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Abstract—Biomedical Edge computing is an exciting area
of interdisciplinary research involving the Internet of Medical
Things (IoMT) sensors and devices with lightweight Artificial
Intelligence (AI) logic. To address the rapidly growing need for
smart and portable biomedical devices with localized decision-
making capability, we present a proof-of-concept logic-in-sensor
design with an arrhythmia analytics use-case. Existing signal
processing techniques for arrhythmia analytics such as dis-
crete wave transform (DWT) and non-linear delay differential
equation (DDE) lead to high complexity and computational
burden on biomedical edge devices due to expensive pre-
processing steps. As a solution, we propose a deep learning-
based lightweight arrhythmia classification method leveraging
a customized one-dimensional (1-D) convolutional neural net-
work (CNN). A rigorous analysis of the proposed method’s
performances and generalization potential are assessed using
four publicly available datasets.

Index Terms—Internet of things (IoT), arrhythmia, deep
learning, convolutional neural network (CNN), smart sensor.

I. INTRODUCTION

The Internet of Things (IoT) [1] is anticipated to be a

key enabler of the next generation smart society. With the

surge of the IoT for biomedical applications [2] with an

anticipated market value of $500 billion by 2025 [3], the need

for a paradigm shift from the centralized, cloud computing

toward the edge analytics for biomedical devices is rapidly

growing [4]. In this paper, we address this pressing need by

employing a logic-in-sensor concept [5], as depicted in Fig. 1,

to bring localized intelligence to biomedical edge devices.

The contributions of this paper are summarized below.

1) We articulate the innate shortcoming of resource-

constrained sensors in traditional biomedical devices

and reveal the pressing need for a lightweight solution

to move the AI analytics from the cloud to the edge

sensors to facilitate continuous monitoring.

2) We choose the use-case of cardiac arrhythmia among

a diverse set of use-cases. Arrhythmia is a major con-

tributor of cardiovascular diseases [6] which account

for 15–20% of global mortalities [7]. By demonstrat-

ing that the existing signal processing and Artificial

Intelligence (AI) methods (i.e., machine learning) for

analyzing time-series ECG (electrocardiogram) are not
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Fig. 1: The need for paradigm shift from traditional regular

monitors relying on cloud-based medical analytics to biomed-

ical edge devices with logic-in-sensor for localized analytics.

suitable for the resource-constrained edge devices, we

present a one-dimensional (1-D) convolutional neural

network (CNN)-based deep learning model, centrally

trained and then transferred to the AI logic-in-sensor

for arrhythmia classification.

3) Our proposed model can be used to classify heartbeats

employing raw single-lead, and it does not require any

noise-filtering of the ECG signal that makes the system

lightweight and easy to integrate with the ultra-edge

node.

4) Rigorous analysis of our proposed approach is pre-

sented and then corroborated by dataset-based empir-

ical results. The viability of the proposed method is

illustrated as a lightweight solution in an emulated

biomedical edge device with several IoT setups. The

model’s accuracy, precision, F1-score, and particularly

the generalization ability indicate that our approach can

be extended toward other biomedical use-cases.

The rest of the paper is organized as follows. Sec-

tion II concisely overviews the relevant work in the literature

and presents a formal problem formulation. Our proposed

methodology is presented in section III followed by exten-

sive computational analysis and performance evaluation in

section IV to corroborate the theoretical analysis. Concluding

observations are presented in section V.
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II. RELATED WORK AND PROBLEM FORMULATION

In the cloud-based ECG monitoring systems, several tech-

niques are utilized, including feature extraction and classifica-

tion. Discrete Wavelet Transformation (DWT) and Artificial

Neural Network (ANN) were adopted for feature extraction,

and for binary classification of heartbeat (normal or abnor-

mal) are used in [8]. DWT and non-linear delay differential

equations (DDE)-based optimization techniques [9], proposed

in the literature for time-series ECG monitoring task, are

unable to infer the system models in varying heart conditions

adequately. An exhaustive exploration needs to be conducted

to choose the most proper structure for the classification

task using these approaches. Even a simple non-linear DDE

for classifying ECG signals cannot be solved analytically as

shown by the work in [10]. Because the selection of optimal

time-delays and monomials is imperative for building an

effective DDE-based classification system. To select an opti-

mal DDE-based classification model, genetic algorithm was

applied in [11]. In another study [12], sparse decomposition

was employed for efficient feature extraction, and K-Nearest

Neighbor (KNN), Support Vector Machine (SVM), Proba-

bilistic Neural Network, and Radial Basis Function Neural

Network were applied for the classification task. However,

these approaches are impractical in logic-in-sensors due to

their significantly high computational complexity. Further-

more, as shown in Fig. 1, conventional bio-signal monitoring

techniques (e.g., ECG, EEG (electroencephalogram), body

temperature, blood oxygen, and so forth) require an Internet

connection to interact with the servers for medical analytics.

Hence, it consumes increased overhead (i.e., bandwidth and

delay) for continuous biosignal monitoring, particularly when

the number of users is high. Also, cloud-based analytics raises

significant privacy issues regarding the collected health data.

Therefore, the problem, in this paper, is to investigate how to

design an automated, efficient, and lightweight system with

localized intelligence capability and analyze its complexity

to validate its deployment on biomedical edge devices.

III. PROPOSED DEEP LEARNING-BASED LIGHTWEIGHT

ARRHYTHMIA CLASSIFICATION SYSTEM FOR EDGE

DEVICES

In this paper, we consider the use-case of arrhythmia

classification in the edge. Inspired by the recent trend of

AI-driven edge computing in other areas, we explore how

to leverage deep learning as a viable approach [13], [14] for

biomedical edge analytics. As depicted in Fig. 2, we construct

a customized one dimensional CNN model, which does not

demand any manual process for noise-filtering or feature

extraction [15] unlike conventional techniques [16]. The

reason behind using a 1-D CNN as the candidate technique

is due to the notable ability in pattern recognition and the

scalability of the trained model with continuous and large

streams of biosignals from biomedical edge devices. CNN

aggregates the ANN with the back-propagation technique,

simplifying its complexity and decreasing the number of

required parameters. Details of the proposed model’s structure

can be found in the authors’ earlier work in [15]. The

CNN-based deep learning paradigm automatically acquires

unique patterns from the raw single-lead ECG and is able to

deliver precise classification results for the unusual heartbeat

detection. Note that this use-case can be generalized for

various signals obtained from other biomedical edge devices

also. The proposed ECG analysis model received an ECG

signal (X = [x1, x2, . . . xn]) as the input , and outputs a se-

quence of labels presented as Y = [y1, y2, . . . yn]. Here, each

yi represents one of four different ECG heartbeat classes:

{Normal, Supraventricular, Ventricular, Fusion}. Here, every

class label is a part of the input ECG signal, and the output

class labels combinedly resemble the full sequence of the

signal.

Our proposed customized CNN model accepts raw one

lead ECG as input and produces heartbeat classes as output,

determining the standard or unusual heart status. It consists

of two segments: an automated feature extraction (AFE)

module consisting of nlAFE 1-D convolution layers, and

an automated classification (AC) module that processes the

extracted features using nlAC number of fully connected

layer followed by the output layer. Systematic customization

of our model leads us to reduce the filter size in each

successive convolution layer by a factor of λ. Rectified Linear

Unit (ReLU) is employed in the 1-D convolution layers as the

activation function, while the softmax activation function is

utilized in the output layer. A dropout layer is introduced

to avoid data overfitting. After that, the batch normalization

technique is employed to normalize the next layer’s input for

each mini-batch and accelerate the learning/training process.

The proposed model is trained in a centralized compu-

tational platform (e.g., cloud) and then the trained model is

executed or run on the edge devices. A grid search with k-fold

stratified cross-validation for hyper-parameter optimization is

performed in the training phase to determine the optimal

hyper-parameters (i.e., optimizer, and batch size, the number

of epochs). Furthermore, hyper-parameter tuning is conducted

on the number of layers and number of filters used in the

convolution layers. On the other hand, in the inference or

running phase on an edge device, the sensed biomedical data

are locally classified using the trained model.

IV. PERFORMANCE ANALYSIS AND EVALUATION

In this section, we conduct a comprehensive performance

analysis and performance validation of our proposed deep

learning-based lightweight arrhythmia analytics on the edge

IoT device.

A. Complexity Analysis

In this section, we conduct a rigorous analysis of the

complexity and time-cost of our proposed deep learning-

based lightweight bio-signal classification system, with the

ECG monitoring use-case for arrhythmia detection. First, we

analyze the complexity of our proposed model’s training

and inference steps, considering the number of mathematical

operations needed by different modules of the model. The

analysis primarily encompasses the mathematical analysis

of the algorithm complexity in the training and inference

stage through determining the recurrence of mathematical

operations, such as addition (ADD), multiplication (MUL),

and comparisons (COMP). Then, we also conduct the time

complexity analysis of the inference and the training phases

of the proposed model.
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Fig. 2: Our envisioned customized training model for our considered biomedical edge computing use-case.

1) Analysis of the training phase in terms of mathematical

operations: We perform computational overhead analysis

in the training phase by assuming that the proper hyper-

parameters are previously chosen by employing the grid

search technique. In the data preparation (i.e., DP) phase, to

load the training ECG data, the algorithm does not perform

any mathematical operation; hence, we do not consider the

computational overhead of the DP phase in this part of the

analysis. Therefore, we divide the training phase’s complexity

analysis into three different divisions, namely, the required

data-size validation (DSV) step, automated feature extraction

(AFE) step, and the automated classification (AC) step. Thus,

the overall computational complexity is given by:

C(Training) = C(DSV ) + C(AFE ) + C(AC ). (1)

To calculate the complexity of the ECG data-size validation

(DSV) step, we mainly analyze the complexity of the ECG

data validation. If the length of the considered training ECG

trace is len(Xtrain), then the required number of compar-

isons is also len(Xtrain) since the condition will be validated

for each ECG sample.

The computational overhead is determined for the feature

extraction phase of the training procedure. The recurrence

of addition (ADD), multiplication (MUL), and comparisons

(COMP) instructions are considered in the analysis. For

nlAFE number of convolution layers, the number of required

operations can be defined as eqs. 2 and 3.

C(AFEADD) = nlAFE ∗ ξ ∗ (len(xl)/B)

∗((len(kl)∗ len(xl−1))−(len(kl)−η)+1)

− (len(xl−1)− (len(kl)− η)) ∗ zl)),

(2)

C(AFEMUL) = nlAFE ∗ ξ ∗ (len(xl)/B) ∗ (zl

∗((len(kl)∗len(xl−1))−(len(kl)−η)+1))

+ (nlAFE − 1),

(3)

where η, ξ, and B are the striding window value, the number

of epoch, and batch sizes, respectively. xl, kl, and zl denote

the input, kernel, and the number of filters of layer l. Also,

the number of comparisons required for the nlAFE layers in

the AFE phase can be denoted as eq. 4.

C(AFECOMP ) =

nlAFE
∑

l=1

(ξ ∗ (len(xl)/B)

∗ ((zl ∗ len(xl)) + (len(xl)− (zl − 1)))),

(4)

where xl implies the input of the lth layer, zl indicates the

number of filters in the lth layer of the AFE module. For

zl number of filters, the number of comparisons required at

the layer l due to passing the input xl through the activation

function (Ω) is ((zl∗len(xl)). In the sub-sampling layer (i.e.,

max-pooling layer), the number of comparisons needed is

(len(xl)− (zl − 1)).

The extracted features set (Fx) of the AFE module is then

relinquished to the AC module for the classification task. If

the output of the ith layer is γi, the computational complexity

in terms of number of required mathematical operations for

the ith layer can be expressed as (γi ∗Fx)MUL, (γi ∗ (Fx−
1))ADD. Thus, considering the number of fully-connected

layers to be nlAC , the computational complexity of this phase

is given by eqs. 5 and 6.

C(ACADD) =

nlAC
∑

i=1

(γi ∗ (Fx − 1)), (5)

C(ACMUL) =

nlAC
∑

i=1

(γi ∗ Fx). (6)

In terms of the number of comparisons required in the AC

phase, considering nlAC layers, the cumulative comparisons

due to the comparisons as are necessary for computing the

activation functions can be denoted as Eq. 7.

C(ACCOMP ) =

nlAC
∑

i=1

(γi). (7)
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Hence, by substituting the equations into eq. 1, the overall

computational complexity in terms of the number of mathe-

matical operations and comparisons required in the training

phase of the proposed algorithm can be expressed as eq. 8.

C(Training) =



















ADD : C(AFEADD) + C(ACADD)

MUL : C(AFEMUL) + C(ACMUL)

COMP : Xtrain
s + C(AFECOMP )

+ C(ACCOMP ).
(8)

2) Algorithmic Time Complexity Analysis of the Training

Phase: Next, we analyze the algorithmic time complexity of

the training phase. The upper bound of the time complexity

can be determined as the combination of the data prepa-

ration (DP), data-size validation (DSV), automated feature

extraction (AFE), and the automated classification (AC) steps.

Considering the optimal hyper-parameter tuning is performed

a priori, the overall time complexity of the training phase can

be expressed as:

O(Training) = O(DP ) +O(DSV ) +O(AFE) +O(AC).
(9)

Assume that the initialization of the training step involves

constant time, O(1). Considering that there is Xs number of

ECG samples in the training data location, the time cost can

be expressed as O(DP). Hence, the time complexity of the

data preparation step is given by:

O(DP) = 2 ∗O(Xs) ≈ O(Xs). (10)

In the next step, the input vector X is verified by comparing

with a threshold for ECG data size, δ, and if the length of the

validated ECG signal is Xδ
s , then the time complexity can be

expressed as Eq. 11:

O(DSV ) = O(Xδ
s ). (11)

The time complexity of the segment of the training phase

that invokes the proposed 1-D CNN structure can be derived

as the combination of time complexity of AFE and that of

AC modules, defined in eqs. 12 and 13, respectively.

O(AFE ) = O(k ∗

nlAFE
∑

j=1

(Zj ∗ (Xj
s ∗Kj

s)). (12)

Here, k denotes the number of folds in the adopted strat-

ified cross-validation, nlAFE is the number of layers in the

AFE module. Zj , Xj
s , and Kj

s denote the number of filters,

the input size, and the filter size for the jth convolution layer,

respectively. The extracted feature set will then be employed

for the classification task in the AC module. For k number of

folds, the time complexity in the AC phase can be denoted

as eq. 13.

O(AC ) = O(k ∗

nlAC
∑

j=1

(F j
s ∗W j

s ) +N j
b )), (13)

where nlAC is the number of layers in the AC module of the

proposed model, F j
s denotes the size of the features passed as

input to the jth layer, W j
s represents the size of the weights

utilized at each node of the jth layer, and N j
b indicates the

number of nodes in the jth layer.

Lastly, to express the training phase’s overall time

cost/complexity, we can substitute the corresponding values

from eqs. 10, 11, 12, and 13 into eq. 9.

3) Algorithmic Time Complexity Analysis of the Inference

Phase: The inference or running phase is conducted to infer

classes of each testing ECG data employing the pre-trained

model and then evaluating it. Assuming that the number of

test data is Xtest
s and the size of test data after validating the

ECG signal is Xδ
s , the time complexity of the testing phase

can be denoted as follows:

O(Inference) = O(Xδ
s ) +O(X test

s ). (14)

Eq. 14 illustrates that the proposed DL-based model can

generate results in linear time, which indicates that it can be

utilized for lightweight arrhythmia classification on biomed-

ical edge devices.

B. Performance Evaluation

To corroborate the complexity analysis, we empirically

evaluated the performance of the proposed deep learn-

ing model using the MIT-BIH Supraventricular Arrhythmia

database, referred to as DS1 [17], with hyper-parameters

tuning. The ECG signal samples were re-sampled at 257Hz

before passing to the proposed model as input. The exper-

imental results illustrate that, for three convolution layers,

the best performance is achieved with 96.26%, 0.9606, and

0.9604 accuracy, precision, and F1-score, respectively. There-

fore, we conducted further analysis using three convolution

layers in the proposed deep learning-based architecture. Then,

the model was extensively tested using three other public

datasets from MIT-BIH repository, INCART 12-lead Arrhyth-

mia database, and Sudden Cardiac Death Holter database,

referred to as DS2 [18], DS3 [19], and DS4 [20], respec-

tively. Then, our proposed model’s generalization ability was

verified by utilizing each of the four datasets individually for

training and testing purposes using k-fold cross-validation.

Fig. 3 illustrates the results for this phase. The proposed

CNN-based model outperformed the traditional techniques

as it achieves accuracy values of 94.07%, 92.04%, and

95.83% with DS2, DS3, and DS4 used as the test datasets,

respectively, as indicated in Fig. 3a. A similar trend to the

accuracy values is also observed in the case of precision and

F1-Score values as illustrated in Fig. 3b and 3c.

Finally, in Table I, a numerical investigation is carried

out to assess the proposed model’s effectiveness in terms of

execution time required and memory consumption in different

IoT devices and compared the results with the traditional

ML methods (i.e., KNN and RF). The initial experiment was

conducted on a workstation with Intel Core i7, 3.00GHz CPU

with the RAM of 16 GB, powered by Nvidia RTX 2060 GPU.

We approximated the time and memory consumption required

for different edge devices to corroborate the reasonable com-

putational complexity of the proposed model for integration

with the logic-in-sensor. The edge IoT devices considered

for the numerical analysis are Jetson Nano (expressed as

Cortex-A57), Raspberry Pi 4 (defined as Cortex-A72), and

Raspberry Pi 3 Model B+ (Cortex-A53). Table I demonstrates

the proposed model’s lightweight nature since it requires a

considerable amount of lower time and memory in diverse

IoT configurations. While the proposed model outperforms
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TABLE I: Required execution time and memory consumption of the proposed method and traditional ML techniques.

Method Device Time (sec) Memory (%)
Pre-

processing

Feature

extraction

ECG lead

CNN

Core-i7 0.10 1.65

Not required Not required

Single lead

Cortex-A57 0.84 6.63

Cortex A72 1.21 13.27

Cortex-A53 4.04 26.55

RF

Core-i7 0.61 7.01

3-phased

noise filtering

Required
Cortex-A57 6.91 28.04

Cortex A72 7.37 56.08

Cortex-A53 24.57 100.00

KNN

Core-i7 0.56 6.83

3-phased

noise filtering

Required
Cortex-A57 5.15 27.32

Cortex A72 6.72 54.64

Cortex-A53 22.42 100.00
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(a) Accuracy values obtained employing the test-
ing datasets.
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(b) Precision values obtained employing the test-
ing datasets.
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(c) F1-Score obtained employing the testing
datasets.

Fig. 3: Classification efficiency comparison of proposed model with traditional machine learning techniques using DS1 as

the training dataset.

traditional methods in terms of performance and resource

consumption, the notable part is that the proposed technique

can achieve these higher performances without noise-filtering

and manual feature extraction of the ECG. The results reveal

that the model is robust in detecting heartbeats with high

accuracy and lightweight because of using raw single-lead

ECG. Thereby, the experimental results ensure that it is

useful for real-time and efficient ECG analytics under limited

resource conditions without the need for any manual feature

extraction.

V. CONCLUSION

As smart health technologies continue to evolve, there is

a pressing need for incorporating localized decision making

capability into resource-constrained sensors on board various

biomedical devices. In this paper, we addressed this issue by

considering a specific use-case of arrhythmia classification by

automated analysis of ECG and presented a customized one-

dimensional convolutional neural network (1-D CNN) model.

We have compared the proposed method to traditional tech-

niques such as KNN and RF in ECG classification efficiency,

time, and memory requirements. In order to assess the gener-

alization efficacy of the proposed model, the proposed method

is also evaluated on four different publicly open datasets. We

demonstrated the viability of our proposed deep learning-

based logic-in-sensor architecture (in terms of efficiency

and generalizability compared to existing techniques) to be

deployed in resource-constrained sensors in biomedical edge

devices. Therefore, this research’s encouraging outcomes can

be heralded as an innovative start that will inspire sensor

manufacturers to envision installing localized AI intelligence

into the resource-constrained ultra-edge IoT sensors for the

mass-scale, low-cost production of truly smart sensors.
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