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Abstract: Lung infections, such as pneumonia and COVID-19 among others, pose huge diagnostic challenges
that can be tackled using sophisticated deep learning techniques. In this paper, we have presented the end-to-end
deep learning framework by considering the attention-based feature extraction as well as cross average pooling
methodology to improve lung infections recognition. Applications of traditional convolutional neural networks
(CNNSs) in medical image analysis show advantages; however, the features selected and represented by those
models are far from optimal, thus leading to low accuracy as more complex cases (e. g., lung infections) emerge.
To tackle this issue, we use an attention mechanism in our framework to concentrate on the informative parts of
lung images which correspond to the infected regions with no noise. This attention-based feature extraction allows
crucial information to be identified in training which will improve the models ability to recognize a person
Moreover, a cross average pooling is applied to concatenate the feature maps, which can reflect richer and steadier
infection patterns from chest X-ray images. Experimental results on publicly available lung infection datasets
suggest that the proposed framework effectively improves over traditional CNN-based approaches, with higher
accuracy, precision and recall rates. The results indicate that combining attentional mechanism and cross average
pooling into deep learning architectures can significantly enhance the performance of automated detection and
diagnose of lung infections, making it suitable for real clinical applications such as decision support auxiliary
systems to assist in the diagnosis.

Keywords: infection, diagnosis, patterns, optimal, framework, extraction, mechanism.

1. INTRODUCTION for healthcare workers to accurately identify and

. . ) . diagnose lung infections.
Lung infections, such as pneumonia, tuberculosis

and the novel coronavirus disease (COVID-19), are
among the major worldwide health problems of our
time and have large implications in terms of death
rates. Early and accurate detection of these
infections is vital for successful treatment,
decreasing mortality rates, and containing the spread
of infectious diseases. Lung infections are
traditionally diagnosed using medical imaging,
predominantly chest X-ray (CXR) and computed
tomography (CT) scans and interpreted through
expert radiologists[1]. Nevertheless, the intricate
clinical polymorphism in VHF presentations and
susceptibility to human error complicate the
diagnostic pathway, especially in resource limited
settings. As such, automated and dependable
diagnostic tools are becoming increasingly relevant
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Over the last few years, deep learning breakthroughs
have dramatically improved medical image analysis
by enabling automated disease detection. Deep
learning represents a subset of artificial intelligence
(Al) wherein artificial neural networks are trained to
recognize patterns and features within vast amounts
of data — including medical images. CNNs have
been notably successful in tasks related to images
because they are capable of hierarchically extracting
features. CNNs have showed a lot of promising
results in medical imaging which increased the
diagnostic accuracy to identify various conditions
such as lung infections. Nevertheless, while being
able to effectively learn latent patterns in the data,
standard CNN based models suffer from a limitation
of dealing with highly contextual and subtle lung
infection images. Such inherent noise, the variability
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of infection presentation and overlapping
anatomical structures usually lead to suboptimal
discriminating feature extraction which deteriorates
diagnostic accuracy[2].

To solve these problems, some researchers have
tried different strategies in deep learning systems to
get the best results of lung infection identification.
To address this, attention mechanisms have become
a key weapon in the arsenal of improving features
extracted from an image by allowing the networks
to focus on the salient regions in an image. With
traditional CNNs, the entire input image is given
equal preference whereas attention mechanisms
allow specific parts of the image to be more
important. For example, in the context of lung
infection detection this means that we focus on
overlapping areas of the lung where we know that
there is a sign of infection while minimizing how
much influence other regions with no information
(e.g: healthy lung tissue or background noise) have
on our decision.

Another crucial evolution in terms of pooling
methods designed to exploit more informative
feature representations[3]. Pooling: A convolutional
operation that reduces the spatial size of a feature
map to help in preventing from over fitting, which is
generally applied using maximum pooling or
average pooling. Even though the traditional pooling
strategies have proved helpful for several image

recognition problems, they are ill-equipped to
represent intricate patterns present in medical
images. Further, to address this issue, we introduce
cross average pooling as a new concatenation
technique for feature maps which allows the model
to learn various representative stable patterns. Cross
average pooling makes the representation of lung
infection characteristics more complete by
integrating information from different regions and
channels, which further improves the recognition
performance.

To combat this, in the present research, we introduce
an end-to-end deep learning model which leverages
attention-based feature extraction and exploits cross
average pooling for improving lung infection
identification from chest X-ray images. Our study
was primarily motivated by the limitations of
traditional CNN-based methods to address complex
infection patterns. In this study our suggested
framework is designed to attend informative part of
lung images, and localize the affected regions
meanwhile diminish noise and outlier effects. In
other words, during the feature extraction process an
attention mechanism that tells the model where it
should pay attention to at this step is combined with
pre-trained features[4,5]. This obviously works by
identifying and emphasizing the important regions
in the images for learning more discriminative
features, which assists it with better distinguishing
between healthy and infected lung tissue.

Performance Comparison of Traditional Methods in Lung Infection Recognition
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Figure 1. Performance Comparison of Traditional methods

Our framework is featured with attention based
feature extraction and cross average pooling to
improve the recognition ability of network
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simultaneously. Cross average pooling enables the
richer representation of infection patterns by
concatenating feature maps. In contrast to the
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traditional pooling schemes, which might miss some
subtle and important changes, cross average pooling
can learn more features that are typically distributed
over the lung infection areas. With regard to the
analysis of chest X-ray images, where variations in
infection presentation can be quite substantial, this
method helps in generating more robust and stable
feature set by aggregating information from multiple
channels as well as spatial locations.

Lung infection continues to be an obvious target for
medical research in terms of global health. Of these,
pneumonia continues to be one of the major causes
of death in children and adults globally, particularly
in low- and middle-income countries with
constrained healthcare resources. The COVID-19
crisis only highlighted this need further, with health
systems around the world that were pushed to
breaking point thanks to rapid spread of infection
and corresponding burden on diagnostic services. In
this regard, medical imaging (mainly Chest X-ray
[CXR] and CT scans) has been of utmost importance
in the diagnosis, follow-up and treatment of patients.
Nevertheless, manual analysis of these images is
time-consuming and suffer from variations due to
different experience and expertise in radiologists[6].

The emergence of deep learning, in particular
Convolutional Neural Networks (CNNs), has the
potential to alleviate these challenges by automating
the interpretation of medical imaging data.
Convolutional Neural Networks have achieved great
success in image feature extraction and surpassed
traditional image-processing methods, as seen later
in Section 4. This makes them well-suited to
identifying complex patterns in medical imagery,
which normally spans a range of hierarchical
representations including low-level edges and high-
level object parts. The CNN has significantly
improved these applications, yet the application of
CNNs in lung infection diagnosis showed some
weaknesses. In general, traditional CNNs is not well
suited for selecting spatial local features in distinct
size from medical image. Since infections can show
as slight differences in the texture, opaqueness and
shape areas of interest, regular conventional CNNs
are unsuccessful at continuously recognizing
important features when reaching a correct
diagnosis.

One of the main problems with traditional CNN-
based models is that they consider all areas of an
image in identical fashion while extracting features.
It means those details get thrown out and replaced
with more data for instance, healthy lung tissue or
background noise — that can overshadow the faint
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traces of infection. Therefore the model may also
need to account for a wide variation in infectious
presentation from widespread infiltrates in viral
pneumonia to regional consolidations during
bacterial infections that cannot be solely captured by
a universal or one size fits all approach. In effect,
when it comes to such complexity of detection, the
corresponding probability and receptor recognition
problem is not guaranteed to be solved by
conventional CNN and results in lower accuracy,
more false positives through a reduced clinical
utility[7].

To address this issue, in addition to adapting a
denoising technique which is probably not domain
agnostic: researchers experimented with the usage
of attention mechanisms as a way to restrict the
behaviour of their feature extraction module. The
idea behind them is that it mimics some of the better
parts of humanlike visual system by being able to
focus on just certain parts of an image which are
more important for task at hand. Specific to lung
infection recognition, attention mechanisms allow
available data within the input to lock in on areas
giving evidence of infection, e.g., consolidation
areas, ground-grass opacities or nodules. Through
giving these regions higher weights, the model is
able to eliminate a lot of noise and unimportant
information making for more robust features[8]. It is
this selective focus that allows more precise
detection of the footprint of infection, even when
subtle or if it merges with other anatomical
structures.

Firstly, the lung infection recognition problem is
solved by combining attention-based feature
extraction and cross average pooling with selecting
suitable features and representing complex infection
patterns. These are traits that traditional CNNs
usually have difficulty in handling, resulting in
predictions with lower accuracy rate, particularly
when the signs of infection are subtle or they overlap
one another. Our framework uses attention
mechanism so that only most informative regions
are attended giving more importance to account for
critical features during training. Cross average
pooling adds an extra layer on the top to acquire a
global stats of infection properties which entire
further consolidates them, thus making our model
more adaptable to different scenarios.

To validate our framework, we tested it on public
lung infection datasets. These datasets consist of
chest X-ray images presenting different stages of
infection to serve as a suitable dataset for evaluating
the performance automated recognition models.

426


http://www.ijritcc.org/

International Journal on Recent and Innovation Trends in Computing and Communication

ISSN: 2321-8169 Volume: 10 Issue: 12

Article Received: 25 July 2022 Revised: 12 September 2022 Accepted: 30 November 2022

Experimental results have shown our new approach
outperforms the regular CNN-like methods
dramatically in precision, recall and accuracy. These
results showed that our method can not only be
beneficial to improvement of the diagnostic
performance on lung infection, but also decrease the
risk of errors happening in clinical routine[9].

These studies have broad implications, particularly
with regard to the development of software tools that
might be used in a clinical setting as diagnostic
support systems. Automated tools for detection of
lung infections can be invaluable in aiding medical
professionals to help diagnose, especially in many
healthcare settings where access to expert
radiologists is limited. Faster, and more accurate
detection of lung infections using our proposed
framework may aid towards earlier diagnoses and
treatment intervention. This is vital with an
infectious disease like COVID-19, as early
identification and quarantine of infected people are
critical to prevent the spread of the virus.

Moreover, the incorporation of attention
mechanisms and cross average pooling when
embedded within deep learning architectures
represents a universal technique that could also be
used for other medical image analysis. Our approach
which emphasizes loci of information and represents
various patterns is generalizable to other diagnostic
problems such as tumor or organ abnormality
(lesion)  detection, and detection of other
pathologies. Importantly the skeleton of our
proposed framework can be used as a basis for future
works in automated medical image analysis, which
enables to design diagnostic tools with higher
capabilities and efficiency[10].

Our work presents an end-to-end deep learning
architecture utilizing attention-based  feature
extraction with cross average pooling that full fills
the urgent requirement for better techniques to
identify lung infections from a CT. Our method
overcomes the weaknesses of typical CNN-based
approaches and boosts the ability of models to
capture, recognize essential features from chest X-
ray images, making infection associated decisions
more accurate and trustful. Our framework is
validated by experimental results and demonstrates
the promise of our approach for clinical applications
in practice. We expect more to come as we integrate
attention and better pooling layers which will
contribute to the development of robust, automated
diagnostic systems in medical image analysis and
support healthcare workers for tackling with lung
infections along with other diseases.
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2. RELATED WORK

One of these tasks is the detection of lung infections,
such as pneumonia and tuberculosis, and more
recently the novel COVID-19 virus, which has been
a hot topic in medical image analysis for years. The
urgent requirement for accurate and effective
diagnostic tools has led to extensive research
targeted towards an elevated recognition rates in
medical imaging specifically CXR and CT scans. As
such, researchers have tried everything from
traditional machine learning algorithms to modern
deep learning models in this setting. We offer a
detailed review of these methods in this section,
discussing what makes them efficient or inefficient
and on which motivations recent attention-based
feature extraction and cross average pooling
techniques have been built.

Traditional Machine Learning Techniques

In medical image analysis, before the rise of deep
learning, traditional machine learning methods still
had a major contribution. Support vector machines
(SVM), k-nearest neighbors (KNN), decision trees,
and random forests were the primary methods used
for classifying lung infections. Such approaches
usually involve features hand-crafted from medical
images such as texture descriptors, edge detection,
region based properties etc. For example, in the first
steps towards the detection of pneumonia using
CXR images texture analysis methods such as Gray-
Level Co-occurrence Matrix (GLCM) and Local
Binary Patterns (LBP) were used to tap into lung
texture features. These features were then input into
machine learning classifiers such as SVMs or
Random Forests to differentiate between healthy
and infected lung tissue[11].

However, although these types of models have been
very successful at first, they still perform relatively
poorly on some high-level healthcare imaging tasks
due to several disadvantages of traditional machine
learning-based methods. This is because the
performance of these models relies heavily on
feature engineering, a manual and exploratory
process that is time-consuming and subjective. This
requires domain expertise to select hand-crafted
features and might not represent the intricacies of
lung infections. Second, these methods usually have
a pipeline with multiple stages such as the pre-
processing of input images, then feature extraction
and finally a classifier which can imperfect the
accuracy of the final diagnosis from noisy and
inconsistent various dimensions. Additionally,
traditional approach use fixed feature sets which are
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not designed to be flexible to account for the
diversity and heterogeneity that captures the
characteristics of lung infections such as different
types of pneumonia or cases such as COVID-19. As
a result, the generalization of those methods often
poses challenges, especially on large-scale datasets
and real-world variations in infection presentation

[4].
Early Deep Learning Methods

Recent advancements in the field of Deep Learning,
and particularly Convolutional Neural Networks
(CNNs), have transformed medical image analysis.
CNNs have shown exceptional performance in
image classification tasks by automatically learning
features presents in different hierarchical layers of
raw pixels, thus avoiding manual feature hoisting. In
lung infection identification, CNNs have now been
broadly utilized for the investigation of CXR and CT
pictures having a reasonable execution. The
beginning works in this field employed pre-trained

CNNs like AlexNet, VGGNet through Inception to
lung infection datasets. Using these models are
known as Transfer Learning: a model pre-trained on
a large-scale dataset(Tasks, such as ImageNet) is
fine-tuned for a specific task of infection detection.

Such use of transfer learning has been particularly
useful in medical imaging where labeled data is
difficult to obtain. While a study by Rajpurkar et al.
In a similar work, (2017) used DenseNet [6] as pre-
trained architecture to detect pneumonia from CXR
images and demonstrated the comparative
performance with human radiologists. These types
of approaches have been used to detect COVID-19
as well, where CNNs are also fine-tuned to
differentiate features like ground-glass opacities and
consolidations within chest CT images associated
with infection. These studies emphasized the ability
of CNNs to recognize intricate patterns in lung
infections providing more accuracy and robustness
when compared to other conventional machine
learning methods.

Sourc | Objective Methodology Results Research gap

e

[11] Propose a  deep- | Spatial attention | Precision of 88.1% for | Low interpretability of
learning method for | superposition pneumonia neural network
pneumonia diagnosis. | module  for classification. decisions for
Enhance pneumonia | identification. Recall of 98.2% and | physicians.
classification and | Multilayer AP50 of 99% for | Need for  clearer
lesion detection | fusion (MFF) module | lesion detection. clinical associations in
accuracy. for feature maps.

consolidation.

[12] Develop an attention- | Attention-based video | Achieved 80% | Limited availability of

based video model for | model with knowledge | precision and 87% | large  datasets  for

COVID-19 detection. | transfer recall for COVID-19 | training.
Utilize knowledge | CNN  for  spatial | detection.
transfer to address data | features, transformer | Outperformed state-
availability encoder for temporal | of-the-art model on
limitations. information public lung ultrasound

dataset.

[13] Introduce deep | Deep learning | Accuracy rate: 96%, | Sparse and sporadic
learning for | technology based on | ROC curve accuracy: | disease signatures in
pneumonia diagnosis | Xception neural | 99% ultrasound videos.
in X-ray images. network and LSTM Precision: 98%,

Improve accuracy of | Combination of | Recall: 91%, F1 score:
pneumonia Pearson's feature | 94%

classification  using | selection and

advanced neural | correlation  between

networks. loss functions

[14] Improve  pneumonia | Improved Final accuracy rate: | Large difference
detection using | convolutional neural | 98.83% and 98.44% between original and
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convolutional neural | network method for | Test accuracy: 97.26% | target  datasets in
networks. pneumonia detection and 91.41% transfer learning.
Enhance classification | Addition of
accuracy with fewer | convolution  layers,
parameters. pooling layers, and

feature integration

layer

[15] Propose a | Coarse-to-fine Average Dice | Feature extraction
convolutional neural | segmentation network | similarity coefficient: | quality impact on
network  for lung | using U-Net backbone. | 87.06% classification accuracy.
infection Dilated convolutional | Improved DSC by
segmentation. attention mechanism | 24.46% with cascade
Improve COVID-19 | for improved | U-shaped network
lesion segmentation | segmentation.
performance using
DCA mechanism

[16] Develop an accurate | Improved  multiple- | Micro-averaged  F1 | High ~ computational
COVID-19 diagnosis | way data | score: 95.49% over | complexity and low
system. augmentation test set. efficiency of DUDA-
Propose a novel deep | introduced. Sensitivities: 95.44%, | Net.
rank-based  average | n-conv rank-based | 96.07%, 94.41%, | Need  for  further
pooling network. average pooling | 96.07%  for  four | segmentation of lung

module proposed. classes. infection types.

[17] Develop an accurate | Improved  multiple- | Micro-averaged  F1 | Lack of discussion on
COVID-19 diagnosis | way data | score: 95.49% over | potential limitations of
system. augmentation test set. the proposed method.
Propose a novel deep | introduced. Sensitivities: 95.44%, | Absence of comparison
rank-based  average | n-conv rank-based | 96.07%, 94.41%, | with other pneumonia
pooling network | average pooling | 96.07%  for  four | detection techniques.
(DRAPNEt). module proposed. classes.

[18] Develop CAD system | Deep transfer learning | Accuracy rates: | High  variation in
for pneumonia | with ensemble of CNN | 98.81% (Kermany | infection
detection in X-ray | models dataset), 86.85% | characteristics
images. Weighted average | (RSNA dataset) complicates
Utilize ensemble of | ensemble technique | Sensitivity rates: | segmentation.
deep learning models | with novel approach 98.80% (Kermany | Low intensity contrast
for accurate dataset), 87.02% | between infections and
classification. (RSNA dataset) normal tissues.

[19] Propose Inf-Net for | Parallel partial | Inf-Net  outperforms | Two-step strategy may
automatic COVID-19 | decoder for feature | most segmentation | lead to sub-optimal
lung infection | aggregation and global | models tested. learning performance
segmentation. map generation. Advances state-of-the-

Enhance segmentation | Semi-supervised art performance in
using semi-supervised | segmentation lung infection
learning with limited | framework using | segmentation.
labeled data labeled and unlabeled

data.
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Improve performance
using semi-supervised
learning framework.

Semi-supervised
segmentation
framework

[20] Automate COVID-19 | COVID-19 Lung
lung infection | Infection
segmentation from CT | Segmentation  Deep
images. Network (Inf-Net)

with

propagation strategy

Inf-Net  outperforms | Requires integration of
most segmentation | diagnosis,

models in | segmentation, and
experiments. quantification in one

Semi-supervised framework.
framework improves
performance by 5.7 in

Dice score.

Table 1. Literature review

On the other hand, early CNN-based models suffer
from serious problems as well. Moreover, the most
of these methods are sensitive to variations in image
quality, noise or artifacts that appear in medical
images. Because CNNs cannot focus on more
relevant areas within an image by themselves, they
will simply be diverted to irrelevant preferences that
lead to misclassification. In cases where CXR
images have occlusions or overlapping anatomical
structures, CNNs can misclassify areas of infection.
In addition, standard CNN layers have fixed
receptive fields, which can hinder their ability to
direct focus on capturing both local and global
lesion dependencies as well as the contextual
information needed to differentiate similar visual
features among different classes of lung infections.

Graph Attention Nets for Molecular Activity
Analysis

Over the last few years, researchers have sought to
address the limitations of standard CNNs and help
them extract features with attention mechanisms.
With an origin in NLP, attention mechanisms have
been repurposed for vision so that models can learn
to attend to the most relevant regions of an image. In
medical image analysis, attention mechanisms have
been especially effective in directing the focus of the
model on particular regions such as lesions, nodules,
or mapped infection areas while neglecting
distracting contextual background information[21].

A number of works have shown that attention
mechanism can help lung infection recognition. For
example, within pneumonia detection attentions
have been used to focus on regions of lung opacity
this focusing is more expensive (in terms of
parameters and computation), but the hope is that it
provides a more targeted feature -extraction.
Attention maps are learned when training these
models and allow the models to adapt on-the-fly
where they 'look’ in input images. These tests have
the potential to better identify patterns of infection,
especially when the manifestations are mild or
heterogeneous. Likewise, in the COVID-19
diagnosis, attention has been employed to highlight
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the region in the lung where ground-glass opacities
occur that made it easier for our model to analyze
and predict if there is a ground-glass opacity due to
COVID-19 or not.

Perhaps one of the most prominent methods is the
attention-based U-Net architecture, where a
traditional segmentation model (U-Net) containing
an attention mechanism identifies infected regions
from chest CT images. The attention-guided U-Net
improves the segmentation accuracy of infection
areas and provides a visual explanation for the
model actions. While this may provide an
interpretable solution, it is advantageous in a clinical
setting to have the model 'be told' by the human what
sort of tumor it is at all times, naturalising (i.e.
reading) into each decision that the radiologist
makes[22].

In this context, while attention mechanisms have
been  successful in  fine-grained  feature
discrimination when classifying lung patterns,
difficulties persist to model the complete set of
complex multi-scale cognitive aspects inherent in
lung infections. They set out to show that attention-
based models, which concentrate on small areas of
the image as signs of disease and might therefore
miss some broader contextual information required
for correct diagnosis. Also, even though attention
mechanisms guide the most useful features,
traditional pooling methods in CNNs are suboptimal
and can throw away critical spatial details when
aggregating features.

Cross Average Pooling and other sophisticated
pooling methods.

Pooling operations are established components of
convolutional neural networks (CNNs) and perform
feature map down sampling to decrease
computational intensity  while  emphasizing
important features. However, the classical pooling
strategies (e.g., max pooling and average pooling)
tend to oversimplify these feature maps by
abstracting out the some detail information which
may be necessary to learn complex pattern
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recognition tasks in medical images. However, this
limitation has led to investigations for new advanced
pooling approaches that capture more information
and represent the diverse features of lung infections.

Recently, cross average pooling has been proposed
as a novel pooling method of combining feature
maps from various regions and channels to learn
more infection patterns [23]. Unlike conventional
pooling that functions separately on predefined
regions, cross-average pooling integrates into
several dimensions (higher and lower) to reveal
local information across global features. Cross
average pooling considers complex dependencies
among different aspects of the infection (e.g.,
texture, opacity and shape) by information exchange
between channels.

LatNet achieves state-of-the-art performance
exploiting cross average pooling, which has not
frequently been used for lung infection recognition,
while its advantages are obvious. Previous work on
different medical image analysis problems (i.e.,
tumor detection and organ segmentation) has shown
that cross average pooling achieves higher
performance by allowing the model to combine
diverse scale features. This could help picking up
different categories of patterns larger or smaller,
more or less intense and sparse-based on this
resulting in better diagnostic accuracy, when comes
to lung infections.

Multi-model  Attention Pooling for Lung
Condition Detection

The combing of attention mechanisms and novel
pooling techniques, as we suggested, could be an
interesting way to tackle missing detection in lung
infections. This proposed attention-based feature
extraction integrated with cross average pooling so
as to this method allows models to concentrate on
the actual symptoms whereas at the same time
taking the general view of infection nature.
Combining these advantages, the authors continue to
propose a hybrid architecture addressing limitations
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of separately using CNNs or attention modules
alone, thus providing a holistic and flexible solution
for modeling complex medical images.

Recently, the capability of attention mechanisms
and pooling strategies in combination has been
subject to investigation through different works. A
few examples are higher-order ResNet models with
attention to detect lung nodules in CT images where
they make good use of the contextual information,
and learn a 3d attentive pooling layer for staying at
pixel level granularity. Other works on the same
domain, like pneumonia and COVID-19 detection
[24,25], explored attention-based CNNs with global
average pooling for feature map aggregation that
achieved better results than traditional ones.

In variance with this success, many attention-
pooling methods require substantial additional
research to reduce the discrepancy between results
on CIFAR and public in-the-wild datasets. Also, the
design of a cross average pooling made for lung
infection recognition is an open problem, as we need
to take into account the heterogeneity of how often
and when the infection appears. Moreover, the
interpretability of such combination frameworks is
important for clinical acceptance and thus visual
explanation tools are needed that can explain to
healthcare providers how the model executes
predictions.

3. PROPOSED METHODOLOGY

In this paper, we proposed an approach to lung
infection identification using deep attention and
local average pooling in a cascade framework. This
is an attempt to overcome the limitations of classic
Convolutional Neural Networks (CNNs) when
facing sophisticated patterns in medical images such
as lung infection imagery on chest X-ray. In this
section, we explain the different components of the
framework which will contain using the attention
mechanism, cross-average pooling and how to insert
them in a deep learning model as well as the
evaluation approach to prove its robustness.
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Proposed Methodology Flowchart
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Figure 2. Flowchart of proposed method

1. Attention-Based Feature Extraction Summary

A majority of the state-of-the-art methods based on
CNNs have been applied to medical images,
including lung infection images however they are all

because traditional CNNs have a constant tunnel
vision for entire image, where much of the image (e.
g., normal lung tissues) can be many times larger
than subtle infection traces in size In this approach
we introduce an attention mechanism to address the

challenged by the subtleties and high-contextualized
nature of patterns in such medical cases. This occurs

Algorithm 1: Attention-Based Feature Extraction

above problem within the deep learning framework.

Input: Input image I, convolutional layers {K;, b;}, attention mechanism parameters
Output: Weighted feature map F’

1. Initialize: Load input image I.
2. Convolutional Layer: Apply convolution operations using kernels K; to extract feature map F; for
each layer:
Fi =1=* Ki + bi

3. Attention Map: Generate attention scores s;; for each spatial location in F;.
4. Softmax Normalization: Compute attention map A;; using:
_ exp(sij)
VTR exn(se)

432
IJRITCC | December 2022, Available @ http://www.ijritcc.org


http://www.ijritcc.org/

International Journal on Recent and Innovation Trends in Computing and Communication

ISSN: 2321-8169 Volume: 10 Issue: 12

Article Received: 25 July 2022 Revised: 12 September 2022 Accepted: 30 November 2022

weighted feature map F':

5. Weighted Feature Map: Multiply the attention map A with the feature map F to obtain the

Fi’ =

6. Return: The weighted feature map F' for further processing in the model.

Attention mechanism: The principle of attention
mechanism originates from the behavior of human
visual attention as it helps to focus on useful
information parts (in this scenario, a chest X-ray
image) and thus reduces the impact of irrelevant
regions. For lung infection detection, the attention
mechanism focuses on those regions of the lung
images that are important to highlight in infected
area only and separate them from other parts of
lungs as noise. This mechanism allows the model to:

Fizl*Ki+bi

Find the characteristic features of lung infection and
look for areas of abnormal opacities or textures.
Lower the importance of irrelevant areas in the
image keeping distraction at its minimum and
allowing for more meaningful patterns to be
detected by the model on input data. Identify points
of infection (key areas) and use them to inform
better feature extraction.

4o eplsy)
4 Zgﬂ exp(Six)

The attention mechanism is utilized as a layer inside
of the neural network which directs the learning
process to select appropriate regions from the input
image. The attention map is calculated by this layer
and applied to the image in such a way that areas of
concern are highlighted. By doing this selective
weighting, the network can emphasize more on
extracting important features of the input images
which helps in better performance of recognizing
infected regions.

Fi’j = Al] X Fl]

Then the attention map is computed with
convolutional functions followed by softmax
normalization. When training the network, it learns
to assign higher importance weights to areas that are
more likely to contain relevant features (such as
clear signs of infection) and lower importance
weights for regions without relevant information
(e.g., non-infected healthy lung parenchyma). Boost
in recognition accuracy, while attention based
feature extraction assists localizing the effected
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regions on images which is important for interpret-
ability in medical diagnosis.

2. Improved Feature Representation by Cross-
Average Pooling

Pooling is a very important operation on networks
that are targets to be applied convolution because it
reduces the spatial dimension of feature maps, thus
avoiding overfitting and reducing computation
volume. In general, pooling operations are crucial in
CNN-based methods for down-sampling the feature
maps and simplifying learning process, traditionally
including max-pooling and average-pooling;
however these methods are not always suitable to
preserve subtle and sporadic patterns appearing in
medical images of lung infections X-ray echo. The
proposed approach tackles the problem by using
cross-average pooling, a new technique that aims to
improve pattern learning from input data.

1
HXxW

4

P. =

H w
Z FLJC
=1 =

j=1

The cross-average pooling is distinct from typical
pooling techniques by not treating each region in
isolation when applying the pooling, but aggregating
information across spatial regions and channels to
provide a more global representation of the input
image. In order to enable the model with:

Learn intricate patterns: Cross-average pooling can
capture complex textures, opacities and shapes
unigue to lung infections by synthesizing
information from various channels in different
spatial regions.

M
Fjt = 0(2 K Bl + bl)
m=1

Preserve spatial dependencies: Cross-average
pooling respects the important spatial structure and
does not lose focus on the critical disease
discrimination details.

Augmented robustness: This method pools features
across channels which results in a more robust set of
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features which can account for differences in how
the infection appears between different images.

P = concat(P, P,, ..., P;)

The convolutional layers feature maps are processed
through cross-average pooling in the proposed
model. The pooling is done by separating the feature
maps into disjoint sections. It then calculates an
average over both the spatial regions as well as
channels, giving us a pooled representation that
combines information from different parts of the
image. This yields a feature vector that contains
information about both global patterns and localized
details of different types of lung infection, which is
essential for detecting various appearances of lung
infection.

Cross- average pooling consists of the following
steps

Partitioning: The convolutional maps created by the
convolutional layers is partitioned into a non-
overlapping regions.

Averaging: average is taken across both the spatial
dimensions and channel to compute a single pooled
value for a region in a region.

F—u
Vo? +e

This pooling strategy could effectively improve the
recognition ability of a broad range of lung infection
cases by promoting the model's capability to learn
universal patterns from chest X-ray images.

F=

3. Merge Attention and Cross-Average Pooling
into the framework

In this paper, we proposed an end-to-end deep
learning model, which docked the attention
mechanism as well as cross-average pooling to
improve lung infection recognition performance.
The main components of the models architecture are
as follows;

CNN Base: The first set of layers in the model is a
stack called CNN (Convolution neural network)
used for feature extraction. These layers work on the
input chest X-ray images to get low level features
like edges, texture etc which are necessary for
identifying oppositive infection patterns.

Attention Module: We use the attention mechanism
as an intermediate layer which takes convolutional
feature maps as input of our network. As an
appreciation, this module learns to create its own
attention map and point out the most informative
part in the image. Notice that this attention map is
used to multiply some feature maps, highlighting
regions containing possible lesions and meanwhile
suppressing irrelevant areas.

Cc
L= _Z yelog(pe)
c=1

Following the attention module, we apply a cross-
average pooling layer.

Algorithm 2: Cross-Average Pooling

Output: Pooled feature vector P

Input: Weighted feature map F' with dimensions H X W x C

C.
2. For each channel cin F';

1
P. =

1. Initialize: Take the weighted feature map F’ with spatial dimensions H x W and channel dimension

o Compute the average across all spatial locations:

w

2, Fie
1 j=1

3. Concatenate: Concatenate the pooled features across all channels:
P = concat(P,, Py, ..., Pp)

H
HXW £
L

4. Return: The concatenated pooled feature vector P for input to the fully connected layers.
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This approach uses a generic sliding-window to
make predictions at different scales on input images
and then extracts critical features from each iteration
using a pooling mechanism which then aggregates
information across multiple spatial regions or depth
channels by producing feature vectors that
encompass both local and global patterns of lung
infection.

Dense Layers: The last few layers of the model are
dense, or fully connected, layers to interpret the
pooled feature vector and produce a final
classification. Specifically, these layers learn to
separate healthy and infected lung regions by
absorbing and highlighting information from the
attention and cross-average pooling operations.

Output Layer: The model will end with an output
layer which outputs the probability scores for each
class that we would like to predict, for example
healthy, pneumonia & COVID-19. In the end, a
prediction is made for the input image by choosing
class with highest probability score.

4. Model Training and Tuning

It is trained on a real-world data: a dataset of chest
x-ray images annotated with labeled indicating the
existence or not for lung infections. While training,
the attention mechanism learns to look at specific
regions of interest in new input images, and the
cross-average pooling layer captures complex
patterns that promote different categories of
infection. A training process has several key steps:

Data Preprocessing: The Input images will be
preprocessed to standardizing the sizses and
intensity values of the input images for making it
appear same across the dataset. Rotation, flipping,
scaling (data augmentation) are more commonly
rely upon to make the training data much robust and
avoid over-fitting.

A loss function: This is essentially a way to measure
how incorrect the neural network is compared to
ground truth labels e.g., categorical cross-entropy. It
updates the model parameters by backpropagation
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and an optimization algorithm such as stochastic
gradient descent (SGD) or Adam to reduce error.

Attention Map Generation: The attention module is
a building block of our model and is responsible for
generating an attention map for the input image
during each forward pass, where regions
contributing to the final classification are
highlighted. This map is then utilized to scale the
feature maps, focusing on the more informative
regions.

Pooling and Feature Aggregation: The cross-
average pooling layer processes the weighted
feature maps to output a pooled representation at
both local and global scales.

Classification: This takes the output of 300 pooled
representation and produces final classification
scores, which we compare to true labels in
computing losses.

exp(zc)

JC'=1 exp(zj)

o=

Evaluation: Performance of the model is evaluated
by using KPIs like accuracy, precision, recall and
F1-score on validation set. They are also checked to
highlight the responsible regions of interest for
model predictions in input images.

5. Experimental Evaluation and Results

The proposed framework was tested on publicly
used lung infection datasets to verify its
performance. Our experimental results show that
cross-average pooling can obviously promote the
recognition performance of the model is lung
infection diagnosis task for attention-based feature
extraction on a typical CNN architecture than
traditional CNN-based method. They test their
model on LIDC-IDRI dataset, and observes that the
proposed model is more efficient in identifying lung
infection patterns with improved both accuracy,
precision and recall rates across difference
complexity levels of infection.
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Figure 3. Model Performance Comparison

The implementation for model attention maps
reveals the important pieces of evidence, assisting in
decision making to make the predictions more
understandable by clinicians. And since in medical,
the interpretablity is almost as important as
performance.

4. RESULTS

The evaluation results of our proposed mechanism
on publicly available datasets with the purpose to
detect lung infections were assessed using the
experimental outcomes. We compared our method
to a variety of convolutional neural network (CNN)

models and our performance was higher across all
metrics accuracy, precision, recall and F1-score. The
developed architecture was specifically meant to
overcome the inherent limitations in terms of feature
extraction from noisy and complex medical images
which hinder CNNs like the chest X-rays. The
model was even able to fixate on the needful regions
in an image, mostly corrupted by infections and skip
the irrelevant information from normal tissues or
from the remaining parts of the images "by using
attention mechanisms". This attention mechanism
improved essentially the models discriminative
power of infected to non- infected regions, ensuring
more accurate and reliable diagnoses.

Table 2. Precision, Recall, F1-Score, and Accuracy Comparison Between Traditional CNN and Proposed Model

Traditional Proposed Model (Attention + Cross-Average Improvement
Metric CNN Pooling) (%)
Precision (%) | 86.45 93.78 +8.47
Recall (%) 81.32 92.54 +13.82
F1-Score (%) | 83.72 93.15 +11.25
Accuracy 84.50 94.26 +11.55
(%)

Furthermore, with the cross-average pooling method
incorporated in the model, this also boosted its
potential to learn deeper infection behaviour. In
response, conventional pooling strategies like max-
pooling and average-pooling have been employed in
CNNs for eons to down sample feature maps
spatially to guard against overfitting as well as
restricting computational complexity.  These
traditional approaches, however, have the
disadvantage of oversimplifying the data and
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sacrificing rich fine-grained information needed in
many medical image analysis problems such as that
of distinguishing subtle infection signals in lung
tissue. By contrast, cross-average pooling
consolidates knowledge from diverse spatial regions
and channels which allows the model to learn a
wider range of lung infection patterns such as
opacity distributions, surface textures, and
dangerous shapes.
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Table 3. Accuracy Breakdown by Type of Lung Infection (Pneumonia, COVID-19, Tuberculosis)

Lung Infection Type | Traditional CNN Accuracy (%) | Proposed Model Accuracy (%) | Improvement (%)
Pneumonia 85.12 93.21 +9.51

COVID-19 88.33 96.12 +8.79
Tuberculosis 82.47 92.98 +12.74

Average 85.31 94.10 +10.32

In the evaluation, datasets contained chest X-rays
presenting different stages of lung infections
ranging from early-stage to severe conditions. The
metrics used in the evaluation of model performance
are: Accuracy Precision Recall F1-Score Precision
is the algorithms ability to correctly identify positive
covid cases and recall too gives us the understanding
of how good it performed in identifying all true

positive cases. The F1-score, which is the harmonic
mean of precision and recall, gives a balance or an
overall performance measure how well our model
did. Thus, based on our metrics improvements we
conclude that the model has high potential to be able
to identify lung infections across heterogenous
clinical settings.

Table 4. Comparison of Precision, Recall, and F1-Score Across Different Datasets

Dataset Precision (%) Recall (%) F1-Score (%) Accuracy (%)
LIDC-IDRI 92.34 91.82 92.08 93.75
COVID-19 Radiography Database 95.21 94.79 95.00 96.45
RSNA Pneumonia Detection 90.41 89.73 90.06 91.84
NIH Chest X-ray Dataset 91.67 91.10 91.38 92.55
Average 92.41 91.86 92.13 93.65

Our model achieves much higher precision than
conventional CNN approaches, which implies the
model could utilize attention mechanism and cross-
average pooling to highlight the crucial areas of the
image that matter (decrease false positives). This is
especially crucial in clinical practice where a

misstep can result in treatments that are not
warranted or the increase of patient anxiety. The
accuracy was again improved with a higher recall
rate, meaning the model was able to identify more
true positive cases of lung infections—which is vital
for timely diagnosis and treatment in these patients.

Table 5. Model Performance on Different Image Quality Levels (High, Medium, Low)

Proposed Proposed
Traditional Model Traditional Proposed Traditional Model
Image CNN Precision CNN Recall Model CNN Accuracy
Quality | Precision (%) | (%) (%) Recall (%) Accuracy (%) | (%)
High 90.22 95.68 88.95 94.85 89.47 95.25
Medium | 83.47 91.32 81.29 90.14 82.38 91.12
Low 74.55 86.23 71.34 85.49 72.89 86.09
One of the main strong points of our model is its chest X-ray images. For instance, bacterial

luxury to work with other datasets and infection
types as well. The cross-average pooling enables
the model to generalize for from one
infection presentation (bacterial pneumonia, viral
pneumonia or COVID-19) to another it does so as
each usually have averaged partner in different
pattern on the
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pneumonia can show up with focal consolidation,
however viral infections, for example COVID-19
may look like diffused ground glass opacities.
Performance in terms of accuracy was better overall
using our model for all groups of infections due to
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the successful differentiation between these
infection claims in those 3 error cases.

Table 6. Performance on Early-stage vs. Late-stage Infections

Proposed Proposed
Traditional Model Traditional Proposed Traditional Model

Infection | CNN Precision CNN Recall Model CNN Accuracy
Stage Precision (%) | (%) (%) Recall (%) Accuracy (%) | (%)
Early- 80.12 90.45 78.45 89.32 79.28 90.01
stage
Late- 88.67 95.11 85.54 94.34 87.12 94.82
stage

In addition to this, we ran more experiments on
multiple datasets using images of different qualities
and infection severity levels to illustrate just how
robust the model is. Across all results, the proposed
approach performed remarkably well compared to
conventional CNN models (Figure 3), with evident

superiority in a number of experiments that featured
subtle or overlapped infection features. The
attention mean that the model was put more
congruity into the most probable infection-related
locations where they were hardly observed visually.

Table 7. Execution Time and Resource Utilization for Traditional CNN vs. Proposed Model

Training Time Inference Time GPU Memory Usage CPU Utilization
Model (hrs) (ms) (GB) (%)
Traditional 6.4 128 125 70
CNN
Proposed 5.3 102 15.8 78
Model
Improvement -17.19% -20.31% +26.4% +11.43%

Our model not only enhances diagnostic precision
but also carries major repercussions in daily clinical
practice. Automating this process would be a boon
to radiologists and also free up massive amount of
workload, especially in low-resource settings where
presence of expert clinicians can often be non-
existent. In addition, it also helps in the
interpretability of the model's predictions by

visualizing them as attention map which gives
clinicians their much-needed explanation for what
the model is doing and therefore easy to trust and
validate its results. Specifically, by far the coolest
use case IMO is where attention maps in the model
can be compared with a subjective impression of
what you (or better yet, the neuroradiologist)
thought was important on those images.

Table 8. Generalization Capability on Different Datasets (Accuracy Across Multiple Datasets)

Traditional CNN Accuracy | Proposed Model Accuracy | Improvement

Dataset Name (%) (%) (%)
LIDC-IDRI 87.52 93.41 +6.73
COVID-19 Radiography 89.15 95.56 +7.19
Database

RSNA Pneumonia Detection | 85.03 91.82 +7.97

NIH Chest X-ray Dataset 86.44 93.22 +7.83
Average 87.03 93.00 +6.87
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The results of experiments also indicated that the
model had a capability for integration an online
diagnostic support systems. Its high accuracy and
the speed at which it can process images further
enable integration into clinical workflows, when an
urgent diagnosis is essential. Needing rapid and
accurate diagnosis of lung infections to control the
spread of the virus and treat patients appropriately
during the COVID-19 pandemic, for example.
Given that our model outperformed comparisons in
detecting COVID-19 related lung abnormalities, it
can be a useful tool for such situations.

Judging from the experiments, the experimental
evaluation illustrated that our model was a
significant step forward in automatic detection of
lung infection. Using attention-based feature
extraction enhances the residual network, and the
cross-average pooling operator helps to improve
accuracy and robustness compared with existing
methods. These upgrades are vital for their use as
accurate diagnostic tools and especially in areas
where expert radiologists may be scarce. The
researchers plan to continue improving the
architecture of their model, as well as examining its
application to additional medical imaging tasks,
such as tumor detection and other types of
respiratory diseases.

5. CONCLUSION AND FUTURE WORK

This paper presents a novel and powerful scheme on
implementing an end-to-end deep learning
framework augmented with attention-guided feature
extraction as well as cross-average pooling in the
detection and classification of lung infections. The
model improved test accuracy, precision, recall, and
overall diagnostic performance while providing the
rational for overcoming certain constraints with
traditional CNNs. The architecture of this model is
particularly well suited to take on lung infection
imaging, most notably chest X-ray (CXR) images
where the presence of infection may manifest in an
intricate fashion such as being subtle, diffuse or
coinciding with normal anatomical structures. These
developments set the stage for new, clinically
pragmatic and robust diagnostic systems especially
in infectious diseases (like pneumonia, tuberculosis,
COVID-19), which are predominant issues in global
health.

The attention of the research in this regard is to
implant an Attention mechanism that enables the
model to attend (focus) selectively on specific
regions of the image which are more informative. In
lung infections, these are the regions that
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demonstrate the abnormal opacities, consolidations,
or any other patterns of disease. This has been one
of the long standing issues with traditional CNNs as
it treats all parts of the image equally and ends up
learning from irrelevant or noisy information such
as healthy tissue or background features. With
attention-based feature extraction, our model is able
to close in on these regions and give higher weights
to features which are most critical for the diagnosis.
Attention improves accuracy of the model by
directing it towards specific parts in the input image
(semantic meaning) while also enhancing
interpretability of the same, where attention maps
serve as a visual reference to understand where
exactly was the focussed area which helped or didn't
help for making a decision which makes it more
transparent and interpretable from formulation
aspect with specialists.

Moreover, with the recent introduction of cross-
average pooling it constitutes a great improvement
in how deep learning models process and aggregate
over feature map. Max pooling and average pooling
are present in traditional CNNs to down sample
feature maps for reducing the computation cost and
avoiding  overfitting. But these  methods
oversimplify the data, removing crucial spatial
information necessary to recognize subtle patterns in
medical images. Lung inflammatory lesions can
have small differences on their texture, opacity and
shape especially in lung specific diseases like
infections, which conventional pooling strategies
may not suffice. Cross average pooling solves this
problem by accumulating information in various
spatial regions and channels, making it possible for
the model to capture a comprehensive and detailed
representation of the infection patterns. This
technique retains crucial spatial dependencies and
improves the model generalisation abilities,
enabling it to perform well across different lung
infections as well as for unseen image datasets.

Experimental results on publicly available lung
infection datasets indicate that the proposed model
is able to detect cases of infection accurately. The
model introduced significantly outperformed
traditional CNN based methods on important
metrics like accuracy, precision, recall and F1-score.
Improvements are particularly important in cases
where infections present with few or overlapping
features (e.g. early-stage infection or viral
pneumonia), traditional models struggle due to the
lack of any single stand-out feature. Our results
demonstrate the critical role of attention-based
mechanisms in medical image analysis, especially
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when identifying between healthy and infected
tissue is challenging or non-trivial. Moreover, the
one cross-region average pooling was found to
improve the overall detection performance for
various and complex infection patterns over all
infection types, such as bacterial pneumonia or only
viral pneumonia; Covid-19.

The flexibility and adaptability of the proposed
model are among its greatest strengths. The clinical
presentation in lung infections can range from one
end to the other according type and stage of infection
and patient health status. Bacterial pneumonia, for
instance, tends to show a more focal consolidation
distribution; viral illnesses like COVID-19 tend to
have diffuse ground-glass opacities across all lobes
of the lungs. The generalizability across these
various infection types is key for any diagnostic tool
to succeed in the real-world clinical workflow. With
attention-based feature extraction and cross-average
pooling, the model we have proposed has shown its
ability to generalize well across several datasets
showing high accuracy in comparison with existing
methods. This generalization ability is crucial in
order to deploy the model on a broad spectrum of
clinical settings, with patients suffering from
infection types and severity levels.

Besides the model having high diagnostic accuracy,
it possesses several inherent practicularly
advantages that are advantageous for its clinical
workflow integration. One of the most important
among these is its interpretability. In the medical
domain, especially in radiology, having a model that
only achieves good performance is not enough; it is
essential as well to explain why it arrived at the
prediction it was made. It is essential, particularly
when the model is making a prediction that may
conflict with the original judgment of a rater. Our
model based on the attention mechanism, is able to
fill this gap with a useful tool: we are able to
generate attention maps showing which regions of
the image did our model attended to when it was
making its decision. Clinicians can use these maps
to validate the model detections and as visual aids to
understand the relevant features for diagnosis. This
type of clarity is paramount to establish confidence
clinical use of automated diagnostic annotations.

In addition, the proposed model can potentially
alleviate the heavy workload of healthcare
professionals, especially in resource constrained
settings where expert radiologists are few. For
example, lung infections such as pneumonia and
covid-19 are endemic to many countries of low-and
middle-income,  contributing to  respiratory
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diagnostics being a particularly overburdened area.
Automation of identifying these infections
accurately and reliably by a deep learning model
would therefore relieve some part of this burden off
healthcare workers, letting them to concentrate on
other important aspects of patient care. The
proposed model in this context may be a diagnostic
aid as it can help predict the chest X-ray quickly and
accurately and therefore, guide the clinicians to
treatment outcome.

The only other consideration for future work on this
model is its portability to clinical imaging tasks.
Although we have focused on lung infections in this
study, the idea of attention based feature extraction
and the cross-average pooling can be widely applied
to other medical image analysis tasks. For instance,
these methodologies may be employed to enhance
the identification of tumors, organ diseases or to
detect any other variety of pathologies that manifest
through fine adaptations in the visual dimension.
The model's architecture is generalizable, capable of
being customized for diagnostic applications across
diverse subspecialties in medicine, which could
change how medical images are interpreted among
multiple specialties.

To sum up, this paper contributes a valuable
research work to improve the existing mechanism in
the lung infection detection which outperforms
traditional CNN-based methods. Up using fused
attention-based feature extraction and cross average
pooling, which can capture the most discriminative
region from an image to make more precise
discriminations while keeping enough spatial
information for interpretability. Experimental
results show the model outperforms traditional
approaches, especially when infection patterns are
subtle or overlap. In addition, the model can be
easily deployed in wide-ranging clinical settings due
to its versatility and generalization performance that
enables high diagnostic accuracy as well as saving
of time required by healthcare personnel. Given the
ever-increasing need of automated diagnostic tools
particularly highlighted during global health
emergencies like COVID-19, our model holds great
promise in improving the diagnosis and
management of lung infections along with various
other medical conditions. In the future research, we
will improve the model architecture and test on other
medical imaging applications, in order to achieve a
more universal and reliable diagnostic assistance
tool for daily clinical diagnosis.
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