INTERNATIONAL JOURNAL ON SMART SENSING AND INTELLIGENT SYSTEMS

Research Article | DOI: 10.2478/ijssis-2026-0004 Issue 1| Vol. 19 (2026)

Squeeze-ICNN architecture for cardiovascular disease
detection using ECG image: training of shape, deep, and
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Premature death rates may be reduced if certain illnesses are identified
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Received for publication as tracking of cardiac patients in the context of CVD prediction. Yet there
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in scenarios where there is a high error rate and uncertain precision.
Thereby, choosing a prediction method that may produce high
accuracy and less errors is essential. This article presents the Squeeze-
improved convolutional neural network (ICNN) model for detecting CVD
via electrocardiogram (ECG) images. During preprocessing, the ECG
image noise is reduced using an improved median filter (IMF). The model
extracts shape, deep, and local Gabor XOR pattern (LGXP) features.
For classification features, SqueezeNet and improved CNN (IMP-CNN)
are combined within a hybrid model architecture (Squeeze-ICNN), with
a Comb SigHyper-Hsine activation function in the classifier. The model
provided experimental results proving accuracy (95.6%), precision
(97.9%), sensitivity (94.9%), specificity (92.2%), and lower false negative
rate (FNR) (56.1%) than conventional models (e.g., convolutional neural
network [CNN], deep neural network [DNN], LSTM, DenseNet). The
study clearly proves the effectiveness and performance of the model to
detect CVD from ECG images.
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Abbreviation Description

AC Accuracy CHS Comb Hyper-Sine
AUC Area Under the Curve CNN Convolutional Neural Network
BGRU Bidirectional Gated Recurrent Unit CvD Cardiovascular Disease
Bi-GRU Bidirectional Gated Recurrent Unit DCNN Deep Convolutional Neural Network
CDC Centers for Disease Control and DCT Discrete Cosine Transform
Prevention DL Deep Learning
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DNN Deep Neural Network

DSR Dynamic Source Routing

ECG Electrocardiogram

EMD Empirical Mode Decomposition

EMG Electromyography

EPS Episodes per Second

ETT Exercise Tolerance Test

FFT Fast Fourier Transform

FN False Negative

FPRs False Positive Rates

ICNN Improved Convolutional Neural
Network

loT Internet of Things

LBP Local Binary Pattern

LGXOR Local Gabor XOR Pattern

LST™M Long Short-Term Memory

LXP Local XOR Pattern

MCC Matthews Correlation Coefficient

NPV Negative Predictive Value

M Myocardial Infarction

ML Machine Learning

NN Neural Network

PSNR Peak Signal-to-Noise Ratio

QRS QRS Complex

R-CNN Region-Based Convolutional Neural
Network

REL Routing by Energy and Link Quality

RelLU Rectified Linear Unit

SSD Single Shoot Detection

SSIM Structural Similarity Index Measure

ST ST Segment

SVM-RFECV Support  Vector Machine with
Recursive Feature Elimination and
Cross-Validation

TL Transfer Learning

VGG Visual Geometry Group

WHO World Health Organization

XOR Exclusive OR

l. Introduction

The World Health Organization (WHQO) reports that
cardiovascular disease (CVD) is the most commonly
occurring long-term iliness. In a similar vein, the
Centers for Disease Control and Prevention (CDC) [1]
pointed out that CVDs caused over 690,882 deaths
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in the United States in 2020. On the other hand, early
detection and accurate diagnoses can greatly reduce
the risk of CVD [13, 22]. Innovative medical research,
aided by information technology, has yielded practi-
cal approaches to address CVD concerns in contem-
porary society [7]. Electrocardiography (ECG), ETT,
Echo, blood tests, and angiography screening are the
instruments that are recommended for cardiac diag-
nostics [14]. The most economical and widely used
diagnostic method for checking cardiac problems
is the ECG [8]. Moreover, it is regarded as a typical
instrument for assessing CVD in individuals residing
in isolated regions [5, 16].

ECG is a common and inexpensive diagnostic
tool that is used to find cardiovascular abnormalities.
Historically, these recordings have been interpreted
by clinicians, but more recently the advent of artificial
intelligence (Al) and deep learning (DL) techniques
have allowed for the automation of ECG interpreta-
tion, strictly for arrhythmia and myocardial infarction
(MI). Many ECGs are still in the format of an image,
which makes converting images into forms that the Al
facility can use to enable faster, consistent, and scal-
able diagnosis [2]. In many other cases, healthcare
providers and medical researchers employ paper-
based ECG images of heart diseases, because a
large amount of ECG recordings are still stored or
shared in paper format, due predominantly to the lim-
itations of clinical function in low resource or remote
settings or countries [12, 20]. The work of manually
reviewing paper-based ECG images appears to be
inefficient, inconsistent across practitioners, and influ-
enced by human error. Digitizing these ECG images
to leverage computer-aided diagnostic (CAD) capa-
bilities is a more reliable, fast, and accurate method
of determining whether cardiovascular conditions
exist [4, 15]. Not only does this reduce variability in
diagnosis, but it increases the speed of clinical work-
flows. Image focusing Al onto CAD can be important
for preventing early deaths from CVD, particularly in
rural or limited healthcare environments. It provides
a sense of urgency to address the issue of imple-
menting an image-based DL framework to review the
paper-based ECG images and potentially harness the
framework as an automated CVD classification sys-
tem where raw ECG signal data may not be availa-
ble. Many methods for automatically identifying CVD
were studied by researchers by utilizing machine
learning (ML) [9, 17, 21] as well as DL methods [10,
19]. Generally, this involved utilizing ECG in a one-
or two-dimensional voltage amplitude information
expressed as time-series data signals [27]. Various
techniques are investigated and vyield significant
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outcomes for classifying ECG signals over time series
[25, 26]. It is essential to use a network of deep neu-
ral network [DNNs] for automated detection of heart
disorders utilizing 12-lead ECG image processing.
Based on mathematical equations and models,
DNNs function similarly to the human brain [3, 18].
The fundamental component of a DNN is the neuron,
which develops through tasks that are repeated and
gains experience through learned information dur-
ing training, exactly as a human brain learns [6, 23].
Making a link among input and output is the primary
objective of training and learning [24]. Following train-
ing, the system can identify the things that it has been
taught to recognize [11]. With this advent, this paper
introduces a new model for CVD detection using DL
strategy. The main key contribution of the proposed
model is summarized as follows:

» First, this study creates a new hybrid DL model
called Squeeze-improved convolutional neural
network (ICNN), which incorporates the light-
weight efficiency of SqueezeNet and the better
learning functionality of an ICNN, which has a new
Comb SigHyper-Hsine, activation function.

» Second, the model combines many features
shape features through improved skeleton hierar-
chy, deep features (ResNet, VGG16, and Incep-
tionv3), and texture features (Local Gabor XOR
Pattern [LGXP]), which overall improves perfor-
mance and classification.

» Third, the proposed method added a new adap-
tive median filtering preprocessing step that
greatly improved ECG image quality, which is
evidenced with its better PSNR (37.804) and SSIM
(0.915) quality scores.

» Fourth, large experimental results show that the
proposed method directly outperforms previous
works in terms of higher precision (97.9%), high-
er accuracy (95.6%), and lower false negative rate
(FNR) (5.1%), while still showing robust generaliza-
tion and robustness with very limited training data.

The proposed model is original because it applies
the image-based ECG analysis to show an orig-
inal process of multilevel feature extraction (texture,
shape, and deep representations) for accurate man-
ifestation of CVD clinical discovery of phenomena
such as ST-elevations and abnormalities represented
by distortions of the QRS waves. Combined with a
new activation function, the discovery process is clin-
ically relevant and stabilized.

This paper is organized as follows. Section I
reviews the literature on the identification of CVD.

Section Il proposes a hybrid identification method
to detect CVD using images of ECG signals. Section
IV presents the outcomes and reviews the Squeeze-
ICNN model, while Section V presents the conclusion
of the paper.

Il. Literature Review

Many previous studies have examined the automated
detection of CVD based on ECG images using DL
and ML methods.

Ali Haider Khan et al. [1] used a DNN, based on
SSD MobileNet v2 to classify four types of heart con-
ditions (MI, arrhythmia, previous MI, and normal).
Their DNN achieved a 98% accuracy on a dataset
of 11,148 annotated 12-lead ECG images, but did
not include generalization for larger, heterogeneous
datasets.

Kaniz Fatema et al. [2] used a hybrid DL method
by combining InceptionV3 and ResNet50 to classify
ECG images into five different types. Their classifi-
cation performance improved, however, they did not
take into account a highly imbalanced dataset and
did not perform complete image preprocessing, only
using some simple image enhancements.

Changling Li et al. [3] introduced DeepECG, an
architecture based on deep convolutional neural net-
work (DCNN) employing Inception-V3 and transfer
learning (TL). Their study provided 51,579 ECG for the
model to classify seven arrhythmias with a balanced
accuracy precision of 98.56%, specificity of 96.75%,
and recall of 95.43%. Although the performance was
acceptable, the need for an extension to incorporate
raw and full 12-lead ECG images for further generali-
zation was required.

Weibo Song [4] employed a Faster R-CNN model
to analyze 2D representations of ECG images to
improve visual diagnosis. They achieved a diagnostic
accuracy of 98.94%, better visualizing the electrical
conduction waveforms from the heart, although there
were gaps in analysis at detailed lead-wise levels for
multiple beats.

Zeynep Hilal Kilimci et al. [5] explored the use of
transformer models (i.e., Swin-Tiny, BEIT and ViT)
for ECG image classification. Their use of vision
transformers was novel, but subsequently provided
promising classifications with high accuracy, preci-
sion, and recall; models with robustness in terms of
characteristics were also required as well as wrested
by hardware limitations which precluded any useful
deployment in practice.

Tariq Sadad et al. [6] proposed a lightweight CNN
with attention modules in their study on ECG image

3



Squeeze-ICNN architecture for cardiovascular detection using ECG image: Shilpa and Priyanka

classification using an architecture based on Internet
of Things (loT) based routing. Their model was able to
classify cardiac anomalies, but further improvement
was needed with the robustness of segmentation and
extraction of features across heterogeneous datasets.
Irin Sherly and Mathivanan [7] created hybrid DCNN
which contained the arithmetic optimization algorithm
(AQA). They merged clinical data with ECG images, and
used Fourier and DCT transforms in the amalgamated
data. Although the system gave improved classification
accuracy, it lacked the ability to scale in real-world appli-
cations, because of limited generality in optimizations.
El-Habibi [8] used a standard CNN that was imple-
mented in TensorFlow and Keras, for automated ECG
image classification. The model produced poor train-
ing accuracy, but also severe overfitting, and little to
no generalization with additional unseen data samples.

Muthukumar et al. [40] outlined a multimodal diag-
nostic framework in their 2025 publication that com-
bines ECG signals and retinal fundus images using
FFT and EMD feature extraction and a neural network
(NN) classifier. Their preliminary study indicated an
overall accuracy of 84% in identifying CVD.

Zhu et al. [41] present a deep residual network with
dual-scale (DDR-Net), combining electrocardiogram
(ECG) and phonocardiogram (PCG) signals into a sin-
gle signal using feature aggregation with SYM-RFECV
for the classification of heartbeats. On the training, a
set of the 2016 PhysioNet/CinC Challenge competi-
tion, the model obtained 91.6% accuracy with a 0.962
AUC, exceeding the single-modality ECG or PCG
models (Table 1).

In conclusion, although previous work has demon-
strated promising results, most of the work suffers

Table 1: Features and challenges on existing works

Author & Preprocessing Feature

year method extraction type

Khan etal.  Not specified Raw ECG images

(1]

Fatema Basic denoising Deep features

etal. [2] (InceptionV3 +

ResNet50)

Lietal. [3] Standard Deep features + TL
augmentation

Song etal. 2D signal Region-based

[4] representation waveform features

Kilimci et al.  Image resizing Vision transformer

5] embeddings

Sadad et al. Basic filtering CNN + attention

[6] features

Sherly & DCT + Fourier Clinical + image

Mathivanan features

[7]

El-Habibi [8] Not specified Deep features

Proposed IMF LGXP + improved

(This Study) skeleton + ResNet/

VGG/inception

Model type Accuracy/ Limitations
precision/F1
DNN (SSD Accuracy: 98% Low scalability to
MobileNet) noisy datasets
Hybrid DL Not specified Dataset imbalance,
limited filtering
DeepECG Precision: Limited raw ECG
(InceptionV3) 98.56% format handling
Faster R-CNN  Accuracy: Incomplete beat/
98.94% lead recognition
Transformer High (exact not Complex, not
models listed) edge-friendly
Lightweight High (not Weak
CNN + loT specified) segmentation,
dataset-dependent
Hybrid CNN +  Higher accuracy ~ Optimization lacks
AOA (est.) generalization
CNN High (train/val Overfitting risk
accuracy)
Hybrid Accuracy: 95.6%  Superior in
(SqueezeNet + Precision: 97.9%  preprocessing,

ICNN)

FNR: 5.1%

hybrid design, and
feature fusion

AOA, arithmetic optimization algorithm; CNN, convolutional neural network; DL, deep learning; DNN, deep
neural network; FNR, false negative rate; ICNN, improved convolutional neural network; IMF, improved
median filter; 10T, Internet of Things; LGXP, local Gabor XOR pattern; SSD, single shoot detection;

TL, transfer learning.
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from challenges associated with improper preproc-
essing, inadequate features, imbalanced datasets
and model overfitting (i.e., memorization). Few models
describe the use of DL with manually applied prese-
lected features or optimizing preprocessing. This study
proposes a framework to overcome these challenges.
We propose a Squeeze-ICNN model that incorporates
adaptive preprocessing (improved median filter [[MF]), a
hybrid method of feature extraction (LGXP + improved
skeleton + ResNet/VGG/Inception), and a custom acti-
vation function. Our comparative results show that our
proposed model had an accuracy of 95.6%, precision
of 97.9%, sensitivity of 94.9%, and an FNR of 5.1%,
indicating improved performance against previously
reported approaches.

lll. Proposed a Squeeze-ICNN
Model of CVD Detection using
ECG Signal Images

ECG signals are frequently utilized for detecting
and diagnosis of CVDs. The automatic detection of
disease using ECG images are in the trending pro-
gress. This work proposes a new hybrid approach,
the Squeeze-ICNN method, for the detection of CVD
from ECG signal images. The three steps for identi-
fying CVDs are as follows: the preprocessing step,
the feature extraction step, and the disease detection
step. The suggested model’s process is explained in
the following manner.

» In the beginning, the input ECG signal image is
preprocessed using an improved median filter-
ing method to enhance the image quality, elimi-
nate noise, and replace each pixel value with the
median value.

» The next step involves extracting features in the
preprocessed image. Here, shape features, deep
features, and the LGXOR patterns are extracted.
Together with the extraction of ResNet, VGG
16, and Inception V3-based deep features, an
improved hierarchy of skeleton features regarding
the shape features has been extracted.

» In the end, the SqueezeNet and improved
CNN (IMP-CNN) model combined to create the
Squeeze-ICNN classification model to catego-
rize CVDs. Additionally, the IMP-CNN model uses
the comb sig Hyper-H-Sine activation function to
reduce the disappearing and exploding gradient
issues. The general design of the suggested strat-
egy for detecting CVD is depicted in Figure 1.

a. Preprocessing by IMF

Preprocessing the incoming ECG images is a crucial
step in improving its quality and efficiency for further
analysis or classification work. An ECG signal image is
typically exposed to many kinds of noise. Applying fil-
ters, like a median or bandpass filter, is helpful in lower-
ing noise and improving the quality of the signal. Let us
assume that the input ECG image is /F°¢. An improved
median filtering technique is used as part of the pre-
processing step to decrease the undesired or irregular
value of pixels variance in an image. The IMF’s step-by-
step procedure is described below.

a.i. Improved median filtering process

A non-linear technique for image processing that
eliminates noise from an ECG signal image is termed
as median filtering [28]. It may replace the median
value that is displayed as a mask, for each posi-
tion’s pixel value. Let f(x,y) be the pixel value of the
input ECG image signal. If the average filtering algo-
rithm and the median filtering algorithm are capable
of adaptively resizing the mask based on the noise
density, then the median filtering performance needs
to be enhanced. An improved median filtering algo-
rithm is developed in the study based on this. The fol-
lowing steps illustrate the enhanced median filtering
procedure.

Step 1: Search center element of the given image,
[ECE (pixel value is denoted as f(x,y)).

Step 2: Adaptively resizing the mask. Here, it
extracts the neighborhood of the image from
fx.y).

Step 3: Compute noise variance of filter (NVF). Eq
(1) is used to compute the noise variation of the
median filtering of an image having zero average
noise in normal distribution. where, o represents
the image variance and n denotes the improved
median filtering mask size, which is taken as 3.

2 (1)

Step 4: Compute mask pixel 1 (MP,) and mask
pixel 2 (MP,) to adaptively resize the mask in
accordance with the noise level of the mask,
and these mask pixels P, and P, are calculated
in Eqgs (2) and (3), respectively. Here, min(x)
indicates the minimum value of the ECG image,



Squeeze-ICNN architecture for cardiovascular detection using ECG image: Shilpa and Priyanka

(e A=

== Improved Median filter
I T L O o e o it e ’,!t
Oy SR R U > SO U A
| NN Bt Yl ol
.............. ‘ s e
K , ccccccccccccc /
| Input ECG image ] l
Feature Extraction
Iﬂﬂm w!’ = Lozal Gabor XORpattam
y 4
lnnlinlnln \_‘4\“‘

AR \ . — Shape Features
it~ T “—\—T )
LT M EI D T qu Featurss

y

1 Classification 1
SqueezeNeat ICNN
>€9<—
v
Output
0- Nommal
1-Absormal

Figure 1: Basic structure of the suggested mechanism for CVD. CVD, cardiovascular disease;
ICNN, improved convolutional neural network.

while max(x) indicates the maximum value of the  Algorithm 1: Improved Median Filtering process

ECG image: Algorithm
_ if Mask Pixel, > 0 and Mask Pixel, < O
MF, = med (x;) - min(x;) @) fixy) = med(input)
else if
MP, = med (x,) - max(x;) () Adaptive Pixel, > 0 and Adaptive Pixel, < 0

flxy) = fxy)
Step 5: Compare each pixel with mask pixels, else if

which is based on Algorithm 1 fix,y) < NVF
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fix,y) = med(input)
else
return the pixel value of f(x,y)

According to the algorithm, the calculation of
adaptive pixel 1 is given in Eq. (4) as well as calculation
of adaptive pixel 2 is expressed in Eq. (5), wherein, x,
indicates the input data, f(x,y) indicates the input ECG
image’s pixel value, and med(input) denotes the ECG
image’s median value:

Adaptive Pixel, = f(x,y)—min(x,) @)

Adaptive Pixel, = f(x,y)—max(x,) (5)

Finally, the outcome of the improved median filter-
ing is represented as /£°¢, which is the preprocessed
data of the given ECG signal image.

b. Feature extraction process

The method of extracting features from preprocessed
ECG images, /5 entails choosing specific informa-
tion or features from images that can be utilized to
illustrate and examine the fundamental trends. In this
work, LGXP features, Shape, as well as Deep fea-
tures are extracted from /ECG.

b.i LGXP F-¢x¢

The Local Gabor pattern and the XOR operation are
combined to create the texture description known
as LGXP [29]. In image processing, Gabor filters are
frequently employed for texture analysis, and bit-wise
operations like XOR are utilized to improve specific
features.

In this proposed model, Gabor filter is initially
applied in the preprocessed ECG image, /5°°. They
perform especially well at capturing data on texture at
various scales and orientation. Then, several Gabor
filters are combined, each with varying sensitivity to
frequencies and orientations, to create a filtration
bank. As a result, a series of filtered images are pro-
duced, each of which highlights a different aspect of
the ECG signal.

For every filtering image, apply a local binary pat-
tern. A texture descriptor called LBP compares the
intensity of the central pixel to that of its neighbors
to encode local patterns. For every pixel, this tech-
nique provides a binary code. The XOR operator is
applied to the binary codes that are acquired from
the LBP. The discriminating data in the encoded

pattern is improved by applying this technique pixel-
by-pixel. Combining the XOR patterns for every single
local region in the image is done to create a feature
vector. The local texture data that the XOR operation
and Gabor filters are able to extract is represented by
this feature vector. Eq. (6) shows the LGXP calcula-
tion between the center (£) and the neighbor (2) pixel
location in the Gabor phase map with orientation ()
and scale (v), wherein / = 1,2,...,P, LXP operator is
represented as ®, Gabor phase is represented as
b, (o) and quantization operator is represented as
Q(e):

LGXP,, =Q(¢4,,(Z.)®4,,(Z)) 6)

The histograms are calculated based on the fea-
ture vectors for the preprocessed image. A con-
densed representation of the texture information is
given by these combined features. To make sure the
feature vectors are not affected by changes in inten-
sity, they are normalized. Thus, the extracted features
of the LGXP are represented as F-&**,

b.ii. Shape feature FSHAPE

Extraction of shape features is an essential part of
image processing as it collects the geometrical prop-
erties of components in an image. In this paper, an
improved hierarchy of skeleton features are extracted
from the />°°. Features are extracted from the skel-
eton representation of the preprocessed image and
these features are organized or analyzed hierarchi-
cally [380]. To enhance the histogram features of the
image, an improved hierarchy of skeleton features is
proposed in the shape features.

b.ii.i. Improved hierarchy of skeleton features

According to the proposed improved hierarchy of
skeleton features, we considered 5 x 5 sub blocks
of images, which is shown in Figure 2. The following
steps are followed in the improved hierarchy of skele-
ton features.

Step 1: Initially, iterate through each pixel in the
image.

Step 2: If the current pixel is the target pixel, pro-
ceed to the next step to evaluate the next point.
Step 3: Count the number of target 8-neighbor
pixels. Here, the modified neighbor pixel is calcu-
lated as per Egs (7)-(14). P,, is represented as the
center pixel, P,,/, indicates the Pixel of the /" row in
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Figure 2: Neighborhood diagram of improved hierarchy of skeleton feature.

the /” column, and np, indicates the neighboring
pixel ( = 1,2,3,4,5,6,7,8):

np, = median (P,,, P, (7)
np, = median (P,,, P.,) ()
np, = median (P,,, P,,) ©)
np, = median (P, P,,) (10)
np, = median (P, P,,) (11)
np, = median (P,,, P,,) (12)
np, = median (P,,, P,) (13)
np, = median (P, P,,) (14)

Step 4: Independently compute the length of lines
formed by the target pixels and its median of the
two neighbors.

Therefore, the histogram shape features from the
preprocessed image is represented as FHAE,

b.iii. Deep features, FPEEP

Deep feature extraction is the process of automati-
cally recognizing and extracting hierarchical feature
representations from images using pretrained DL
models. In this proposed model, pretrained NNs
such as ResNet [31], VGG 16 [32], and Inception V3
[33] model’'s features are extracted from the pre-
processed image. To acquire deep features, feed
the preprocessed image through the selected layers

8

of the pretrained CNN. An image representation in
a high-dimensional feature space is produced by
these layers.

b.iii.i. ResNet

Residual learning is introduced, in which residue
functionalities are learned through the application
of shortcut linkages. This facilitates the training of
extreme DNNs and aids to mitigate the problem of
vanishing gradients. Here, the information can move
directly via the network due to identity shortcut links.
The basic building blocks, known as residual blocks,
have connections that skip. ResNet18, ResNet34,
ResNet50, ResNet101, and ResNet152 are some of
the variations of the network; the number denotes
its depth.

. VGG 16

VGG16 is simple and uniform while highlighting the
network’s depth. It consists of 3 fully connected lay-
ers and 13 convolutional layers, making 16 weighted
layers. It uses 3 x 3 convolution filters, which are tiny
reception fields that are all throughout the architec-
ture. It significantly down-samples using max-pooling
layers.

The inception uses parallel filters of various sizes to
catch features at various scales. There is a parallel
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concatenation of 1 x 1, 3 x 3, and 5 x 5 convolutions
in inception modules. Prior to fully connected layers,
spatial dimensions are reduced using global average
pooling. Normalization in batches is done for quicker
convergence.

Thus, these features capture a high-level rep-
resentation of the image, which is valuable for feature
extraction. The extraction of deep features is repre-
sented as FPFEP, Lastly, the final feature is represented
as F, F=[F'®® F9* FP ] which is extracted
from the preprocessed image:

| 1
““114

ol

\
Aty

a "--.I‘"-"I'.."!'-'.!

When preprocessing has been carried out, ECG
images are passed through ResNet, VGG16, and
InceptionV3 pretrained models with the classification
layers at the end of the models removed. Pretrained
models extract deep features representing various
levels of abstraction. VGG16 captures spatial informa-
tion, ResNet extracts deep residual characteristics,
and InceptionV3 provides multiscale representations
of the ECG images. The extracted features beyond
what comes through a Squeeze-ICNN classifier are
then concatenated with handcrafted features to build
a hybrid input.

c. Classification of CVD using hybrid model

Classifying CVDs using a hybrid model typically
involves combining models to improve the overall
performance. In this proposed work, the Squeeze-
ICNN model is proposed for the classification of
CVDs. The extracted LGXP features, Shape features,
and Deep features are combined (F) and given as the
input to Squeeze-ICNN model, which combines the
SqueezeNet and IMP-CNN models. Thus, the aver-
age of the classification models gives the output of
classifying the CVD as 0 and 1. Here “0” indicates the
normal patient and “1” indicates the abnormal patient,
who is affected with CVD. The process architecture of
the classification models is shown in Figure 3, which
is explained in this section.

c.i. SqueezeNet

The SqueezeNet model [34] is used for classifying
CVD. Similar to numerous other DL models, it is used
to train various data types, encompassing medical
images or other pertinent features linked to CVD.
Utilizing 1 x 1 convolutions, often referred to as
point-by-point convolutions, is done to lower the
network’s parameter number while keeping expres-
sive power is Squeeze Net’s primary feature by
using Fire Modules. SqueezeNet provides a com-
putationally efficient solution that can be deployed
on low-resource devices because of these tiny fil-
ters. The final retrieved features F are fed to the
SqueezeNet model. Convolution layer (conv1) is the
first in SqueezeNet’s design, while convolution layer

Squeeze Net

Extracted
Features, F

Output

Average

K

_[
4[

Improved CNN

Figure 3: Architecture of classification process. CNN, convolutional neural network.



Squeeze-ICNN architecture for cardiovascular detection using ECG image: Shilpa and Priyanka

(conv10) is the last. It contains eight fire modules
in it. Additionally, it carries out max-pooling with a
stride of two following convi, fire4, fire8, and conv10.
Following the fire module, a 50% dropout ratio is uti-
lized. Figure 4 shows the SqueezeNet design.

c.ii. ICNN model

CNNs are a class of DNNs that are particularly effec-
tive in tasks involving images and spatial data. In the
conventional CNN model [35] is included three main
layers namely, Convolutional Layers, Pooling Layers,
and Fully connected Layers. Figure 5 shows the con-
ventional CNN model. Here, the conv. block of CNNs
is the convolutional layer. RelLU is the most common
activation function in CNN. The pooling layer is used
to down-sample the spatial dimensions of the input
volume. Lastly, the fully connected layer follows the
convolutional and pooling layers, which is used for
making the final classification. As per this proposed
work, an IMP-CNN model is proposed to improve
its performance and efficiency. An ICNN model con-
sists of five convolution layers that include the input
layer with batch normalization (BN) and Leaky Rel.U

activation function. The architecture of the proposed
ICNN model consists of five convolution layers, a flat-
ten layer with 0.5 dropout layer, three dense layers
with RelLU activation, and an output layer with the
proposed activation layer, which is shown in Figure 6.

c.ii.i. Convolutional layer

A convolution layer [36] performs a convolution on the
given final feature, F. There are five convolutional layer
blocks with strides 2 and the kernel is (1, 1) involved
in the convolution part. Each convolution block con-
tains the Convolution Layer, Leaky-RelLU Activation
function, and BN. The convolution operation in every
stage contains element-wise multiplication of the filter
with the input feature, F. Let the kernel size be n x m,
which is applied on the input feature F and is denoted
as f.. There are n x m input connections involved in the
CNN layer and their output is calculated as per Eq. (15),
wherein (j,j) indicates the position of the feature map:

Y%
C(Fu,v) = > 2 R()*F,,
=5 1=

(15)
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Figure 4: SqueezeNet model.
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Figure 6: Architecture of ICNN model. ICNN, improved convolutional neural network.

Here, Leaky RelU is the non-linear activation
function, which is used as an extension of the tra-
ditional RelLLU activation function. It is applied to
the resultant features obtained by the convolution
layer.

c.ii.ii. Pooling layer

The convolution layer’'s output that passed into the
pooling layer generates the feature map. The pool-
ing layer [36] applies the subsampling on the feature

11
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map. A pooling layer offers a standard downsampling
procedure that lowers the feature maps’ in-plane
dimensions to create a translation invariance to
slight shifts and distortions and decrease the num-
ber of subsequently trainable parameters. The filter
size, stride, and padding in pooling operations are
the hyperparameters, similar to those in convolution
operations, but it is significant that none of the pool-
ing layers are equipped with learnable parameters.
Averaging pooling produces the average of the val-
ues obtained from overlapped kernel areas and the
input image, whereas maximal pooling produces the
maximum value. Translational invariance of this max
pooling is dependent on the filter size. Let us con-
sider F to be the input and m to be the kernel size of
the /" value. Eq. (16) provides the computation of the
maximum pooling output:

k<4l < ok en) (16

M(F/) = maX{FHk,iH

Rich information from each neuron in the preceding
layer (the Flatten Layer) is gathered by a fully con-
nected layer. In the proposed work, three Dense
Layers with RelLU activation Fully connected layers are
included. And the Last layer is the Dense Layer with
updated Activation function, which is the output layer.

A Comb SigHyper-Hsine activation function is pro-
posed in the Last layer of ICNN. It is the combination
of SigHyper [37] and comb-H-sine [38] (CHS) activa-
tion function to enhance the classification process.
Eqg. (17) shows the comb-H-sine activation function
derivatives, where the value of g is taken as 0.5.
Eqg. (18) shows the proposed comb sigHyper-Hsine
activation function.

CHS = sinh(x)+sinh™ ( Bx) 17

comb sigHyper — H sine
e’ (2+e")-1

1, [ ef(2+e)

2 e +e +e +1

+sinh(Bx)+sinh™ (ﬁx)J

1, 2" +e° -1
2 le"+e  +e2 41

+sinh(Bx)+ sinh™ (ﬂx)]
(18)

Finally, both the ICNN and SqueezeNet models
are averaged together to get the output of the pro-
posed model. The output of the classification is either
in “0” or “1” as normal or abnormal patients.
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d. Architectural comparison with AlexNet

The Squeeze-ICNN model proposed is structurally
and functionally different from AlexNet. It uses the Fire
modules of SqueezeNet that provides the same rep-
resentation with efficiency in the number of parameters
and uses a Comb SigHyper-Hsine activation function
instead of RelLU to improve the stability of the gradi-
ent at a minimum. Adopting a more programmable
approach, Squeeze-ICNN’s model is designed to have
multiple branches with fusion of deep, shape, and tex-
ture features as well as the use of dropout and BN,;
resulting in a lighter, more robust model suitable for
classification of ECG images with limited datasets.

The proposed architecture is designed to tackle
the challenges of ECG image noise and limited data.
A motion, EMG, and powerline noise-based adap-
tive median filter was employed to suppress low-to-
moderate amplitude noise while preserving possi-
ble waveform details. We used a hybrid architecture
blending the lightweight Fire modules of SqueezeNet
with an IMP-CNN that allowed for efficient feature
extraction with robust learning; the IMP-CNN uses a
customized activation function that enhanced gradi-
ent flow to the classifier block with the small training
ECG datasets, all while keeping the model slim and
deployable.

IV. Results and Discussion
a. Simulation procedure

The proposed CVD detection using ECG signal
images were implemented in PYTHON, especially
version “3.7.” The computational tasks were car-
ried out on an “AMD Ryzen 5 3450U processor with
Radeon Vega Mobile Gfx, operating at 2.10 GHz,” and
with a total installed RAM of “16.0 GB.” In addition,
the assessment of the performance of CVD detection
using ECG signal images was executed by utilizing
the ECG Images dataset of Cardiac Patients [39].

a.i. Handling dataset class imbalance

To address the moderate class imbalance noted in
the ECG dataset (i.e., 284 normal vs 172 history of
M), a few design choices were made to lessen the
performance bias:

The proposed Squeeze-ICNN architecture con-
tains multiple distinctions from traditional archi-
tectures (LGXP, shape, and deep features), which
enhances the representation of the minority class in
the feature space.
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The combination SigHyper-Hsine activation func-
tion provides stability for learning and allows for bet-
ter gradient flow, which extends generalization over
under-represented classes. While model training, the
class-weighted loss function was used to penalize
the misclassification of minority classes more heavily.

Lastly, stratified sampling was applied to the train-
ing/testing splits so that class proportion is preserved
and allows for balanced learning.

These methods together contribute to the high
sensitivity of 94.9% (and 5.1% FNR), suggesting per-
formance was learned effectively across classes,
despite the class imbalance.

a.ii. Enhancing generalizability with
limited ECG data

While the proposed model is built on a small sample of
928 images of ECGs [39], various means were put in
place to improve generalizability and limit overfitting. TL
with pretrained models (ResNet, VGG16, InceptionV3),
hybrid feature fusion (deep, shape, and texture fea-
tures), and adaptive preprocessing by means of an
IMF that enhances signal quality (PSNR = 37.8) were
utilized. Dropout, BN, and a custom activation func-
tion (Comb SigHyper-Hsine) aided the model during
training to counter and stabilize learning based on low
data. Low variance was noticed in learning across
folds of 6 =0.028 in learning and the model’s pre-
dictions scored well in performance metrics including
95.6% accuracy, 97.9% precision, and 5.1% FNR, indi-
cating that the model is making somewhat stable, and
reproducible predictions with limited sample size.

The proposed model is not a standard case of
overfitting with multiple mitigating strategies in place.
First, all dropout layers, BN, and early stopping were
regularly used in this training and thus served as regu-
larizers. Second, TL from pretrained models (ResNet,
VGG, Inception) limited our liability of overfitting to
small data sets. Third, the model was evaluated using
stratified data splits and multiple evaluation metrics.
On the seven folds of validation conducted here, the
amount of variance from fold to fold in accuracy was
low o =0.028. The model consistently produced
high precision (97.9%) and low FNR (5.1%), providing
strong evidence for the maintenance of generality
outside of the training set.

a.iii. Handling ECG artifacts and ensuring
model robustness

There are a number of interference sources of ECG
such as powerline interference, muscular (EMG)

activity, as well as motion artifacts within the ECG sig-
nal. To combat this interference, the model employed
in this study used an IMF to selectively remove noise
by adaptively responding to the noise in the local
region. It is effective against not only high-frequency
noise (e.g., EMG) and low-frequency fit artifacts (e.g.
motion, AC), which result in deterring noise removal
from ECG signals. Subsequently the cleaned ECG
images achieved PSNR of 37.804 and SSIM of 0.915.
Based on these metrics, the cleaned ECG is of sig-
nificant higher quality and cleaner feature input from
which to classify. Due to the improvements, the
model exhibits solid results and the robustness of the
model allows to make predictions on other noisy ECG
data-sets with some level of generality.

a.iv. Testing methodology and dataset
disjointness

The performance of the model was evaluated using
a disjoint training and testing setup to ensure fair
and unbiased evaluation. The convenience dataset
of 928 ECG images was split using a stratified 80:20
train-test split while maintaining the proportions of
each class. There was no overlap between the train-
ing and testing samples, due to complete disjointed-
ness. Moreover, to evaluate consistency, the model
was evaluated in repeated runs using different ran-
dom-seed, with accuracy, precision, F1-score, and
FNR performance metrics reported based on the
average performance. This approach will demon-
strate that the results of the model is due to actual
generalization and not overfitting to the training data.

b. Dataset description

A set of ECG images from individuals with cardiac
conditions has been compiled at the “Ch. Pervaiz
Elahi Institute of Cardiology in Multan, Pakistan.” The
primary aim of this initiative is to support the scien-
tific community in guiding study related to CVDs. The
dataset comprises a total of 928 ECG images, which
include Normal Person ECG Images (284), ECG
Images of Ml Patients (239), ECG Images of Patient
that have abnormal heartbeat (233), and ECG Images
of Patient that have History of Ml (172). Furthermore,
sample ECG images are depicted in Figure 7.

c. Performance analysis

The proposed model’s performance is assessed on sev-
eral performance metrics including accuracy, precision,
recall (sensitivity), F1-score, specificity, and FNR. While
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Figure 7: Sample images (A) Normal person ECG images (B) ECG images of Ml patients (C) ECG
images of patient that have abnormal heartbeat (D) ECG images of patient that have history of

MI. MI, myocardial infarction.

all of these performance metrics are not only standard,
they are highly relevant for medical diagnosis applica-
tion, where not just a correctly detected case (sensitiv-
ity), but especially the ability to minimize missed cases
(low FNR), is important. For example, the model attained
an accuracy of 95.6%, which indicates that the overall
performance is reliable. However, the model’s precision
of 97.9% is of particular importance because it demon-
strates that it avoided false positives — a particularly
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useful metric for avoiding undesirable follow-ups. The
low FN of 51%, and sensitivity of 94.9% indicates that
the model is good at detecting actual CVD cases, while
minimizing a miss rate of potentially affected people,
which specifically addresses a significant limitation
presented by many other systems. The proposed sys-
tem also demonstrated improved detection reliability
to the extent of both the CNN (FNR = 19.0%) and DNN
(FNR = 21.5%) failing to detect numerous likely cases of



CVD, particularly among the minority classes. The val-
ues that the proposed model calculated contribute in
technical detail to the manuscript by demonstrating that
the model is not only accurate, but also clinically relia-
ble and applicable in a real-world sense to ECG-based

CVD screening.
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d. Preprocessing analysis

Figure 8 depicts the identification of CVDs using
ECG signal images, utilizing diverse filtering methods,
including Improved Median, Gaussian, Mean, Wiener,
and Conventional Median Filtering.
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Figure 8: Images for CVD detection using ECG signal (A) Original images, (B) Gaussian filtering,
(C) Mean filtering, (D) Wiener filtering, (E) Conventional median filtering, and (F) Improved median
filtering. CVD, cardiovascular disease.
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d.i. PSNR and SSIM analysis

PSNR is a metric measuring the quality of a recon-
structed signal by comparing it to the original sig-
nal, considering the ratio of the extreme possible
signal rate to the mean squared error. SSIM, a met-
ric assessing the structural similarity between two
images, considers luminance, contrast, and struc-
ture, providing an index within the range of =1 to 1. In
Table 2, the analysis of PSNR and SSIM for Improved
Median Filtering is presented, comparing its perfor-
mance with Mean filter, Gaussian filter, Wiener filter,
and Conventional Median Filter. Furthermore, achiev-
ing higher PSNR and SSIM value is desirable for effi-
cacious performance of CVD detection. Generally, the
PSNR of the IMF is notably high at 37.804, while the
traditional methods scored least PSNR values, nota-
bly, Mean Filter = 23.586, Gaussian Filter = 22.136,
Weiner Filer =19.997, and Conventional Median
Filter = 30.656, respectively. Likewise, the Improved
Median Filtering demonstrates the highest SSIM
value at 0.915, while conventional filtering models
exhibit comparatively lower SSIM ratings.

e. Comparative assessment on
positive metric

The Squeeze-ICNN model represents a noteworthy
progression in the domain of medical image investiga-
tion, precisely for the detection of CVDs through ECG
signal images. In order to assess its effectiveness,
a comprehensive analysis comparing various met-
rics with established models such as LSTM, DCNN,
Bi-GRU, SqueezeNet, DenseNet, DNN [1], and CNN
[8] is imperative. One crucial aspect of this evaluation
is the consideration of positive metric values, which
play a pivotal role in determining the model’s ability
to accurately detect instances of CVD. As we delve

Table 2: Analysis on PSNR and SSIM

Methods PSNR SSIM
Mean filter 23.586 0.770
Gaussian filter 22.136 0.707
Weiner filter 19.997 0.696
Conventional median filter 30.656 0.877
IMF 37.804 0.915

IMF, improved median filter.
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into the analysis, the focus will be on elucidating how
the Squeeze-ICNN model outperforms its counter-
parts, showcasing higher positive metric values as a
testament to its efficacy in accurately identifying and
classifying cardiovascular abnormalities in ECG signal
images. Figure 9 visually represents the results of our
comparison, showing the detailed differences in per-
formance among the various models. Here, for the
training data 90%, the SqueezeNet and DenseNet
achieved detection accuracies exceeding 90%, yet
the Squeeze-ICNN scheme outperformed them with
a remarkable 95% detection accuracy. Likewise, the
Squeeze-ICNN approach consistently demonstrated
superior performance, surpassing 92% detection
accuracy at the 70%, 80%, and 90% training data.

The accuracy improvement with increased data
availability (92%-95.6% at 90% training) is consist-
ent with the expected learning behavior in which the
model can generalize better with more labeled data.
The increase in accuracy through learning is argu-
ably more important because the model escaped
from potential overfitting by applying dropout, BN,
and early stopping. Overall, the variance is suffi-
ciently low across the multiple random train-test splits
(o =0.028), suggesting that the increase in accuracy
is due to learning, and not due to bias, and the model
is simply learning features from more diverse train-
ing samples. These results suggest that the perfor-
mance improvement are gains in true learning and
not overfitting.

Additionally, the Squeeze-ICNN scheme exhib-
its a sensitivity of 0.923 with a training data of 70%.
By contrast, traditional schemes, such as LSTM
(0.730), DCNN (0.813), Bi-GRU (0.781), SqueezeNet
(0.861), DenseNet (0.827), DNN [1] (0.762), and CNN
[8] (0.800), yielded lower sensitivity values, under-
scoring the superior sensitivity of the Squeeze-ICNN
approach. Moreover, the Squeeze-ICNN scheme
attains the greatest precision and specificity, with
rates of 0.978 and 0.922, respectively. These values
markedly exceed those attained through traditional
methodologies. The significant outcomes noticed
in the positive measure estimation highlight the effi-
cacy of the Squeeze-ICNN method in identifying CVD
through the analysis of ECG signal images. This suc-
cess is credited to the sophisticated detection strat-
egy and enhancements applied in the preprocessing,
feature extraction, and classification procedures.

In terms of clinical cardiology, it is essential to
make a correct diagnosis in order to provide ade-
quate early management and intervention in the
treatment of CVD, such as Ml and arrhythmias. High
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Figure 9: Comparative analysis on positive metrics for Squeeze-ICNN and traditional schemes.
CNN, convolutional neural network; DCNN, deep convolutional neural network; DNN, deep
neural network; ICNN, improved convolutional neural network.

sensitivity (0.923) in the Squeeze-ICNN model allows
for unintended zero missed cases of those containing
true abnormal cardiac condition. If a real abnormal
cardiac condition was missed, there could be severe
life-threatening complications when left untreated. In
a similar fashion, high precision value (0.978) means
the model does not have a high false alarm rate and
therefore avoids wasted clinical follow-ups. More
importantly, this value aligns with actual practice,
since ECG chart interpretation becomes an impor-
tant differentiating factor when diagnosing patients

in acute care with time constraints. The promis-
ing outcomes of DL when interpreting ECG images
is not new, as described in previous studies such
as DeepECG by Changling Li et al. [3], which also
revealed better performance detections of arrhyth-
mias using similar DCNN-based architectures.

They simulated its performance against the
standard CNN and SqueezeNet models. The
results presented in Table 3 demonstrate that
ICNN was able to achieve greater accuracy and
sensitivity as compared with the baseline CNN.
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Table 3: Comparative assessment on positive metric

Model Accuracy (%) Precision (%)  Recall/sensitivity (%) F1-score (%)
CNN (baseline) 88.0 86.5 84.3 85.4
ICNN (proposed) 91.2 92.4 90.1 91.2
SqueezeNet 90.6 91.1 89.3 90.2
Squeeze-ICNN 94.4 97.9 94.9 96.4

CNN, convolutional neural network; ICNN, improved convolutional neural network.

This demonstrates that the proposed additions
to the architecture, in combination with the pro-
posed activation function, were able to learn more
effectively from the ECG patterns. Moreover, the
Squeeze-ICNN model, which was an integration
of SqueezeNet and ICNN, achieved the highest
F1 score and precision in diagnostic performance
across all tested models, even compared with the
baseline model, SqueezeNet.

f. Comparative assessment on
negative metric

Figure 10 illustrates the assessment of negative met-
rics for the Squeeze-ICNN method in comparison
to other models such as LSTM, DCNN, Bi-GRU,
SqueezeNet, DenseNet, DNN [1], and CNN [8], for
the detection of CVD using ECG signal images.
Lowering the negative metric value is crucial for
improving the effectiveness of disease detection.
Upon thorough examination of all the graphs, it is
obvious that the Squeeze-ICNN method consistently
achieved the least negative metric values across all
training data, highlighting its superior performance
in CVD detection. Primarily, with a training data of
90%, the Squeeze-ICNN method exhibited an FPR
of 0.062. In comparison, LSTM, DCNN, SqueezeNet,
DenseNet, DNN [1], and CNN [8] achieved the low-
est FPRs of 0.095, 0.190, 0.102, 0.108, 0.142, and
0.190, respectively. Moreover, the FNR of the
Squeeze-ICNN scheme spans from 0.113 to 0.039,
demonstrating a significantly lower value compared
with conventional strategies. Consequently, the
Squeeze-ICNN scheme has exceeded the perfor-
mance of previously utilized schemes, yielding more
satisfactory negative metric ratings. This fascinating
indication highlights its outstanding ability in accom-
plishing efficient detection of CVD through the analy-
sis of ECG signal images.
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g. Comparative assessment on
other metrics

The comparative assessment of the Squeeze-ICNN
method is contrasted with LSTM, DCNN, Bi-GRU,
SqueezeNet, DenseNet, DNN [1], and CNN [8] con-
cerning other metrics for the detection of CVD using
ECG signal images, as depicted in Figure 11. Primarily,
the goal is to maximize the values of the other met-
rics for the effective detection of CVD. In particular,
at a training data of 60%, the Squeeze-ICNN scheme
achieves an F-measure of 0.919, surpassing the
F-measures of other models, namely LSTM (0.826),
DCNN (0.807), Bi-GRU (0.844), SqueezeNet (0.871),
DenseNet (0.847), DNN [1] (0.821), and CNN [g]
(0.822), respectively. Furthermore, training data = 90,
the Squeeze-ICNN scheme achieves MCC and NPV
rates of 0.874 and 0.869, respectively. By contrast,
LSTM, DCNN, Bi-GRU, SqueezeNet, DenseNet, DNN
[1], and CNN [8] obtained the lowest ratings for both
MCC and NPV. Certainly, this serves as clear evi-
dence that the Squeeze-ICNN methodology excels
in the detection of CVD. This achievement is made
possible through the implementation of an enhanced
preprocessing technique utilizing median filtering,
coupled with a hybrid classification method and an
improved hierarchy of skeleton feature-based feature
extraction.

h. Ablation study on Squeeze-ICNN

A thorough investigation was systematically con-
ducted through ablation to estimate the effect of
the Squeeze-ICNN approach. This detailed process
explores a complete sympathetic of the detailed
improvements these elements brought to the com-
plete success of the Squeeze-ICNN method. Table 4
displays the ablation assessment performed on the
Squeeze-ICNN  framework, including the model



INTERNATIONAL JOURNAL ON SMART SENSING AND INTELLIGENT SYSTEMS

%
Training Data(’)

BIGRU DerseNet

& LsTm ONN = Squeeze-ICNN
@ DCNN - SqueezsNet - ONN

(b)

Figure 10: Comparative analysis on negative metrics for Squeeze-ICNN and traditional schemes.
CNN, convolutional neural network; DCNN, deep convolutional neural network; DNN, deep
neural network; ICNN, improved convolutional neural network.

with traditional preprocessing, the model inte-
grating a conventional skeleton hierarchy, and the
model amalgamating SqueezeNet with conventional
CNN for CVD detection using ECG signal images.
Furthermore, the precision of the Squeeze-ICNN
approach is 0.979, whereas the model with con-
ventional preprocessing attains a precision of 0.785,
the model with a conventional hierarchy of skele-
ton attains 0.788, and SqueezeNet + conventional
CNN demonstrates a precision of 0.836. Likewise,
the FNR for Squeeze-ICNN method is 0.051, while
the model with conventional preprocessing, the
model with a conventional hierarchy of skeleton, and
SqueezeNet + conventional CNN exhibit FNRs of
0.215, 0.212, and 0.164, correspondingly. Additionally,
the proposed Squeeze-ICNN models demonstrate
superior performance compared with employing
models with conventional preprocessing techniques,
SqueezeNet + Conventional CNN, and model with
conventional hierarchy of skeleton.

i. Statistical evaluation on accuracy

To ensure the precision in results, every method
undergoes a thorough statistical assessment, involv-
ing a scrupulous inspection of key statistical metrics
like “Maximum, Minimum, Mean, Standard Deviation,
and Median.” Table 5 describes the statistical anal-
ysis comparing the Squeeze-ICNN method with
LSTM, DCNN, Bi-GRU, SqueezeNet, DenseNet,

DNN [1], and CNN [8] for the detection of CVD using
ECG signal images. In terms of the median statisti-
cal metric, the Squeeze-ICNN scheme demonstrates
an accuracy of 0.934. This outperforms conven-
tional methods, with accuracy scores as follows:

LSTM=0.785, DCNN=0.834, Bi-GRU=0.797,
SqueezeNet = 0.868, DenseNet = 0.829, DNN
[11=0.808, and CNN [8]=0.801, respectively.

Moreover, when considering the maximum statistical
measure, the Squeeze-ICNN system accomplished
a higher accuracy value of 0.956. Meanwhile, LSTM,
DCNN, Bi-GRU, SqueezeNet, DenseNet, DNN [1],
and CNN [8] yielded lower accuracy ratings.

j- Limitations and future scope for
cross-dataset validation

The present evaluation was conducted on a single
dataset, but the model architecture is intended to
generalize to new data because of the feature fusion,
custom activation function, and regularization meth-
ods. The model showed consistent performance
across multiple randomized train-test splits, and
was low variance—indicating good generalization.
However, a completely new and external dataset was
not used in this study, and therefore, we are aware of
this. Future work will validate the model on publicly
available ECG image datasets, to assess its robust-
ness and generalizability across different patient pop-
ulations and acquisition settings.
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Figure 11: Comparative analysis on other metrics for Squeeze-ICNN and traditional schemes.
CNN, convolutional neural network; DCNN, deep convolutional neural network; DNN, deep
neural network; ICNN, improved convolutional neural network.

k. Comparative discussion: Strengths
and limitations

While there are benefits to approaching the construc-
tion of model and classifier on the EPS framework,
several challenges remain. To confirm, the present
evaluation has relied on a singular dataset, and the
need for external validation with other ECG data-
sets will facilitate the further understanding of utility
and generalizability regarding the use of clinical ECG
data. The model, while relatively lightweight when
compared with deeper CNN'’s, will require real-time
deployment and testing on edge devices in future
works. The introduction of real-world variabilities and
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noise types from multiple sources will further improve
clinical feasibility (Table 6).

V. Conclusion

This work proposed a Squeeze-ICNN model for CVD
using ECG image. In the preprocessing step, the
noise in the provided input ECG image was elimi-
nated using an IMF. The preprocessed filtered image
was used to extract shape features, deep features,
and LGXP. From the filtered preprocessed image, an
improved Hierarchy of Skeleton form features was
retrieved to improve the histogram features. The pre-
trained NN models ResNet, VGG 16, and Inception
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Table 4: Ablation assessment on Squeeze-ICNN, model with conventional
preprocessing, model with conventional hierarchy of skeleton, and

SqueezeNet + Conventional CNN

Metrics  Model with conventional Squeeze-
preprocessing ICNN
Sensitivity 0.785 0.949
F-measure 0.785 0.964
Accuracy 0.851 0.944
FPR 0.127 0.078
Specificity 0.873 0.922
FNR 0.215 0.051
NPV 0.873 0.830
Precision 0.785 0.979
MCC 0.741 0.839

Model with conventional
hierarchy of skeleton

SqueezeNet +
conventional CNN

0.836 0.788
0.836 0.788
0.908 0.852
0.068 0.126
0.932 0.874
0.164 0.212
0.932 0.874
0.836 0.788
0.788 0.745

CNN, convolutional neural network; FNR, false negative rate; ICNN, improved convolutional neural network.

Table 5: Statistical assessment on accuracy

Statistical LSTM DCNN SqueezeNet CNN
metrics [8]
Mean 0.796 0.810 0.864 0.798
Minimum 0.755 0.734 0.816 0.750
Standard 0.042 0.044 0.032 0.032
deviation

Median 0.785 0.834 0.868 0.801
Maximum 0.860 0.839 0.903 0.839

DenseNet Bi-GRU DNN Squeeze-ICNN

(1]
0.841 0.802 0.806 0.926
0.785 0.774 0.747 0.882
0.049 0.026 0.045 0.028
0.829 0.797 0.808 0.934
0.919 0.839 0.860 0.956

CNN, convolutional neural network; DCNN, deep convolutional neural network; DNN, deep neural network;

ICNN, improved convolutional neural network.

V3 based features were extracted from the deep
features. Lastly, the Squeeze-ICNN model, a hybrid
model that incorporates the SqueezeNet and IMP-
CNN models, was used to classify CVDs. As a result,
the averaged classification model classifies the out-
put of the suggested model as 0 or 1. Additionally,
the proposed model’s performance was compared
with that of the conventional models with regard to
metrics like sensitivity, accuracy, FPR, and MCC.

To effectively train the proposed Squeeze-ICNN
model, a set of hyperparameters, including learning
rate (0.001), batch size (32), dropout (0.5), and acti-
vation (Comb SigHyper-H-Sine), were finalized in
advance. The model was then trained with Adam for
100 epochs. To aid in the interpretability of the model,
shape analysis was performed to examine the feature

contribution on the extracted features. The analysis
discovered that deep features (from ResNet, VGG16),
shapes features, and LGXP features were found to
have considerable importance on the classification
predictions, which allowed full transparency into the
model’s decision-making process.

The results demonstrate that the standalone
ICNN model had significant improvements compared
with standard CNNs, and further benefiting from the
incorporation of SqueezeNet in order to receive bet-
ter classification accuracy, sensitivity, and F1-score.

Going forward, we will focus on testing the pro-
posed model on publicly available ECG datasets to
examine the robustness, generalizability, and clinical
applicability across multiple acquisition settings and
diverse populations.
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Table 6: Comparative overview of the proposed method vs existing studies

Study/ Preprocessing Feature Model used Accuracy Key Limitations
year technique type (%) advantages
Khan Not specified Raw ECG MobileNet- 92 Lightweight Limited
etal [1] Images pased DNN architecture generalization, no
hybrid features
Fatema Basic filtering Deep InceptionV3 + ~90 Combined Imbalanced
et al. [2] features ResNet50 model dataset, minimal
(CNN) improved filtering
feature learning
Lietal [3] Dataaugmentation TL DeepECG 91-93 Pretrained on  Dataset-specific
(inceptionV3) large ECG architecture
datasets
Sadad Basic filtering CNN + Lightweight 89-91 loT LLacked
et al. [6] attention CNN compatible, multi-feature
efficient fusion
Proposed IMF Hybrid: SqueezeNet + 95.6 Low FNR Limited
(This Deep + ICNN (6.1%), robust  dataset, needs
Study) LGXP + features, cross-validation
shape compact size

CNN, convolutional neural network; DNN, deep neural network; FNR, false negative rate; ICNN, improved
convolutional neural network; loT, Internet of Things; IMF, improved median filter; LGXP, local Gabor XOR

pattern; TL, transfer learning.
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