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Abstract Pneumonia is the primary cause of death in

children under the age of 5 years. Faster and more accu-

rate laboratory testing aids in the prescription of appro-

priate treatment for children suspected of having pneu-

monia, lowering mortality. In this work, we implement

a deep neural network model to efficiently evaluate pe-

diatric pneumonia from chest radio graph images. Our

network uses a combination of convolutional and cap-

sule layers to capture abstract details as well as low level

hidden features from the the radio graphic images, al-

lowing the model to generate more generic predictions.

Furthermore, we combine several capsule networks by

stacking them together and connected them with dense

layers. The joint model is trained as a single model us-

ing joint loss and the weights of the capsule layers are

updated using the dynamic routing algorithm. The pro-
posed model is evaluated using benchmark pneumonia
dataset[14], and the outcomes of our experimental stud-
ies indicate that the capsules employed in the network

enhance the learning of disease level features that are

essential in diagnosing pneumonia. According to our

comparison studies, the proposed model with Convo-

lution base from InceptionV3 attached with Capsule
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layers at the end surpasses several existing models by

achieving an accuracy of 94.84%. The proposed model

is superior in terms of various performance measures

such as accuracy and recall, and is well suited to real-

time pediatric pneumonia diagnosis, substituting man-

ual chest radiography examination.

Keywords Capsule layers · Capsule networks ·
Dynamic routing · Transfer Learning · Pneumonia

Prediction

1 Introduction

Pneumonia is a type of respiratory infection caused by

bacterial infection [16]. With the world under the grip

of COVID-19, pneumonia has once again taken cen-

tre stage due to symptoms similar to COVID-19 [10].

According to the World health Organization (WHO)

statistics, pneumonia accounts for 15% of all deaths in

children under the age of five. Majority of these deaths

are avoidable if the disease is appropriately diagnosed

[22]. The most widely used method for diagnosing pneu-
monia is manual chest radio graph analysis, but it is
impractical and less reliable on a large scale [9]. Hence,
there is a strong need for Computer Aided Diagno-

sis (CAD) tools that aid in the diagnosis of pneumo-

nia.

In recent years, research community shifted their focus

on building fully automated tools for “reading chest ra-
dio graphs” and this has been an active research area.
Following the advent of deep learning, numerous Con-

volutional Neural Network (CNN) models have been

developed and successfully used for diagnosing pneu-

monia from radio graph images [13]. According to the

empirical studies in the literature, adding more convo-

lutional layers to the model improves the precision of



2 Jyostna et al.

Table 1 Recent Neural network Models on chest Radio graphs

Ref Description Scores

Ozturk[18] Customised Darknet Model Avg Recall:85.35%

Ayan [4] Uses Pretrained VGG16 model with ImageNet weights Accuracy: 87.00%.
Muhammad Irfan[12] DNN with CNN and LSTMS layers Recall: 88.10%

Sharma [23] Uses two convolutional Neural Networks; One for feature
extraction; Other for classification of pneumonia

Accuracy: 90.68%

Narin[17] Transfer learning on pretrained models Recall: 92.10%

Kermani [14] Follows transfer learning approach; Fine-tuning of
InceptionV3; Critical pre-processing approaches

Accuracy: 93.20

Stephen [24] Customised CNN from scratch Accuracy: 93.73%

Samir[25] Fine-tuned VGG16 with dropouts Accuracy: 93.80%

Savaria [22] Convolutional neural network model developed from scratch;
Trained using gray-scale converted, normalized and re-scaled
chest images

Accuracy: 95.07%

Ibrahim [11] Uses AlexNet as a reference model Accuracy: 94.15%
RajPurkar[19] 121 layered custom CNN Model F1-Score:95.12%

Altan[3] 2d curvlet images On EfficientNet-B0 Recall:95.68

Chowdhary [7] ChexNet Recall:96.61%

Almalki[2] Transfer learning with IRV2 Recall : 97.02%

these CNN models [22]. Deep pre-trained CNN models,

such as VGG16, VGG19, ResNet50, and Inception-v3,

have been shown to be effective in solving variety of

real-world applications. These pre-trained models are

extensively used and have shown considerable gains in

pneumonia recognition from chest radio graph images
[13]. According to empirical studies in the literature,
fine-tuning the pre-trained models leads to faster con-

vergence and higher scores than constructing models

from scratch [8]. Further research shows that the per-

formance of deep learning models such as Mobile-Net

and VGG-16 outperform conventional machine learning
models such as Logistic regression, Support vector ma-
chines (SVMs), K-Nearest Neighborhood (KNN), Ran-
dom Forest, XGBoost and Cat-Boost [5]. A deep Con-

volutional Neural Network (CNN) architecture with 10

layers [22] was developed to detect pneumonia in chil-

dren under the age of five, which was trained using

gray-scale converted, normalized and re-scaled images.
Majority of the existing models rely on Convolutional
Neural Networks, which set benchmark performance for

the diagnosis of diseases such as pneumonia from im-

ages [1]. Convolution operations used in CNNs extract

higher level features from input images, followed by

sub-sampling operations which aids in increasing net-

work depth. Table 7 outlines few more remarkable neu-

ral network models for pneumonia prediction from the

literature.

CNNs are strong in identifying a hierarchy of spatial

features from images they are not very effective at inves-

tigating the spatial relationships between those features

and the same has been pointed out by Geoffrey Hinton

[20]. On the other side, for medical imaging applica-

tions, such low-level details can not be disregarded since

they are likely to play a vital role in disease prediction.

Addressing these issues, we present deep capsule net-

work models for predicting pneumonia from radio graph
images of the newborns. The proposed deep learning ar-
chitecture combines the features of CNNs and deep cap-
sule networks, captures disease details from the chest

images including low level features. We further stacked

up multiple such capsule networks and an ensemble

model is implemented to create a much robust model.

Empirical studies on bench mark datasets [14], demon-

strate that the proposed model is superior than exist-

ing models, improving pneumonia prediction accuracy

from 92.80% to 95.46%. The model is also evaluated

in terms of various performance measures such as pre-
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Fig. 1 Demonstration of the Pneumonia prediction system in Healthcare industry

cision, recall, F1-score, and AUC-ROC, with improve-

ments noted. Figure 1 depicts the abstract view of the

pneumonia prediction system in the medical field and

figure 4 depicts the detailed architecture of the pro-

posed system.

2 Methodology

This section gives a summary of the dataset used along

with comprehensive details of the proposed model.

2.1 Dataset

For the experimental studies, we use a pediatric pneu-

monia benchmark dataset developed by Kermany [14].

The dataset consists of 5863 Chest radio graph im-

ages in JPEG format from the Normal and Pneumonia

classes. All of the images in the dataset were obtained

from the Guangzhou Medical centre, where the radio-

graphic image impressions were captured from children

aged 1 to 5 years old suffering from pneumonia. Figure

2 shows sample radio graph images from either classes.

The dataset comprises a training set with 5216 images,

a validation set with 16 images, and a test set with 640

images.

Class Train set Validation set Test Set

Normal 1073 268 242
Pneumonia 3100 775 398
Total 4173 1043 640

Table 2 Summary of the Dataset

Fig. 2 Sample chest radio graph images from the Kermani
dataset (a) Pneumonia affected (b) Healthy (Normal)

The validation set of the set comprises only 16 images,
which is insufficient for model hyper parameter tuning,
we consider 20% of the images from the actual training
dataset to validate the model. Table 2 showcases sum-

mary of the dataset. Class imbalance present in the

dataset is visualized using a doughnut plot in figure 3,
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Fig. 3 doughnut chart depicting class wise samples of the
Kermani dataset

depicts the number of normal chest radio graph images

and Pneumonia infected images.

2.2 Model

The primary objective of this study is to develop a

high-precision model for automated diagnosis of dis-

eases from medical images, with an emphasis on de-

tecting infant pneumonia from chest radio graph im-

ages. Realizing our set objective, we introduce Chx-

EnsCapsNet, a deep learning framework based on cap-

sule networks for the effective identification of pediatric

pneumonia from chest radio graph images.The com-

plete block diagram of the proposed work is depicted in

figure 4.The proposed ChxEnsCapsNet consists of five

different blocks, which are extensively discussed in the

following sections: data augmentation and preprocess-

ing block, Spatial feature extraction, Convolution base,

Capsule base and disease Prediction block.

2.3 Data augmentation and preprocessing

Medical image datasets are notoriously unbalanced, with

extremely few examples in certain classes compared to

the rest of the classes. It is critical to address the class

imbalance issues and if not addressed may lead to a

bias in the model favoring the majority class. We han-
dle this problem by applying variety of augmentation
approaches such as zoom, shear, horizontal flipping to
generate synthetic images and the model is trained us-

ing these extended dataset which ultimately helps to

reduce the problem of over-fitting. In addition, all the

images are resized to bring them to uniform shape be-

fore they are passed to the models. Each image has been
re-scaled such that every pixel value of the image lies
between 0 and 1, this a common practice followed for

neural network training and this ultimately helps the

model to converge faster.

2.4 Spatial Feature Representation Learning from

Chest radio graph images

Feature representation of the images is a key to the
performance of a machine learning model. Deep neu-

ral networks are successful as they capture hierarchi-

cal representation of such features from the raw images

provided at the input layer. Convolutional Neural Net-

works (CNN) are specifically capable of summarizing

the presence of patterns and aggregates the presence of

discovered patterns by applying a sequence of Convolu-

tion operations followed by Pooling operations on the

input image [6]. The filters used in the convolution op-

erations of CNNs are called as kernels, and are automat-

ically learned during the training process. In this work,

we propose to leverage the power of deep pre-trained
models such as VGG16, Xception, MobileNet, Inception
ResNetV2, Inception3 for feature extraction.

The advantage of using pre-trained models is two fold:

first it avoids the training of deep networks from scratch

and the second benefit is this brings the power of the

deep networks for the extraction of feature representa-

tions with spatial information from radio graph images.

Uniqueness of this module is unlike the existing mod-
els the features are extracted from the convolution lay-
ers of the deep pre-trained models. Feature descriptors

extracted from the fully connected layers loose the lo-

cal feature information while the convolution base pre-

serves the local feature information from radio graph

images which ultimately helps in identifying pediatric

pneumonia recognition.

2.5 Capsule Networks

The spatial feature representation module produces a

set of feature maps, where each feature map repre-

sents certain spatial information about the input radio

graph images. These spatial representations obtained

from the convolutional layers of deep pre-trained mod-

els are passed to the subsequent Capsule Layers to ex-

tract much low-level details pertaining to the pneumo-
nia disease.

Neurons are the basic elements of conventional neural

network models, where the input to a neuron is a scalar

and the output of a neuron is another scalar. This re-

stricts the ability of CNN to learn the direction of the

captured objects and therefore CNNs are not robust to

transformation and rotation. On the other hand Cap-

sule Networks (CApsNEts) consists of a series of cap-

sule layers and are invariant to transformation and ro-

tation by preserving the spatial information through-

out the network. Each capsule layer consists of multiple
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capsules. The core unit of these CapsNets is a capsule,

which is characterized as a collection of neurons that de-

termine the likelihood of whether or not particular ob-

jects (entities) are present in a picture, as well as their

orientation. Unlike traditional neurons, the input to a

capsule is a vector, ui, and by using a non-linear squash
function it results in a vector vj as output. The norm of

the pose vector encodes the probability that an object

of interest is present, while its direction represents the

object’s pose information, such as location, size, and

orientation. Each capsule performs several complex op-

erations such as affine transformation, weighted sum,

squashing function on the input and encapsulates the

result into a small vector of highly informative output.

Let ul
i be the input vector from a low level capsule, i

at layer l and, vl+1
i be the output vector at higher level

capsule, j at layer l + 1. The following affine transfor-

mation takes place to encode the lower level features

into a higher level abstract representation:

ûl+1
j|i = W l

iju
l
i (1)

Where W l
ij is the weight matrix and learns the spa-

tial relationships between the input features during the

model training. A weighted sum operation is applied

on the resultant vector, ûj|i, where the lower level cap-

sule will send its input to the higher level capsule that
“agrees” with its input. The output of Capsule j, at

layer l + 1 is denoted by sl+1
j , is a weighted sum of all

the incoming predictions ûj|i:

sl+1
j =

∑

i

cij û
l+1
j|i (2)

where cij are the coupling coefficients such that
∑

i cij =
1 and cij ≥ 0 ; ∀j. These coefficients are determined

by the routing by agreement procedure or the dynamic

routing algorithm.

At the end, a squash function, is applied on the output
vector sl+1

j to get non-linearity and to squash the values

between 0 and 1.

vl+1
j =

∥

∥sl+1
j

∥

∥

2

1 +
∥

∥sl+1
j

∥

∥

2

sl+1
j

∥

∥sl+1
j

∥

∥

2 (3)

In equation 3, the first term on the right hand side of
the equation does the scaling while the second term
normalizes the data.

For every capsule i, at layer l:

cij =
exp(bij)

1 + exp(bij)
) (4)

where bijs are the logit values that indicate whether

capsules i at layer l and the layer j at layer l + 1 have

strong coupling. In other words, it is a measure of how

much the presence of the capsule j is explained by the
capsule i. Initially, all bij should be equal. Over the

iterations, update b such that their sum of weighted

inputs will be squashed.

2.6 Deep Capsule Networks for the Detection of

Pneumonia in Chest radio graphs

Observing the representation power CNNs, the con-

straints of sub-sampling layers of CNNs and capabilities
of capsule networks, we propose a deep neural network
framework that leverages the benefits from both these

models.

The proposed model comprises of convolution base along

with capsule layers at the end of the network. The

convolution base of the proposed framework is taken

from the deep pre-trained models like VGG16, Incep-

tion ResNetV2, InceptionV3, MobileNet and Xception.

The layers close to the output layers of these models
are removed, the remaining layers are frozen, and the
weights from the ImageNet-trained models are utilized

for these layers. These frozen layers serve as the con-

volution base of the model to get the spatial represen-

tations of the chest radio graph images. Then capsule

layers are added on top of the convolution base to get

the low-level pneumonia specific details from the spa-
tial representations of radio graph images. Finally, at
the end of the network, fully connected layers are at-

tached to identify the presence of pneumonia when an

input chest radio graph images is fed to the network.

These models are then trained in an end-to-end manner

on the chest radio graph images for the identification

of Pneumonia.

Each of the pre-trained model produces spatial repre-

sentation of the radio graph images in different sizes.

The number of capsules and dimensions of the cap-

sules used in the model are decided according to the

dimensions of the spatial representations produced by

the deep pre-trained models.

Each radio graph image passes through a sequence of

non-linear layers where the first set of non-linearity

comes by using convolution base of the deep pre-trained

models and helps to grab the spatial representations

from the radio graph images while the second set of

non-linearity comes by using the capsule layers which

in turn helps to capture the pneumonia disease specific

details. The same can be represented in mathematical

terms using the below equations:

x̂ = g(h(x)) (5)
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where x is the input, h(.) and g(.) refers to the non-

linear mapping of the input values while x̂ is the non-
linear representation of the input x.

The conventional deep neural network models that uses

convolution base alone are most likely to loose the low-

level details from the input images that are most crit-

ical for the disease detection. The significance of the

proposed model is that it attempts to derive a model

that uses capsule layers which is capable of obtaining

low level details from the chest images. Instead of just

relying on convolutional layers, the proposed model is

designed with a right mix of convolutional and cap-

sule layers and is trained in end-to-end manner target-
ing to achieve superior performance over existing mod-
els.

2.7 Stochastic Ensemble of Deep Capsule

Networks

We use ensemble of capsule networks to further improve
the performance of the models that we have developed.
It is a known fact that ensemble of multiple machine

learning models results in better performance compared

to the performance of any of the single model involved.

This is because of the reason that the ensemble of mul-

tiple models gets the benefit from all the individual cap-

sule networks and helps in boosting the model perfor-

mance. Commonly used approaches to neural networks

ensemble include concatenation, average, weighted av-

erage. In case of concatenation ensemble, the outputs

from the models involved in ensemble process are sim-

ply concatenated to form a single tensor while in av-

erage ensemble approach the outputs are averaged to
produce a single tensor. Weighted ensemble approach
is the most successful approach where each model out-

puts are multiplied with weights and then the output is

formed as a linear combination of the weighted values.

Each capsule network is attached with a softmax layer

to produce the probability of the type of disease. Let us

consider yi = {yi1, yi2, ....yiC} are the scores produced
by the softmax layer of the ith capsule network where

the model is designed to predict C different diseases.

Each of the ensemble approaches can be mathemati-

cally expressed as:

y =

k
∑

i=1

yi =

k
∑

i=1

yi1, yi2, ....yiC (6)

y =
k
∏

i=1

yi =
k
∏

i=1

yi1, yi2, ....yiC (7)

y =
k

∑

i=1

λiyi where
k

∑

i=1

λi = 1 (8)

In equations 6, 7 and 9, y refers to a tensor that is

a fused representations of the outputs from multiple
capsule networks.

Limitation of these ensemble approaches is, which type

of approach is suitable for the given application has to

be decided empirically. Addressing this limitation we

propose to use a stochastic ensemble approach which

enables the model to decide on the type of fusion ap-

proach to be used. This model is termed as a stochas-

tic model as it is capable of learning the appropriate

weights suitable for fusing the output scores of the cap-

sule networks. We design this stochastic ensemble ap-

proach using a fully connected neural network model

and the computation can be represented as:

y =

k
∑

i=1

λiyi where

k
∑

i=1

λi = {−∞,+∞} (9)

In equations 6, 7 and 9, y refers to a tensor that is

a fused representations of the outputs from multiple

capsule networks.

Another benefit of using neural network layers for stochas-

tic ensemble is these layers can be attached to the out-
puts layers of the capsule networks.

Thus the stochastic ensemble receives disease predic-

tion scores and produces the type of disease with high

precision. We call the proposed ensemble model as Chx-

EnsCapsNet, an ensemble of stacked capsule networks

for detection of pneumonia from chest X-ray images and

the complete architecture of the proposed ChxEnsCap-
sNet is shown in Figure 4.

3 Model training

All the experiments are conducted in the Google Co-

laboratory with the Keras and TensorFlow libraries.

All of the baseline models, as well as the proposed

model, are trained using data from the train split of

the dataset, and the results are reported for the test

split.

We empirically determined the values of hyper parame-

ters by observing the model performance while altering
the parameters within defined ranges.The learning rate
is set to 0.0001 for all models, while the weight and bias
regularization rates are set to 0.001 to 0.1. Stabilizing

the performance of the models in all in all the experi-

ments, the models are allowed to run for 200 epochs.

The model loss is computed by taking into account

the cross-entropy loss between the predictions and the
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Fig. 4 Architecture of Proposed ChxEnsCapsNet: Transfer learning based Deep Capsule Networks for detection of Pneumonia
in Chest radio graph images

ground truths, and the model parameters are optimized

using ADAM optimizer. The model loss is evaluated

during training, and if there is no change in loss after

5 epochs, the training is terminated since the patience

value is set to 5. We use the checkpoint method to select

the model with the best validation split performance.

3.1 Evaluation and statistical Analysis

Different classification metrics such as Accuracy, Pre-

cision, Recall and F 1 Score are used to determine the

efficiency of the proposed model for the detection of

pneumonia from lung images. Accuracy is defined as

the proportion of properly recognized images to the to-

tal number of images analyzed. Precision shows how

many of the total images projected as pneumonia are

really influenced by pneumonia. Recall indicates how

many of the actual pneumonia images are predicted as

pneumonia. The harmonic mean of Precision and recall
is used to get the F1 Score and following mathematical

expression is used to compute:

F1Score =
2 ∗ Precision ∗Recall

Precision+Recall
(10)

Furthermore, we report measures such as AUC (Area
under the curve) of the ROC (Receiver operating char-
acteristic) popularly known as AUC-ROC, which is es-

pecially useful when working with datasets with class

imbalance. ROC is a probability curve and is plotted

with True Positive Rate (TPR) against the False Pos-

itive Rate (FPR). AUC of the ROC aids in quantify-

ing how well the proposed model performs at various

threshold levels. The greater the AUC, the better the

model distinguishes radio graph images between the

pneumonia and normal [15]. Following are the mathe-

matical expressions for TPR and FPR measures:

TPR =
TP

TP + FN
(11)

FPR = 1− Sensitivity =
FP

TN + FP
(12)

In the above expressions TP and TN refers to True
Positive and True Negative cases similarly FP and FN
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Table 3 Performance comparison of deep pre-trained CNN models for pediatric Pneumonia Prediction

Model Accuracy Precision Recall F1 Score AUC

Inception ResNetV2 86.87 86.87 95.22 90.02 84.18
InceptionV3 86.71 86.71 79.64 88.17 88.99
VGG16 90.62 90.62 97.48 92.82 88.41
MobileNet 90.93 90.93 99.49 93.17 88.17
Xception 91.25 91.25 98.49 93.33 88.91

refers to the total number of False Positive and False

Negative cases.

4 Results

This section provides the experimental outcomes of the

baselines as well as the proposed model.

4.1 Transfer Learning approaches for pediatric

Pneumonia Prediction

The chest radio graph images of the dataset are used

to fine-tune deep pre-trained models such as VGG16,

Xception, MobileNet, Inception ResNetV2, Inceptionv3,

and these models serve as the baselines for the proposed

model. The convolutional base of these deep pre-trained

models is loaded after removing the final softmax layer.

This convolution base of the deep networks produces

spatial representations corresponding to the the input

radio graph images. A neural classification model is at-

tached to the convolution base in order to confirm the

presence or absence of pneumonia in the radio images.

The neural classification model is designed with an op-

tional Global Average Pooling (GAP) layer followed by
a sigmoid activated dense layer. The weights of the con-
volutional layers are frozen and are loaded with Ima-
geNet weights and the dense layers of the model are

fine-tuned using the chest radio graph images from the

dataset. This neural classification head predicts whether

pneumonia is present or not in the given radio graph im-

age. Prior to transferring the chest radio graph images
to deep pre-trained models, they are passed through a
pre-processed module where feature-wise normalization

takes place and are further reshaped so that they are

accepted by the pre-trained models.

Table 3 compares the effectiveness of various baseline
models for pediatric pneumonia prediction using chest
radio graph images. According to the table, fine-tuning

Xception network results in an accuracy of 91.25%,

placing it on top among other models in terms of per-

formance. Similar trends may be noticed in the other

scores as well. This might be due to the depth-wise con-

volutions used in the Xception network, which allow the

model to learn hidden spatial details from the input ra-

dio graph images. We can even observe that VGG16

and MobileNet outperform InceptionV3 and IRV2 in
terms of performance.

4.2 Capsule Networks for Pneumonia

Prediction

In this experiment, we evaluate the efficiency of cap-

sule networks in detecting pneumonia from chest radio
graph images. We hypothesize that the capsule layers
in the capsule networks have the potential to extract

minute details from the input radio graph images. Ini-

tially, spatial representations from the radio graph im-

ages are extracted by passing them to the deep pre-

trained models after removing the final dense layers.

Then we attach capsule layers on to the convolution
base and then we attach dense layers for classification
of the disease. Attaching the capsule layer directly on

the convolution base is not feasible and hence we re-

shape the spatial tensor such that we can add capsule

layers on top of that. The weights of the convolutional

layers are frozen and are loaded with ImageNet weights

and the capsule layers along with dense layers of the
model are fine-tuned using the chest radio graph im-
ages from the dataset.

For instance, if the convolution base of VGG16 is used,

then from its final convolution layer we receive a tensor

of size 7×7×512, which is the spatial representation of
the input image. This 3-D tensor is then reshaped into

49× 512 representation and then a capsule layer is at-

tached to get the tiny details about the disease. The pri-

mary capsule layer contains single capsule with each of

dimension 512. This primary layer produces a 49× 512

output. This is flattened and passed through a 512 neu-

ron dense layer with ReLU activation for non-linearity

and finally a sigmoid neuron is attached at the end for

pneumonia classification. Similarly Capsule Networks
are developed for each of the pre-trained models. The
hyper-parameters used for these models are same as
those used with baseline models.

Table 4 compares the effectiveness of capsule networks

for pneumonia detection. From table 4, we can see that



ChxEnsCapsNet for Pneumonia Prediction 9

Table 4 Performance of deep Capsule Networks for pediatric Pneumonia Prediction

Model Accuracy Precision Recall F1-Score AUC

VGG16Caps 91.06 91.09 90.70 92.68 91.21
XceptionCaps 92.03 92.03 95.54 93.30 90.90
MobileNetCaps 93.75 93.75 97.23 95.08 92.62
Inception ResNetV2Caps 94.06 94.06 93.21 95.12 94.33
InceptionV3Caps 94.84 94.84 97.73 95.93 93.91

Table 5 Performance analysis of Ensemble stacked baseline neural network Models

Model Accuracy Precision recall F1 Score AUC

Baseline Classifiera 91.87 90.04 97.73 93.73 89.9
Baseline Classifierb 92.81 92.71 95.97 94.32 91.79
Baseline Classifierc 92.96 91.14 98.24 94.55 91.26
Baseline Classifierd 93.28 93.39 95.97 94.67 92.4
Baseline Classifiere 93.59 92.80 97.23 94.96 92.41

the network with convolution base of InceptionV3 (In-

ceptionV3Caps) outperforms other models when com-

pared to the rest of the models. When compared to the

baseline models, shown in table 3, networks with cap-

sule layers offer superior performance. The convolution
base of the models learn spatial representations from ra-
dio graph images while the pneumonia disease specific
features that are concealed in the spatial representa-

tions are learned by the capsules utilized in these net-

works and helps in improving the performance. Among

all the models InceptionV3Caps network achieves bet-

ter accuracy and when compared to VGG16Caps, Xcep-
tionCaps, MobileNetCaps, and Inception ResNetV2 Caps.

4.3 Ensemble Stacked Deep Neural Networks for

Pneumonia Prediction

From the previous two sets of experiments, we may de-

duce that capsule layers used in the capsule networks

aid in extracting minute details from chest X-rays and

helps in exact detection of pediatric pneumonia. Ensem-

ble of multiple models is commonly used to boost up

the classification performance of these individual clas-

sification models. We hypothesize that ensemble of our

individual models also leads to offer superior perfor-

mance. Unlike the conventional ensemble approaches

like max voting, bagging or boosting, our ensemble ap-

proach is quiet different. We extract the predicted prob-

abilities from individual models and pass them to a

multi layer perceptron (MLP). Instead of training these

two models in isolation, we join these two models, the

individual classification models and the MLP model,

and are trained in an end to end manner. Table.5 rep-

resents classification performance of ensemble classifier

by varying the baseline models. In the first experiment

we ensemble the baseline models and then later we en-

semble the capsule networks.

Table 5, shows the performance obtained by the mod-
els that are the ensemble of baseline Classifiers. In-

stead of blindly stacking all the baseline CNN mod-

els, we experimented with different combinations. Ta-

ble 5 shows five different combinations of baseline mod-

els. The model named Baseline Classifier,a refers to the

ensemble of VGG16, Xception, MobileNet, Inception

ResNetV2, InceptionV3. Baseline Classifierb is the en-
semble of InceptionV3, Xception, MobileNet, Inception

ResNetV2. Baseline Classifierc is ensemble of Xception

,Inception V3, MobileNet. Baseline Classifierd is ensem-

ble of VGG16, Inception ResNetV2, Xception. Baseline

classifier e is the ensemble of VGG16, Inception V3,

Xception, MobileNet. Baseline Classifiere achieves an

accuracy of 93.59% which is superior to other models.
When we compare the results in 5 with those of 3, we

can understand that the ensemble models significantly

improve the accuracy compared to those of the single

individual models. Baseline Classifier,a achieves an ac-

curacy of 91.87%, while Baseline Classifierb, Classifierc

and Classifierd achieve accuracy of 92.81%, 92.96% and
93.28% respectively. In the next experiment we ensem-

ble the capsule network models developed for pneumo-

nia classification. The approach to ensemble is similar

to those of the baseline models. Classifiera is the en-

semble of XceptionCaps, InceptionV3Caps, Inception

ResNetV2Caps, and VGG16Caps. Classifierb is the en-

semble of XceptionCaps, MobileNetCaps, VGG16Caps,
InceptionV3Caps, and Inception ResNetV2Caps.Classifierc

is the ensemble of MobileNetCaps, Inception ResNetV2Caps,
and InceptionV3Caps. Classifierd is the ensemble of Xcep-

tionCaps, MobileNetCaps, and Inception ResNetV2Caps.
Classifiere refers to the ensemble of XceptionCaps, In-

ception ResNetV2Caps, Inceptionv3Caps, and MobileNet-
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Table 6 Performance analysis of Ensemble stacked Capsule neural network Models

Model Accuracy Precision recall F1 Score AUC

Classifiera 94.58 96.67 94.72 95.55 94.50
Classifierb 94.84 95.28 96.48 95.88 94.33
Classifierc 95.00 95.20 96.48 96.0 94.52
Classifierd 95.15 95.53 96.73 96.12 94.84
Classifiere 95.46 96.47 96.23 96.25 95.22

Table 7 Comparison study of the proposed ChxEnsCapsNet with state-of-the-art models for Pneumonia Classification

Model Accuracy Precision recall F1 Score AUC

Kermany[14] 92.8 – 93.2 – 96.8
Ayan[4] 87.0 – 82 – –
Sharma[23] 90.68 – – – –
Sahlol[21] 94.18 – 87.22 – –
Ibrahim[11] 94.15 – – – –
Samir S Yadav[25] 93.8 94.4 93.8 – –
O Stephen[24] 93.73 – – – –
Saraiva[22] 95.07 95.72 94.85 95.3 –
ChxEnsCapsNet (Ours) 95.46 96.47 96.23 96.25 95.22

Caps. The performance obtained by each of these en-

semble approaches is reported in table 6.

From table 6, we can observe the performance of models
that follow ensemble of stacked capsule networks. These
ensemble models Classifiera, Classifierb, Classifierc, Classifierd,

and Classifiere achieve accuracy of 94.58%, 94.84%, 95.00%,

95.15% and 95.46% respectively. When we compare the
results in 6 with those in table3, table5, and table 4, we

can infer that capsule networks are superior compared

to those of conventional CNN models. We can even ob-

serve that ensemble of models significantly helps in im-

proving the performance of the models and are most

suitable for pneumonia detection. Especially the recall

of these capsule networks is stable compared to those of

the CNN models. The Classifiere, which is an ensemble

of stacking XceptionCaps, Inception ResNetV2Caps, In-

ceptionv3Caps, and MobileNetCaps is superior in terms

of accuracy, precision, recall, F1 score and AUC. We

call this model as ChxEnsCapsNet and we claim that

this model is more appropriate for pediatric pneumonia

detection.

5 Discussion

From the previous set of experiments and their out-

comes, we understand that capsule networks are supe-

rior to the deep CNN models as they are capable of

extracting the minute details from chest X-ray images

of kids. In order to validate the model, we compare our

proposed ChxEnsCapsNet model with the baselines.

We also compare our ensemble model performance with

numerous state-of-the-art models available in the liter-

ature on the benchmark kermany dataset [14]. Most of

the previous researches rely on the concept of trans-

fer learning for detection of pneumonia from chest x-

rays. This is the first time with the concept of trans-

fer learning we fine-tuned Pretrained Neural Networks
by adding capsule layers at the end of the deep net-
works.

In table 7, we reported the performance of various state-
of-the-art deep neural network models and compared
the performance of our proposed ChxEnsCapsNet. The

model by Kermany [14] which follows transfer learning

approach that uses fine-tuning of InceptionV3 achieves

92.8% accuracy. The pre-processing approached they

have used is much critical and helped in achieving that

accuracy. Ayan [4] used pretrained VGG16 model with
ImageNet weights for classification of pneumonia and
achieves an accuracy of 87.00%. Sharma [23] used two

convolutional Neural Networks, one for feature extrac-

tion and the other for classification of pneumonia in

chest x-rays and his classification model produced an

accuracy of 90.68%. Ibrahim [11] worked for classifi-
cation of pneumonia by using AlexNet as a reference
model and achieved 94.15%. Stephen [24] developed a
customised CNN from scratch which was able to achieve

an accuracy of 93.73%. Samir[25] fine-tuned VGG16

with dropouts which was able to achieve an accuracy of

93.80%, which was significantly better compared to that

obtained by the standard VGG16 model. A Convolu-
tional neural network model developed from scratch [22]
and trained using gray-scale converted, normalized and
re-scaled chest images achieved an accuracy of 95.07%.

Our proposed Ensemble Capsule network is superior in
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terms of accuracy and various other metrics when com-

pared to other models. Though the accuracy achieved

by [22] is almost close to ours, their recall is inferior

to the proposed ChxEnsCapsNet model. With this we

claim that the proposed ChxEnsCapsNet model is more

robust compared to other models and much appropriate

for pediatric pneumonia detection.

6 Conclusion

In this work, we introduced deep capsule neural net-

work model for effective prediction of pediatric pneu-

monia from chest radio graph images. The spatial rep-

resentations from the pre-trained CNN models capture

multiple levels of abstract details from chest radio graph
images while they fail to capture the low level hidden
details. We develop networks with a combination of con-

volutional and capsule layers that are suitable for cap-

turing high level as well as disease level details from

the spatial representations that are critical for the pre-

diction of pneumonia. These capsule layers used in the

model allows it to learn low-level features that were

ignored by convolutional layers and allows the model

to produce generic predictions. From the outcomes of

our experimental studies on benchmark Kermany [14]

dataset,we claim that InceptionV3 as a convolutional

base along with capsules our model, designated as Chx-

EnsCapsNet, is superior to the vanilla convolutional

models. Our experimental results reveal that the pro-

posed model is capable of predicting pneumonia in chil-

dren with improved accuracy, recall and AUC-RoC, and

is well suited to real-time pediatric pneumonia diag-

nosis, substituting manual chest radiography examina-

tion.

Limitation of the proposed model is, if the model is
trained from scratch with out applying transfer learn-
ing approach, then the model does not behave as in-

tended due to lack of sufficient data. In future, this

model can be extended to include attention mechanism

along with capsule layers which is believed to give dis-

tinguished focus to the regions critical to the discrimi-

nation of disease. Further we are interested in designing
a composite model with an encoder comprising convo-
lutional layers and the other encoder consisting of Cap-

sule layers and train the joint model with a single loss

function for pneumonia prediction. We are interested

to check the performance of these models in a normal

patient population where other respiratory conditions

would be present.
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3. Aytaç Altan and Seçkin Karasu. Recognition of covid-
19 disease from x-ray images by hybrid model consisting
of 2d curvelet transform, chaotic salp swarm algorithm
and deep learning technique. Chaos, Solitons & Fractals,
140:110071, 2020.

4. Enes Ayan and Halil Murat Ünver. Diagnosis of pneu-
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