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Abstract

Medical Image diagnosis has dramatically improved during recent years. It can be a comparatively easy task to
identify and diagnose chest X-ray (CXR) images however, the difficulty of the images sometimes provides
inappropriate diagnosis. Subsequently, the achievement of deep learning (DL) in numerous industries, it has also
confirmed outcomes in the form of superior accuracies for medical imaging. CXR image has a moderately
inexpensive and available analytical tool, which must be supported in the analysis of different conditions,
comprising COVID-19, pneumonia, tuberculosis, and others. Nevertheless, the necessity for practiced
radiologists to evaluate and interpret CXR images should be a bottleneck, particularly in remote and deprived
fields. New developments in machine learning (ML) are accomplished potential the automatic diagnosis of CXR
images. This article develops a new Sparrow Search Algorithm with Deep Transfer Learning-based Medical X-
ray Image Classification (SSADTL-MIC) technique, which is an innovative framework to increase the efficiency
and accuracy of medical X-ray image classification. Leveraging the powerful EfficientNet as a feature extractor,
the model ensures optimal representation learning from X-ray images, capturing intricate patterns and features
critical for accurate diagnosis. The Sparrow Search Algorithm (SSA) is employed for hyperparameter tuning,
utilizing the algorithm's optimization capabilities to fine-tune the model parameters and achieve superior
performance. The proposed SSADTL-MIC technique introduces a novel approach by incorporating Long Short-
Term Memory (LSTM) networks for the final classification stage. Through extensive experimentation, the

SSADTL-MIC technique demonstrates superior performance compared to traditional systems.

Keywords: Chest X-Ray; Medical Image Classification; Deep Learning; Hyperparameter Tuning; Computer-
Aided Diagnosis

1. Introduction

The Medical image analysis is a complex task for medical specialists to create sufficient usage of their knowledge,
skill and imaging methods [1]. The automatic technique for irregularity detection in the medical X-ray image has

a complicated issue in the machine learning (ML) domain. It has extensive anatomical variabilities in all patients.
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Consequently, it is major significant problems in radiograph prediction that comprises superimposed structures

[2]. The radiologists involve practical experience and skill to analyze X-ray images for the fracture identification
at the bone [3]. The medical image with quality taken by image capturing tool can be reduced quality therefore,
it is difficult for the physician for identifying the irregularity and a proficient automatic computer-aided detection
(CAD) technique has been developed to address the issue [4]. Accordingly, the automatic deformity diagnosis of
X-ray images supports the radiologist for analyzing numerous medical problems namely dental decay arthritis,

osteoporosis, bone cancer, infection and fracture [5].

Chest X-ray (CXR) imaging is a most extensively employed medical imaging methods to identify and diagnose
diseases, comprising COVID-19, malignancy, pneumonia, tuberculosis, and so on [6]. Its excessive benefit exists
in its comparatively simple operation, higher availability, and lower-cost. Significant data about a patient’s health
could be extracted in CXR imaging as well as detection and manual analysis by CXR image marks and systems
of diseases has been achieved by practiced radiologists [7]. Analyses are challenging and it is an extended and
complex manner. Furthermore, the need for skilled radiologists has a bottleneck, particularly in remote or
deprived field [8]. In order to overcome this difficulty, current study has considered the utilization of ML
approaches for automatic analysis, with different techniques that achieving popularity as well as targeting to
develop a main tool for medical practitioners. The cutting-edge expansion of medical image analysis methods,
general-purpose graphics processing unit (GPU) hardware, and deep learning (DL) algorithms, which can be
permitted researchers for automatically identifying diseases employing CXR image, and developing robust CAD
methods [9]. The capability obtained from automatic X-ray analysis has improved automation of difficult day-to-
day activities, sensitivity for outcomes, hierarchy of time-sensitive conditions, and resolving the problem of
radiologists, which are not continually accessible in developing nations or remote regions [10]. CXR imaging has
also comparatively inexpensive and available, with advanced digital radiographic machines becoming reasonable

still, in under-developed nations.
2. Related Works

Loey et al. [11] aim of this study was classified CXR imaging of COVID19 objects in altered real-time conditions.
An innovative Bayesian optimization (BO)-based CNNs method has been developed for identifying CXR images.
This presented technique can be a 2 major constituents. The primary one employs CNN for removing and learning
deep features. The secondary module is a BO that was applied for tuning the CNN hyperparameters in accordance
with an objective task. Gopatoti and Vijayalakshmi [12] designed a tri-phase CXR image based COVIDI19
classification method employing DL-CNN with an optimum feature selection (FS) algorithm called as improved
grey-wolf optimization with GA (EGWO-GA) that could be represented as CXGNet. Asif et al. [13] intended to
automatically identify COVIDI19 pneumonia cases employing digital CXR images whereas improving the
precision in identification by implementing deep-CNNs (DCNNs). DCNN based architecture like Inception-V3
with transfer learning (TL) must be presented for recognizing COVID19 pneumonia diseased patients through
CXR images. In [14], a DCNN framework was designed in this work for diagnosing COVID19 dependent upon
the CXR image classification. An efficient and precise CNN classification can be a problem because of the non-

accessibility of adequate size and better quality CXR image database.
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In [15], the authors established how pre-trained DL method was implemented for executing COVID-19

identification employing CXR images. The goal is to offer overworked diagnosticians another pair of eyes via
intelligent image classification methods. The authors emphasize the problems (containing quality and dataset
size) in employing existing openly accessible COVID-19 databases for emerging beneficial DL techniques. The
authors developed a semi-automatic image preprocessing system for making a reliable image database in
designing and testing DL methods. In [16], the authors employed numerous ML methods for categorizing the
bone X-ray images of MURA database such as two types such as no fracture and fractures. A 4 diverse methods
linear SVM, LBF-SVM (Radial Basis Function (RBF), support vector machine), Decision tree (DT) and Logistic

Regression (LR) could be implemented to detect abnormalities.

This article develops a new Sparrow Search Algorithm with Deep Transfer Learning-based Medical X-ray Image
Classification (SSADTL-MIC) technique, which is an innovative framework to increase the accuracy and
proficiency of medical X-ray image classification. Initially, the SSADTL-MIC technique was applied
EfficientNet model as a feature extractor. Moreover, the Sparrow Search Algorithm (SSA) is employed for
hyperparameter tuning, utilizing the algorithm's optimization capabilities to fine-tune the model parameters and
achieve superior performance. Finally, the SSADTL-MIC technique introduces a novel approach by incorporating
Long Short-Term Memory (LSTM) networks for classification stage. Through extensive experimentation, the

SSADTL-MIC technique demonstrates superior performance compared to traditional methods.
3. The Proposed Model

In this article, we develop a new SSADTL-MIC technique, which is an innovative framework to enhance the
efficiency and accuracy of medical X-ray image classification. The proposed SSADTL-MIC technique contains
three major processes namely EfficientNet based feature extractor, SSA based hyperparameter tuning, and LSTM
based classification. Fig. 1 depicts the workflow of SSADTL-MIC technique.
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Fig. 1. Workflow of SSADTL-MIC technique

3.1. EfficientNet feature extractor

Initially, the SSADTL-MIC technique applied EfficientNet model as a feature extractor. EfficientNet can be a
category of CNNs architectures especially designed for obtaining advanced performance in image classification
even though increasing model size as well as computational efficiency [17]. It offers an innovative scaling method
that consistently calculates network resolution, depth, and width to determine an optimal balance amongst these
sizes. The major notion behind EfficientNet was intricate scaling that analytically increases both depth and width
to be provide enriched representation capacity as well as better generalization. Additionally, it predicts an original
complex scaling coefficient signified as ¢ that describes scaling factor for all dimensions. By proficiently
measuring these sizes, EfficientNet gets better performance with some parameters and computational
requirements while related to other CNNs. EfficientNet methods developed for offering remarkable precision on
diverse benchmark databases, which must be extremely proper for applications like image recognition and object
detection. These attacks are a major balance among predictive power and computational efficiency that makes
them primarily attractive for resource-limited conditions namely mobile devices and edge computing. This
proficiency is frequently attributed to their aptitude to optimize feature representation while decreasing model's
complete difficulty which is exceptionally vital for implementing DL outcomes in real-time situations with

limited computational resources.

3.2. SSA based hyperparameter tuning

At this stage, the SSA-based hyperparameter tuning can be implemented to fine-tune the model parameters and
achieve superior performance. SSA is a new optimization approach based on the collaborative and migratory
behaviors of a salp swarm, and resolves optimization difficulties by simulating the behavior [18]. Every bottlenose

sea squirt is calculated after initializing the population for fitness and chain based on its fitness values. The
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highest-rated bottlenose sea squirts in the chain should be known as leaders, and the residual part has been called

as followers.

They update the position based on dissimilar principles, and location x]-i of leader can be improved by the

following expression.

F+ oy ((uby — Uhy) - cp +1by) €320

DF e ((uby— 1) ey + 1) s <0

In Eq. (1), the location of food source at j* dimension is F;; ubj and lb; are the upper and lower bounds of the

jt" dimension; and c4, ¢, and c3 are randomly generated values.

The updating of follower’s location has been rented from the concept of Newtonian motion and represents shown

below.

xt = %at2 + vot,

v .
¢ = fmal’ (2)
Vo
X — X
v = i
t

For i > 2 represents the location of i*"follower bottle sea squirt at t denote the time, and j*" dimension. v denotes
the velocity whereby v and vy;,q; indicates the initial and the last velocity, x and x, shows the present as well

as initial locations, correspondingly. This pseudocode for SSA is given in Algorithm 1.

Algorithm 1: Salp Swarm Algorithm (SSA)

Input: ub, lb
Output: fitness
xi «initial population considering ub and lb
Function SSA ()
While ending criteria is not met do
Compute the fitness of search agent (salp)
Set F as the food source
For each salp (x)do
If the salp population is in the top half then
Update the location of leading salp based on Eq. (1)
Else
Update the location of follower salp based on Eq. (2)
End if
End for
End while
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Return F

End function

The interaction and movement of virtual sheath in the search range provides a stronger global search ability; then,
diverse features of SSA make it execute better in handing multi-peak optimizer issues that fits to search for the

optimum workload distribution system.

The fitness selection is the significant aspect prompting the effectiveness of the SSA method. The hyperparameter
selection procedure includes the solution encoding technique for determining the efficiency of candidate
solutions. The SSA model deliberates accurateness as the main condition to develop the FF that must be expressed

as given below.

Fitness = max (P) 3)
P = i 4
" TP +FP )

Where, FP denotes the false positive and TP represent the true positive value.
3.3. Classification using LSTM model

Finally, the SSADTL-MIC technique introduces a novel approach by incorporating LSTM networks for
classification stage. LSTM is a branch of DL. It falls below recurrent neural networks (RNNs) and then well-
known for its capability to hold longer-term addictions mainly and contains sequence prediction [19]. It takes an
input and then spreads it to others. LSTM’s cells execute the wide range of challenges. Moreover, LSTM contains
memory state which able to recall data as well as learn longer term addictions for lengthened epochs. As an
outcome, LSTMs is said to be valued device in several fields namely time-series forecast, speech recognition and

natural language processor.

LSTM has a major benefit than RNN that is it includes a cell state in order to hoard longer period information.
This permits data from earlier time phases to be reserved as well as associated in present time step in LSTM. To
attain this, LSTM uses 3 gates such as forget, output and input gate. The current input represented as i;, whereas
C; and C;_, signify present and previous cell states, correspondingly. Also, H, and H;_; denotes previous and

current output, respectively. Fig. 2 represents the infrastructure of LSTM.

LSTM layer receives opinion from layer of dropout. A calculation fabricated of 4 portions like input gate (i;),
forget gate, an output gate and a novel memory container. To incorporate act of forward as well as backward, an

element-wise calculation considered depend on Egs. (5)-(8):

An LSTM takes a present input a preceding state(h,_,) performs few calculation on Egs. (5)-(8) and then links

information in preparation of hidden state (E) as mentioned:

ft = J(Ufht—l' WfXT + bf) (5)
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4. Results and Discussion

Fig. 2. LSTM structure

(6)
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(8)

In this section, the X-ray image classification analysis of the SSADTL-MIC method can be validated under the

X-ray image database in the Kaggle repository [20]. The dataset includes 3000 instances with 3 classes as

described in Table 1.

Table 1 Details of dataset

Class No. of Images
COVID 1000
Normal 1000
Viral Pneumonia 1000
Total No. of Instances 1000

Fig. 3 displays the classifier outcomes of the SSADTL-MIC system on 80:20 of TRPH/TSPH. Figs. 3a-3b shows

the confusion matrices acquired by the SSADTL-MIC technique. This figure exhibits that the SSADTL-MIC

algorithm can be correctly identified and categorized with 3 classes. Additionally, Fig. 3c reveals the PR analysis

of the SSADTL-MIC system. This figure described the SSADTL-MIC method gets great PR performance with

all classes. Also, Fig. 3d represents the ROC analysis of the SSADTL-MIC algorithm. The figure revealed the

SSADTL-MIC model offers proficient outcomes with higher ROC values with diverse classes.

JETIR2311385 | Journal of Emerging Technologies and Innovative Research (JETIR) www.jetir.org | d696



© 2023 JETIR November 2023, Volume 10, Issue 11 www.jetir.org (ISSN-2349-5162)
Training Phase (80%) - Confusion Matrix Testing Phase (20%) - Confusion Matrix

- 200

- 175

CoVID
COoVID

Actual
Normal
Actual
Normal

- 300
75

= X}
5 §
B - 200 E 50
- 3
2 2
o - 100 o -25
B B
> s ; S 1 " -
CcoviD Normal  Viral Pneumonia coviD Normal  Viral Pneumonia
Predicted Predicted
(a) (b)
Precision-Recall Curve (80:20) ROC-Curve (80:20)
1.04 j 1.0 — r
0.8 0.8 v
o
§ |
; el
g 0.6 g 0.6 ,
@ =
@ 3
& 0.4 :; 04 4
=
=
0. 0.2
—— COVID | —— COVID
—— Normal | —— Normal
0.0 4. — Viral Pneumonia 004 —— Viral Pneumonia
03 0'4 0.5 0'0 OT7 0.8 OTQ l‘O 0.0 0'2 0’4 0.6 0’5 1.0
Recall False Positive Rate
(c) (d)

Fig. 3. 80:20 of TRPH/TSPH (a-b) Confusion matrices and (c-d) PR and ROC curves

In Table 2, a comprehensive X-ray image classification analysis of the SSADTL-MIC method with 80:20 of
TRPH/TSPH can be confirmed. The figure displayed that the SSADTL-MIC method acquires better performance
with 3 classes. According to 80% of TRPH, the SSADTL-MIC method achieves average accu,, 0f99.06%, prec,
0f98.58%, reca; 0f 98.58%, F;core 0£98.58%, and MCC 0f 97.87%. Meanwhile, on 20% of TSPH, the SSADTL-
MIC technique gets average accu,, of 99.89%, prec, of 99.83%, reca; of 99.83%, Fscore 0f 99.83%, and MCC
0f 99.71%.

Table 2 Classifier analysis of SSADTL-MIC model with 80:20 of TRPH/TSPH

Class Accu,, Prec, Reca,; Fgcore Mcc
TRPH (80%)

COVID 98.92 98.59 98.08 98.34 97.53
Normal 98.92 98.15 98.64 98.40 97.58
Viral Pneumonia 99.33 99.01 99.01 99.01 98.51
Average 99.06 98.58 98.58 98.58 97.87
TSPH (20%)

COVID 100.00 100.00 100.00 100.00 100.00
Normal 99.83 99.48 100.00 99.74 99.62
Viral Pneumonia 99.83 100.00 99.48 99.74 99.62
Average 99.89 99.83 99.83 99.83 99.74

JETIR2311385 | Journal of Emerging Technologies and Innovative Research (JETIR) www.jetir.org | d697



© 2023 JETIR November 2023, Volume 10, Issue 11 www.jetir.org (ISSN-2349-5162)
Training Phase (70%) - Confusion Matrix Testing Phase (30%) - Confusion Matrix

- 300

701

- 250

coviD
coviD

200

- 150

Actual
Normal
Actual
Normal

- 300

8 = - 100
g 200 g
E E
: : ki
& 100 ‘E
E -
> - : 0 5 - : 0
coviD Normal  Viral Pneumonia CoviD Normal  Viral Pneumonia
Predicted Predicted
(a) (b)
Precision-Recall Curve (70:30) ROC-Curve (70:30)
1.0 - 1.0
0.8 08
v
2
§ 0.6
5 0.6 g 6
@ =]
o w0
g £
& o4 o 04
=
=
0.2 1 t 0.2
— COVID —— COVID
—— Normal —— Normal
00 4 —— Viral Pneumonia | 0.0 —— Viral Pneumonia

T T T T T T
03 0.4 0.5 0.6 0.7 0.8 09 1.0 0.0 0.2 0.4 0.6 0.8 1.0

Recall False Positive Rate

(c) (d)

Fig. 4. 70:30 of TRPH/TSPH (a-b) Confusion matrices and (c-d) PR and ROC curves

Fig. 4 illustrates the classifier analysis of the SSADTL-MIC technique in 70:30 of TRPH/TSPH. Figs. 4a-4b
represented the confusion matrices obtained by the SSADTL-MIC algorithm. The figure signified that the
SSADTL-MIC methodology can be precisely identified and categorized with 3 class labels. Moreover, Fig. 4c
exhibits the PR analysis of the SSADTL-MIC system. The figure shows the SSADTL-MIC system obtains great
PR performance with each class. Next, Fig. 4d demonstrates the ROC analysis of the SSADTL-MIC algorithm.
This figure exposed that the SSADTL-MIC methodology provides efficient outcomes with superior ROC values

with numerous classes.

In Table 3, a wide-ranging X-ray image classification analysis of the SSADTL-MIC method with 70:30 of
TRPH/TSPH has been revealed. This figure shows the SSADTL-MIC method gets increased performance on 3
classes. Based on 70% of TRPH, the SSADTL-MIC approach gains average accu,, of 99.59%, prec, of 99.38%,
reca; of 99.38%, F;core 0f 99.38%, and MCC of 99.07%. Then, with 30% of TSPH, the SSADTL-MIC system
acquires average accu,, of 99.70%, prec, of 99.56%, reca; of 99.55%, Fsore 0f 99.56%, and MCC of 99.34%

respectively.
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Table 3 Classifier outcome of SSADTL-MIC system with 70:30 of TRPH/TSPH

Class | Accu,, Prec, Reca,; Focore ‘ Mcc
TRPH (70%)

COVID 99.81 99.43 100.00 99.72 99.57
Normal 99.48 99.57 98.85 99.21 98.82
Viral Pneumonia | 99.48 99.15 99.29 99.22 98.82
Average 99.59 99.38 99.38 99.38 99.07
TSPH (30%)

COVID 99.89 99.67 100.00 99.83 99.75
Normal 99.56 99.02 99.67 99.34 99.01
Viral Pneumonia | 99.67 100.00 98.99 99.49 99.25
Average 99.70 99.56 99.55 99.56 99.34

Table 4 and Fig. 5 displays the comparison analysis of SSADTL-MIC system with other existing methodologies
[21, 22]. The accomplished outcome revealed that the SSADTL-MIC method can be proficient outcome with
compared to others approaches. According to accu,,, the SSADTL-MIC method obtains boosting accu,, of
99.89% while the SqueezeNet, TLSqueezeNet, VGG19, TLResNet2, and ResNetl techniques get lower accu,,
values of 92.96%, 96.44%, 93.30%, 98.44%, and 97.23%.

Table 4 Comparison analysis of SSADTL-MIC technique with other methods

Methods Accu,, Prec, Reca,
SqueezeNet 92.96 91.73 95.10
TLSqueezeNet 96.44 96.08 96.84
VGG19 Model 93.30 91.78 94.73
TLResNet2 98.44 97.97 97.94
ResNetl Model 97.23 96.74 97.43
SSADTL-MIC 99.89 99.83 99.83
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Fig. 5. Comparative analysis of SSADTL-MIC technique with other methods

Furthermore, with reca; , the SSADTL-MIC system gains increasing reca; of 99.83% whereas the SqueezeNet,
TLSqueezeNet, VGG19, TLResNet2, and ResNetl methods obtain reduced reca; values of 95.10%, 96.84%,
94.73%, 97.94% and 99.83% correspondingly. These results confirmed the enhanced performance of the

proposed models over existing models.

5. Conclusion

In this article, we develop a new SSADTL-MIC technique, which is an innovative framework to increase the
accuracy and efficiency of medical X-ray image classification. The proposed SSADTL-MIC technique contains
three major processes namely EfficientNet-based feature extractor, SSA based hyperparameter tuning, and LSTM
based classification. Initially, the SSADTL-MIC method was applied EfficientNet model as a feature extractor.
Moreover, the SSA-based hyperparameter tuning is utilized to fine-tune the model parameters and achieve
superior performance. Finally, the proposed SSADTL-MIC technique introduces a novel approach by
incorporating LSTM networks for classification stage. Through extensive experimentation, the SSADTL-MIC

technique demonstrates superior performance compared to traditional methods.
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