24].

Several accurate and AMs are proposed in the literature.
However, AMs are widely used for applications where
speed and area are prime considerations. Among all the
available methods of approximate multiplications, Mitchell’s
algorithm [25] is the most simplified approach for integer and
fixed-point multiplication.

Mitchell has proposed an efficient AM [25], which uses
the log multiplication property. It estimates approximate mul-
tiplication by linearly approximating log and antilog values.
First, the approximate characteristic part of log is obtained by
finding the position of the leading one, i.e., the leftmost one
in the binary sequence. Later, the remaining value is used
as an approximate fractional part of the log. Furthermore,
an approximate antilog operation is performed by adding the
two operands, which generates an approximate product.

Let an N bit integer be Y with bits Yn−1, Yn−2, . . . , Y0,
which is represented as Y =

∑N−1
i=0 2i yi . Assuming the leading

one occurs at position K , where (N − 1) <= K <= 0, Y can
be presented as follows without any loss in accuracy:

Y = 2k

(
1 +

k−1∑
i=0

2i−k yi

)
. (4)

Equation (4) is further represented as Y = 2k(1+ x), where
x =

∑k−1
i=0 2i−k yi . Therefore, log2 of Y can be presented as

follows, where K being an integer represents the characteristic
value of log2 and log2(1 + x) is the fractional part:

log2Y = k + log2(1 + x). (5)

As 0 <= x < 1, therefore, the linear approximation
of log2Y can be presented as follows, where function l̃og
represents approximate log2:

l̃og2Y = k + x . (6)

Furthermore, let us assume that there are two N -bits
binary numbers, Y1 and Y2, with leading ones at k1 and k2.
These numbers can be presented as Y1 = 2k1(1 + x1) and
Y2 = 2k2(1 + x2). Therefore, the approximate product (P̃) is
estimated as follows:

l̃og2

(
P̃
)

= k1 + k2 + x1 + x2. (7)

Next, to calculate approximate antilog of (7), 1 is added
to the fractional part (x), which is in range [0, 1) and
is scaled with respect to the characteristic part. Since
0 ≤ (x1, x2) < 1, thus, in this case 0 ≤ x1 + x2 < 2.
Furthermore, the approximate product is decomposed into two
cases. The first case is 0 ≤ x1 + x2 < 1, in which a carry is
not generated from the fractional part to the characteristic part,

Fig. 5. Proposed optimal multiplier.

whereas the second case is 1 ≤ x1 + x2 < 2, in which a carry
is generated to the characteristic part as follows:

P̃ =

{
2k1+k2(x1 + x2 + 1), x1 + x2 < 1
2k1+k2+1(x1 + x2), x1 + x2 ≥ 1.

(8)

This approximation reduces the multiplication operation to
the basic add and shift operations. However, this decomposi-
tion introduces certain errors in the product obtained. Thus,
an efficient error reduction technique is used for a more
accurate multiplication of the weight and bias of a neuron,
which considerably reduces the error of the multiplier. A bias
is calculated by averaging the error across the entire range of
fractional part x , which is added to the approximate product
to improve accuracy. Next, an error E in the approximate
product is estimated by the following equation, where P is
the logarithm product of Y1 and Y2, and P̃ is the approximate
product output by Mitchell’s algorithm:

E = P̃−P

=

{
−2k1+k2(x1x2), x1 + x2 < 1
−2k1+k2(1 + x1x12 − x1 − x2), x1 + x2 ≥ 1.

(9)

Furthermore, the average error (bias) is calculated using the
following equation:

Eavg =
1

(1 − 0)(1 − 0)

∫ 1

0

∫ 1

0
Edx2dx1

=

∫ 1

0

∫ 1−x1

0
−2k1+k2(x1x2)dx2dx1

+

∫ 1

0

∫ 1

1−x1

−2k1+k2(1 + x1x2 − x1 − x2)dx2dx1

= −2k1+k2(0.083333). (10)

Note that the average error (bias) is always negative and
depends on k1 and k2. Bias is shifted and added as per the
position of the leading ones in Y1 and Y2. The implementation
of the proposed multiplier is depicted in Fig. 5. The leading
one finder is optimally implemented in the hardware as a
simple priority encoder to estimate k1 and k2. Furthermore,
the binary numbers can be shifted and rearranged in a fixed
point representation to get respective fractional parts x1 and x2.
Finally, the approximate product is obtained by adding and
shifting x1, x2, k1, and k2 according to (8).
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Fig. 5 presents the architecture of the proposed multiplier.
It was observed that the proposed multiplier reduces the error
in the output by 1.69% when compared with the Mitchell
multiplier. This reduction in error maintains the accuracy
of DNN on a hardware platform when compared with the
software.

3) Optimized Implementation of Activation Function: For
power-restricted wearable applications, the primary consider-
ation for implementation is the simplicity of the hardware.
Therefore, ReLU is chosen as an activation function in the
proposed design because it requires only a simple MUX in
the implementation

ai = ReLU(x) =

{
x, if x ≥ 0
0, if x < 0.

(11)

Furthermore, as we perform two-class classification,
a Sigmoid is used as an activation function for the final output
layer. Conventionally, only a single output node with a sigmoid
activation function is used for a two-class classification using
a DNN. However, in this work, we propose two output nodes
instead of one, each with a sigmoid activation function in
the output layer while training the network. It aids in opti-
mizing the hardware implementation of the neural network,
as explained below.

A sigmoid activation function has an exponent function,
as shown in the following equation:

Sigmoid(x) =
1

1 + ex
. (12)

Hardware implementation of exponential function requires
complex algorithms such as CORDIC or series expansion,
requiring more area and power resources. To optimize the
hardware implementation of the trained neural network, we use
two output nodes during training. Using two output nodes
instead of a single node does not create any classifica-
tion errors. Moreover, it enabled us to replace the sigmoid
activation function by a simple comparator in hardware imple-
mentation of the trained neural network. The comparator
compares the output of two final nodes, and the one with the
maximum value is chosen as the output. Thus, using two nodes
enable us to eliminate the sigmoid function during hardware
implementation, optimizing the area and power considerably.

IV. RESULTS AND DISCUSSIONS

This section presents a detailed discussion of the outcome of
the proposed design and its validation using various testcases.

A. Dataset Description and Evaluation Metrics

For detecting VA, the features extracted from the ECG
segment before the onset of VT/VF is used as training and
test data. It is imperative to predict VA rather than detect it to
save lives. Therefore, analyzing the feature variations in the
ECG segments preceding VA beats is necessary. To incorpo-
rate this methodology, we consider ECG segments from the
MIT-DB dataset [13]. The MIT-BIH arrhythmia database [26]
consists of 48 two-lead ECG recordings, and each is of
half-hour duration and is sampled at 360 Hz. The dataset has

108 655 beats, labeled by expert cardiologists into different
types of arrhythmia as per the American National Standard
(ANSI/AAMI EC57:1998) [27]. The MIT-BIH database has
two ECG lead recordings; modified limb lead II (MLII) and
modified lead (V1). Only MLII is used for ECG classification
because of the prominent Q RS complexes in the proposed
work. Later, ECG data are downsampled to 250 Hz to opti-
mize the number of samples in an ECG segment. Note that
downsampling the data reduces the number of samples per
ECG segment without affecting the overall performance of
the classifier.

Furthermore, there are different approaches to testing an
ECG classifier; the first is a class-oriented approach, in which
the complete data are split into test and training data. Note
that in this approach, ECG beats from the same patient might
or might not be included in both test and training data. This
technique is used when limited data are available for classifier
training. However, a cross-validation technique can be used to
make the classifier robust to the variations in an ECG signal.
The second is the subject-oriented approach, in which patients
are divided into training and test datasets completely blind to
each other. Since, the training data are completely blind to
the test data, a large number of training excerpts are required
for training such kinds of classifier to achieve a high accuracy.
Achieving high accuracy in this case ensures that the classifier
can work well for every individual, making it highly reliable
and robust in real-life applications.

We use both the approaches to validate the performance
of our proposed design in this article. Furthermore, the ECG
records taken from the MIT-DB database are processed in
the following manner. First, the VT/VF beats are identified.
Next, ECG segments of 3 s are considered before this onset
of VT/VF beats. The 3-s windows are extended to different
time intervals, “T .” The data between this “T ” and the onset
of VT/VF beat are considered abnormal (Class A). The data
before this “T ” interval are considered normal (Class N).
Later, these data are divided into two groups: DT1 (75% of
total data), the training set, and DT2 (25% of total data),
the test set for the class-oriented approach. Whereas for
the subject-oriented approach, we consider ECGs of patients
“100,” “113,” “106,” “123,” “232,” “221,” “210,” “111,” “101,”
“222,” “112,” “103,” “102,” “234,” “231,” “121,” “105,” “230,”
and “228” for training and “115,” “116,” “118,” “122,” “124,”
“209,” and “223” for testing from the MIT-BIH dataset.
Analyzing the ECG signal in such a way enabled the classifier
to predict the VT/VF event 15 min (T ) before its occurrence.

B. Performance Investigation

The initial algorithm verification and model optimization
is performed using Python. Furthermore, the complete design
of CoAP is implemented using Verilog-HDL, whose perfor-
mance was tested using several testbenches created using ECG
excerpts. This section first presents the performance metrics
of CoAP. Furthermore, it depicts the outcome of FPGA and
ASIC implementations of CoAP. Next, a detailed description
of the comparison of the proposed design with the contempo-
rary state-of-the-art designs is given. Finally, we summarize
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Fig. 6. t-SNE plots of different layers of DNN. (a) Output of layer 1. (b) Output of layer 2. (c) Output of layer 3. (d) Output of layer 4.

the findings and novelties of the proposed design in this
section.

1) Evaluation Metrics: Among the performance metrics
used for medical diagnosis, sensitivity (Se), specificity (Sp),
precision, and F1 score are the crucial measures of perfor-
mance diagnostics. High sensitivity enables clinicians to rule
out disease, whereas a high specificity identifies a particular
disease in the patients [28]. Therefore, sensitivity (Se) and
specificity (Sp) are used to measure the diagnostic ability of
the classifier in Classes N and V. Furthermore, the accuracy,
precision, and F1 score of CoAP are also calculated to estimate
overall system performance.

The performance of CoAP is tested at different times “T ,”
i.e., from 5 min before the onset to 30 min before the
onset of VA beats. Furthermore, a ten-fold cross-validation
is performed to better estimate the model’s performance
compared with a single train–test split. We observe that
CoAP can predict arrhythmia 15 min before its occurrence
with an average 91.19% accuracy, 94.01% sensitivity, 87.52%
specificity, 90.76% precision, and 0.92 F1 score. Considering
“T ” more than 15 min leads to very low accuracy. Since a
wearable device needs to generate minimal false alarms, DNN
is implemented on hardware and is trained on the dataset taken
15 min before the onset of VA.

The t-distributed stochastic neighbor embedding (t-SNE)
plots are also presented to illustrate the functioning of hidden
nodes. The t-SNE [31] is a nonlinear dimension reduction
method used to visualize high-dimensional data on a lower
dimensional (two–three) space. The outputs of the first,
second, and third hidden layers of the DNN are extracted
from the input vectors. Note that t-SNE is often used as a
dimensionality reduction technique, whereas we use it only as
a data visualization technique in the proposed study. We have

applied t-SNE on the 6-D input vectors and the hidden layers.
Fig. 6 presents the results for Classes N and V. It can be
observed from Fig. 6 that there are no separate clusters for
the feature vectors [Fig. 6(a)]. As we progressively move
forward to the hidden layers [Fig. 6(b) and (c)], the clusters
become visible. However, Classes N and V still have multiple
small clusters for the first two hidden layers. This shows that
nonlinear operations are needed for a complete classification.
However, it becomes evident that in the final layer [Fig. 6(d)],
large clusters of both the classes are clearly visible. This
showcases the discriminative nature of DNN as we move
from the bottom layer to the top layer. The hidden layers have
disentangled the classes from the considered ECG excerpts,
making the final layer representation distinctive.

Furthermore, the proposed model is tested using a subject-
oriented approach as explained in Section IV-A. Our model
achieves an accuracy of 74.64%, sensitivity of 76.34%, speci-
ficity of 71.54%, and F1 score of 0.79. As explained before,
that during the subject oriented approach, a large amount of
training data which will be completely independent of the
test data is required. This approach ensures that the classifier
will be more accurate for the real-world applications as it
can predict arrhythmia with high accuracy for any individual.
Note that even with limited data, our proposed model can
predict the VA events with approximately 75% accuracy
for a highly accurate patient-independent subject-oriented
approach.

2) FPGA Implementation: The proposed architecture is
first implemented on Xilinx Virtex-7 FPGA for functional
verification. Table III presents the resource utilization of the
proposed design. It is observed from Table III that our design
uses 0.69% of total available resources, making it resource-
efficient.
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TABLE III
FPGA RESOURCE UTILIZATION

Fig. 7. Layout photograph of the CoAP architecture and its specifications.

3) ASIC Implementation: CoAP is implemented as an ASIC
using 180-nm Bulk CMOS Technology available with SCL
Chandigarh as shown in Fig. 7. The design is synthesized
using Synopsys DC compiler, and placement and routing are
performed using Synopsys IC compiler. It is observed that the
proposed design, which includes the feature extraction block
and the complete classifier block with all its parameters, can
operate at a minimum frequency of 12.5 kHz to perform beat-
by-beat classification in real-time, consuming 4.69-µW power.
The total power dissipation comprises static and dynamic
power as shown in Fig. 7.

Despite the ability of the proposed architecture to operate at
a higher clock frequency till 1 MHz, it is sufficient to choose
12.5 kHz as an operating frequency to fulfill the low power
requirement.

4) Comparison With State-of-the-Art: Table IV presents a
comparison of our proposed classifier with well-known state-
of-the-art arrhythmia classifiers on the hardware and software
platforms. It is observed from Table IV that CoAP exhibits
lower accuracy than the methods reported in [9], [10], [12]
and [16]. However, the accuracy reported in [9], [10], [12],
and [16] is for the detection of arrhythmia and not the
prediction, and an alert is sent to an individual only when
arrhythmia has occurred.

Nevertheless, our proposed classifier can predict the arrhyth-
mia beats 15 min before their occurrence with an accuracy
of 91.19%. Therefore, the most fair comparison of the pro-
posed work will be with [14] and [15]. It can be observed
from Table IV that the architecture of CoAP has better or
comparable performance compared with [14] and [15], which
also report the prediction of VT/VF over detection. First,
we consider the performance comparison of the proposed
model in predicting the arrhythmia. It can be seen that CoAP

has approximately 6% higher accuracy than [14]. Clinically,
sensitivity and specificity are important for confirming or
excluding disease during screening. Sensitivity is the percent-
age of persons with the disease who are correctly identified by
the test. Specificity is the percentage of persons without the
disease who are correctly excluded by the test. The proposed
work has high sensitivity and specificity which implies that
model has high performance in both accurately detecting the
true positives and rejecting the false negatives. However, [14]
does not report sensitivity and specificity. On the other hand,
CoAP has almost comparable sensitivity to [15], but it is
slightly less specific than the design reported in [15]. This
means that [15] is better in excluding persons without the
disease than the proposed approach. However, the primary
aim of the proposed work is to develop a computationally
simple VLSI architecture which can have good performance
metrics in terms of both accuracy and hardware requirements.
The methodology proposed in [15] is implemented only on
the software platform using complex input feature vectors and
decision trees as a classifier. Although decision tree implemen-
tation is not critical in hardware, the complex input features,
which lead to a slight increase in the sensitivity consid-
ered in [15], require complete ECG feature extraction. These
features also need to find the boundaries of P − Q RS − T
waves. Therefore, the hardware requirements of [15] would
be higher if it is implemented as an ASIC. Therefore, it can
be stated that the proposed design has the highest performance
metrics than the other state-of-the-art methods. Furthermore,
the power requirement of the proposed design is less than [9],
[12] and [16] but more than [10] and [14]. The designs
reported in [10] and [14] are implemented on the lower
technology nodes with less operating voltage. Furthermore,
the design reported in [10] can only detect the arrhythmia
beats, and therefore, it uses simple R peak-based features
for classification, which have lower hardware requirements.
Moreover, the design proposed in [14] uses a Naive Bayes
classifier and interval-based input features. The computation
of these features is easier than the statistical features used
in the proposed work, and therefore, it used a lower power of
2.69 µW which is approximately 2 µW less than the proposed
approach. Therefore, the battery life of the wearable device
will be a little longer than the proposed approach. However,
it should be noted that the accuracy of the design proposed
in [14] is less than CoAP. As it is very crucial for a wearable
device to have as high accuracy as possible because a false
alarm may cause significant panic due to fatal nature of the
proposed disease. Therefore, it is beneficial to trade off battery
life with accuracy. Furthermore, our design is implemented
on 180 nm compared to the 65-nm implementation of [14].
As we know that the dynamic power is directly proportional
to the voltage, it can be anticipated that our proposed design
will have even less power requirement when implemented
on the lower technology node. Therefore, it can be inferred
from Table IV that CoAP is most suitable for low-power
wearable electronics devices in the healthcare domain to
predict arrhythmia as it has higher accuracy and low power
consumption.
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TABLE IV
COMPARISON WITH STATE-OF-THE-ART METHODS

V. CONCLUSION

In this article, a low-power ECG co-processor for predicting
cardiac arrhythmia is proposed, which can predict the occur-
rence of VA and VF 15 min before its occurrence with an
accuracy of 91.19%. The proposed design uses an optimal
feature set and novel DNN classifier architecture, enabling it
to operate at a minimum frequency of 12.5 kHz, consuming
4.69 µW of power. The low power and high classification
performance of CoAP enable it to be used efficiently in
wearable devices in the healthcare domain.

VI. FUTURE WORK

We have trained our models on a selected population
of malignant VAs, not including populations from different
demographic locations, which might affect the generalization
of the proposed method. Due to their lifestyles, the ECG

signal variations may differ in various geographical regions.
A classifier trained on a wide variety of ECG data is antic-
ipated to be more accurate for a generic wearable device,
predicting the VA above 90% accuracy for a subject-oriented
approach. Moreover, we can optimize the feature set more
efficiently with extensive data without compromising perfor-
mance metrics. Furthermore, the proposed methodology can
be improved to predict the VA minimum an hour before
its occurrence. In addition, the circuit and transistor-level
optimization techniques can be explored to make the proposed
implementation more efficient, and the power can be optimized
using low-power techniques such as clock gating and lower
technology nodes.
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