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Abstract: Pneumonia is a leading cause of illness and death in children, underscoring the need
for early and accurate detection. In this study, we propose a novel lightweight ensemble model
for detecting pneumonia in children using chest X-ray images. Our main contribution lies in
the development of a novel, particularly weighted average ensemble model that combines two
lightweight pre-trained convolutional neural networks (CNNs), MobileNetVV2 and
NASNetMobile, an ensemble combination that has not been previously explored in the field of
deep learning for image classification tasks. These models were selected for their balance of
computational efficiency and accuracy, fine-tuned on a pediatric chest X-ray dataset, and
combined to enhance classification performance. The proposed ensemble model achieved a
classification accuracy of 98.63%, significantly outperforming individual models such as
MobileNetV2 (97.10%) and NASNetMobile (96.25%) in terms of accuracy, precision, recall,
and F1 score. Moreover, the ensemble model outperformed state-of-the-art architectures,
including ResNet50, InceptionVV3, and DenseNet201, while maintaining computational
efficiency. The proposed lightweight weighted average ensemble model presents a highly
effective and resource-efficient solution for pneumonia detection, making it particularly
suitable for deployment in resource-constrained settings.

Keywords: Kermany dataset; transfer learning; lightweight; compact; NASNetMobile;
MobileNetV2; feature fusion; weighted average ensemble model

1. Introduction

Pneumonia remains a critical global health concern, accounting for 14% of all
deaths of children under five years old and claiming the lives of approximately 740,180
children in 2019 [1]. This burden is disproportionately high in developing nations, where
medical resources are scarce, and energy poverty exacerbates health risks. In 2020,
household air pollution is responsible for approximately 3.2 million premature deaths
annually. Among these, 21% are due to lower respiratory infections (LRIs). Exposure to
household air pollution nearly doubles the risk of childhood LRIs and is responsible for
44% of all pneumonia deaths in children under five years old [2]. In such regions, the
challenge is further compounded by limited access to healthcare infrastructure and
severe shortages of medical personnel. For instance, there are 57 countries that face a
shortfall of 2.3 million doctors and nurses [3,4].

The accurate and timely diagnosis of pneumonia is essential to improving
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outcomes, especially in resource-constrained areas where early detection can save lives
and reduce treatment costs. Radiological diagnostic techniques such as chest X-rays,
magnetic resonance imaging (MRI), and computed tomography (CT) are widely used
for lung diseases. Among these, chest X-rays are the most common due to their non-
invasive nature and cost-effectiveness. However, the diagnosis of pneumonia using
chest X-rays heavily relies on the expertise of radiologists, and the diagnostic process
remains vulnerable to subjectivity and inconsistency, especially in regions with high
disease burden [5-7].

To address these challenges, the development of automated diagnostic systems
leveraging deep learning has emerged as a promising solution. Convolutional Neural
Networks (CNNSs), one of the most effective deep learning models, have demonstrated
significant potential in medical image identification tasks by automatically extracting
relevant features from images using backpropagation algorithms [8]. The CNN-based
approaches not only minimize reliance on manual resources but also have the potential
to promote efficiency, scalability, and reliability in pneumonia diagnosis. By integrating
Al-based automated classification systems, radiologists’ efficiency can be significantly
enhanced. These Al advancements can be particularly beneficial for underserved regions
by optimizing medical resource allocation and accelerating pneumonia diagnosis and
treatment in children [9].

The central focus of our research is to enhance the application of deep learning and
LLMs in software engineering [10,11] and medical diagnostics [12,13]. Based on recent
advancements in pneumonia detection, our goal is to develop a high-performing
classification system that addresses the computational inefficiencies and limitations of
existing CNN-based methods. To achieve this, we propose a novel weighted average
ensemble approach using lightweight models designed to improve the detection of
pneumonia from chest X-ray images. Our main aim in this study is to develop a novel
weighted average ensemble model that combines two lightweight pre-trained
convolutional neural networks (CNNs), MobileNetV2 and NASNetMobile, an
ensemble combination that has not been previously explored in the field of deep learning
for image classification tasks, aiming to enhance classification performance. For this
study, we utilized the Kermany dataset [14], a well-curated and widely recognized
collection of chest X-ray images, as the primary data source for training and evaluation.
Additionally, this dataset was used for comparative analysis to benchmark our proposed
model against existing state-of-the-art methods, ensuring a comprehensive evaluation of
performance and computational efficiency.

2. Related works

In recent studies, various approaches have been explored to improve pneumonia
detection using deep learning techniques, with the Kermany dataset [14,15], a
collection of children’s chest X-ray images, being commonly utilized in this research.
In this section, we discuss the various research efforts conducted in this field,
highlighting different methodologies and models applied to the Kermany dataset.

2.1. Pre-trained model with transfer learning

Ayan et al. conducted a comparative study using this dataset, allocating 80% for
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training, 10% for validation, and 10% for testing [16]. They fine-tuned VGG16 and
Xception models, achieving accuracies of 87% and 82%, respectively [16]. Similarly,
Thakur et al. employed the Kermany dataset with 80% for training, 10% validation,
and 10% testing and focused on fine-tuning VGG16, which resulted in an improved
accuracy of 90.54% [17]. Jain et al. also used the Kermany dataset but with a 90%
training and 10% testing split [18]. They developed six models, including two custom
models and four pre-trained models (VGG16, VGG19, ResNet50, and InceptionV3).
The custom models achieved validation accuracies of 85.26% and 92.31%, while the
pre-trained models achieved accuracies of 87.28% (VGG16), 88.46% (VGG19),
77.56% (ResNet50), and 70.99% (InceptionV3) [18]. Chhikara et al. proposed a
modified InceptionVV3 model with pre-processing techniques such as gamma correction,
JPEG compression, median filtering, and CLAHE [19]. Using the same dataset split
(80% training, 10% validation, and 10% testing), they demonstrated the effectiveness of
their approach for pneumonia diagnosis [19].

In contrast, Yee and Raymond employed InceptionV3 to extract features from chest
X-ray images and trained three classification algorithms (K-Nearest Neighbor, Neural
Network, and Support Vector Machines) on a Kaggle dataset [20]. Their Support Vector
Machines model achieved the highest AUC score of 93.1% [20]. El et al. [21] extended
their study by combining the Kermany dataset (5856 images) with an additional dataset
of 231 COVID-related images and allocated 60% of the combined data for training and
40% for validation. Their work involved various pre-trained models, including
InceptionV3, DenseNet201, VGG19, Xception, VGG16, InceptionResNetV2,
MobileNetV2, a customized CNN, and ResNet50. Using data augmentation,
MobileNetV2 and InceptionResNetV2 achieved accuracies of approximately 96% [21].
Knock et al. adopted a transfer learning approach using VGG186, splitting the dataset into
90% for training and 10% for testing. Their model achieved an accuracy of 94% [22].

2.2. Custom deep learning techniques

Liang and Zheng designed a novel network architecture with residual structures
to learn the effective texture characteristics of lung tissue [23]. The network consists
of 49 convolutional layers with ReLU activation, followed by a single global average
pooling layer and two dense layers. Using 90% of the data for training and validation
and 10% for testing, their model achieved an accuracy of 90.5% [23]. Stephen et al.
proposed a CNN with four convolutional layers, using 63.5% of the data for training and
36.5% for validation, achieving an accuracy of 93.7% [24]. Siddigi developed an 18-
layer Deep Convolutional Neural Network, allocating 89.7% of the data for training,
0.3% for validation, and 10% for testing [25]. Their model achieved an accuracy of
94.3%, with sensitivity and specificity of 99.0% and 88%, respectively [25]. Omar et al.
utilized a CNN with five convolutional layers, splitting the data into 90% for training
and 10% for testing, and achieved an accuracy of 87.65% [26].

Wu et al. employed image enhancement techniques alongside a CNN-RF model
and GridSearchCV-based RF, using 66.7% of the data for training and 32.8% for
testing [27]. Their model reported accuracy, precision, and specificity values of 97%,
90%, and 95%, respectively [27]. Rajaraman et al. developed a Deep Convolutional
Neural Network combined with an atlas-based detection algorithm, using 90% of the
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data for training and 10% for testing [28]. Their model achieved an accuracy of 96.2%
and a specificity of 85.9% [28]. Aich et al. proposed a 17-layer network with three
convolutional layers, achieving accuracy, recall, and precision values of 95.62%, 96%,
and 95%, respectively [29]. Hasan et al. utilized a CNN with three convolutional
layers, splitting the data into 80% for training and 20% for testing and validation, and
achieved an accuracy of 96.24%, with precision, recall, and F1-score values of
94.19%, 91.82%, and 92.98%, respectively [30].

2.3. Ensemble technique

Togacar et al. [31] utilized existing CNN models such as AlexNet, VGG-16, and
VGG-19 as feature extractors, specifically using the last fully connected layer of each
model. These extracted features were then fed into machine learning models, including
Decision Trees (DT), k-nearest Neighbors (KNN), Linear Discriminant Analysis
(LDA), Logistic Regression (LR), and Support Vector Machines (SVM). Feature
selection was performed using the mRMR method, and the best results were achieved
by combining all features from mRMR, with an accuracy of 99.41% using the
Kermany dataset (70% training, 30% testing) [31]. Chouhan et al. [32] proposed an
ensemble model that combined the outputs from several pre-trained models,
surpassing the performance of individual models. This ensemble, which included
Inception V3, ResNet, AlexNet, GoogleNet, and DenseNet121, achieved state-of-the-
art results with an accuracy of 96.4% and a recall of 99.62% on the Kermany dataset,
using a 90% training and 10% testing split [32].

Hashmi et al. [33] introduced a novel weighted classifier approach that optimally
combined predictions from several state-of-the-art deep learning models, including
ResNet18, Xception, InceptionV3, DenseNet121, and MobileNetV3. The weighted
classifier model achieved a test accuracy of 98.43% and an AUC score of 99.76% on
the Kermany dataset, with 88.05% training and 11.95% testing [33]. El Asnaoui et al.
[34] focused on ensemble models fine-tuned from InceptionResNetVV2, ResNet50, and
MobileNetV2. In their experiments, they used two datasets: the first containing 5856
images from the Kermany dataset and the second containing only 231 images. They
found that InceptionResNetV2 performed best as a single model, with an F1 score of
93.52%. However, an ensemble of ResNet50, MobileNetV2, and InceptionResNetV2
yielded superior performance, achieving an F1 score of 94.84%. Their study used an
80% training and 20% testing split, incorporating both chest X-ray and CT datasets,
including a COVID chest X-ray dataset with 231 images [34].

Compared to existing ensemble approaches, our novel lightweight ensemble
model, integrating MobileNetVV2 and NASNetMobile, demonstrates promising results
by significantly reducing computational resources and costs. The combination of
MobileNetV2 and NASNetMobile for pneumonia classification is unique and has not
been explored before, making this approach a novel contribution to the field. By
leveraging these lightweight models together, we achieved high accuracy while
maintaining computational efficiency, distinguishing our approach from traditional
ensemble methods.
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3. Materials and methods

The proposed lightweight ensemble model for pneumonia detection is illustrated
in Figure 1. The preprocessing of the pneumonia dataset is carried out first, ensuring the
input images are ready for transfer learning. Three lightweight pre-trained CNN models,
namely NASNetMobile, MobileNetVV2, and EfficientNetBO, were selected for this
study. These pre-trained models are enhanced by freezing initial layers and applying
modifications such as GlobalAveragePooling2D, Dropout, and BatchNormalization,
with Dense layers and a Sigmoid activation for classification. Next, these models are
fine-tuned and evaluated on the dataset. Then, the top two performing models were
selected to implement the weighted ensemble approach. The individual predictions, P1
and P2, from these models are then combined, with each prediction being assigned a
weight (W1 and W2, respectively) to optimize the overall accuracy of the ensemble.
Finally, the weighted ensemble model is developed using the optimal weights and
comprehensively evaluated, effectively combining the strengths of the two selected
CNN architectures for accurate pneumonia detection. In this section, we will discuss the
key components of the methodology.

Pneumonia Data Set

Ima
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Input | Input |
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Figure 1. Weighted average ensemble model implementation.

3.1. Dataset

Kermany et al. [15] developed the dataset by collecting chest X-ray images of
patients under 5 years of age at Guangzhou Women and Children’s Medical Center
[14]. The data collection was conducted under Institutional Review Board
(IRB)/Ethics Committee approvals, ensuring compliance with HIPAA and the
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Declaration of Helsinki. The dataset is fully de-identified and contains no personally
identifiable information [14,15]. The dataset comprises 5856 images with varying
resolutions ranging from 400p to 2000p. It includes 4273 images of pneumonia cases
and 1583 images of normal cases. The dataset is utilized for training, and the
performance of various transfer learning models is evaluated. Some of these images
are shown in Figure 2. For effective model training and evaluation, the dataset was
divided into two parts: 90% of the images were allocated for training, while the
remaining 10% were allocated for testing. As the next step, image pre-processing
techniques and augmentation strategies were applied to enhance the quality and
variability of the dataset, ensuring it was well-suited for effective model training and
evaluation.

Pneumonia Pneumonia Pneumonia
P - -
57 E

Figure 2. Sample chest X-ray images of normal and pneumonia patients.

3.2. Image pre-processing and augmentation

In computer vision tasks, image pre-processing plays a vital role in preparing data
for model training. Pre-processing techniques enhance model performance by
addressing key factors such as noise reduction, image normalization, and resizing. These
steps are especially critical for CNNs, which depend on consistent input dimensions and
appropriately scaled pixel values. In our work, pixel intensity normalization was applied
to scale the pixel values to the range [0, 1]. This step is essential for stabilizing the
training process and facilitating efficient model convergence, allowing the model to
learn patterns effectively without being affected by variations in image brightness or
contrast.

Furthermore, the images were resized to ensure compatibility with the input
dimensions required by the network. This resizing step is crucial for maintaining
consistency across the dataset, particularly when utilizing pre-trained models that
mandate fixed input sizes. The choice of 224 %224 pixels aligns with widely adopted
practices in computer vision, as these dimensions are used in models such as
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MobileNetV2, NASNetMabile, and EfficientNetBO0. This ensures not only compatibility
but also efficient training and inference.

To enhance dataset diversity and simulate real-world variations, we applied image
augmentation, a critical step for building a more resilient model and minimizing
overfitting. Our approach involved implementing a range of transformations, including
rotation, width and height shifts, shear, zoom, and brightness adjustments. For example,
slight rotations and positional shifts enabled the model to identify features from varying
perspectives, while brightness and zoom modifications allowed the model to generalize
across different lighting conditions and scales. These augmentations ensure that the
model learns more robust and adaptable features, improving its ability to manage a wide
range of real-world scenarios and data variations. Table 1 outlines the augmentation
techniques in detail, including the specific parameters applied for each transformation.
The prepared and augmented dataset is essential for the next step of applying transfer
learning to fine-tune pre-trained CNN models for pneumonia detection.

Table 1. Image augmentation parameter settings.

Augmentation parameter Value Description

Rotation range 15 degrees Randomly rotates images within 35 degrees

Width shift range 5% Shifts images horizontally by up to 5% of the image width
Height shift range 5% Shifts images vertically by up to 5% of the image height
Shear range 0.05 Applies a random shear transformation with an intensity of 0.1
Zoom range 5% Randomly zooms in or out by up to 5%

Brightness range [0.9, 1.1] Randomly adjusts brightness within the specified range

Fill mode Reflect Fills points outside the boundaries by reflecting edges

3.3. Transfer learning

We employed a transfer learning approach to fine-tune pre-trained CNN models,
MobileNetV2, EfficientNetB0, and NASNetMobile, for pneumonia detection. These
models were originally trained on ImageNet, a large-scale dataset consisting of 1.28
million natural images across 1000 categories. Utilizing the feature representations
learned from extensive datasets like ImageNet reduces the reliance on large amounts of
labeled data, which is often limited during pandemics. It also enabled quick adaptation
to the specific task while improving diagnostic accuracy. Choosing transfer learning
offers a scalable and cost-effective solution for enhancing pneumonia detection,
effectively addressing challenges related to data scarcity and limited resources. In this
study, we applied transfer learning to specifically include lightweight CNN models,
which are specifically designed to meet the unique needs of mobile and edge devices.

Transfer learning with lightweight models:

Lightweight CNN models have a significantly reduced number of parameters, with
smaller model sizes, faster detection speeds, and lower memory usage. They are
particularly effective in medical image analysis, such as detecting lung pathologies,
tumors, and heart conditions, where accurate and fast diagnoses are crucial [35-38].
Their ability to operate efficiently in low-cost, real-time settings is vital for practical
deployment in healthcare and other resource-limited environments, such as mobile
phones or edge devices. The selection of MobileNetV2, EfficientNetBO, and
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NASNetMobile for our study was based on their strong performance in state-of-the-art
reviews, with a focus on lightweight models that deliver efficient performance. The
lightweight model details (https://keras.io/api/applications/) are shown in Table 2. Top-
5 accuracy mentioned in Table 2 refers to the percentage of times the correct label is
within the model’s top 5 predicted labels. Next, we discuss the specifics of each model,
highlighting their unigque features and performance characteristics.

Table 2. Lightweight deep learning pre-trained model details.

Model Size (MB) Top-5 accuracy on ImageNet Dataset Parameters Time (milli seconds) per inference step (CPU)
MobileNetV2 14 90.1% 35M 25.9

NASNetMobile 23 91.9% 53M 27

EfficientNetBO 29 93.3% 53M 46

MobileNetV2:

MobileNetV2, introduced by Sandler et al. [39], is a CNN architecture specifically
designed for mobile and embedded vision applications. It employs an inverted residual
structure with shortcut connections between compact bottleneck layers, which
effectively reduces the number of parameters while enhancing computational efficiency.
The architecture begins with a 32-filter convolutional layer, followed by 19 bottleneck
layers that enable the construction of deeper networks without significantly increasing
the size of intermediate layers. MobileNetV2 is particularly well-suited for tasks
demanding efficient performance, such as image segmentation, object detection, and
real-time inference on mobile and edge devices [40-45].

EfficientNetBO:

EfficientNet is a convolutional neural network (CNN) architecture that introduces
compound scaling, which optimally balances the width, depth, and resolution of the
network to improve performance while maintaining efficiency [46]. EfficientNet is
particularly well-suited for tasks requiring a balance of high accuracy and computational
efficiency, such as image classification, object detection, and transfer learning, making
it ideal for deployment on both resource-constrained devices and high-performance
systems [47-55]. Width scaling applies a feature map to each layer, depth scaling
increases the number of layers in the network, and resolution scaling enhances the input
image resolution [56]. The EfficientNet family comprises eight variants, ranging from
EfficientNet-BO to EfficientNet-B7. The architecture we chose for this study is
EfficientNet-B0O, which incorporates the (Mobile Inverted Bottleneck Convolution)
MBConv block, an inverted bottleneck residual block from MobileNetV2. The MBConv
block is specifically designed to optimize network efficiency [39].

NASNetMobile:

The NAS (Neural Architecture Search) [57] framework, developed by Google, is
a scalable CNN architecture designed using reinforcement learning to configure its
fundamental building blocks. Each cell comprises a small set of operations, such as
convolutions and pooling, which are replicated multiple times to meet the required
network capacity. Its lightweight variant, NASNetMobile, features 12 cells containing
5.3 million parameters and 564 multiply-accumulate operations, making it highly
efficient for mobile and resource-constrained environments. NASNetMobile is
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particularly well-suited for tasks requiring efficient performance, including image
classification, object detection, and real-time inference on mobile and edge devices [58—
62].

3.4. Fine-tuning pre-trained models

After selecting lightweight pre-trained CNN architectures, we fine-tuned them for
the pneumonia detection task. By leveraging pre-trained CNN architectures, we retained
several of their initial layers, which were frozen to preserve the general features learned
from ImageNet. Freezing these layers ensured that their weights were not updated during
training on the new dataset. This prevented the model from overwriting essential,
general-purpose feature representations such as edges, textures, and basic shapes learned
from the diverse ImageNet dataset. The final classification layer was replaced with new
layers tailored specifically for pneumonia detection. Only these newly added layers were
left unfrozen, allowing their weights to be updated during training. This targeted fine-
tuning strategy improved task-specific performance for pneumonia detection while
maintaining computational efficiency. The fine-tuning approach we implemented is
depicted in Figure 3.

y,
= . ! GlobalAveragePool2D DropOut BatchNormalization Dense Sigmoid
[

Frozen Layers

Input Layer

Figure 3. Transfer learning approach.

As illustrated in Figure 3, the custom layers we added include a global average
pooling layer to summarize the learned features. This layer reduces the spatial
dimensions of the feature maps, improving computational efficiency and helping
prevent overfitting by generating compact feature representations [63]. A dropout layer
with a dropout rate of 0.2 is also incorporated to mitigate overfitting by randomly
omitting a portion of the units during training. Dropout serves as a regularizer, forcing
the network to rely on a subset of neurons, which has been shown to enhance
generalization by simulating a bagged ensemble of neural networks [64]. Additionally,
a batch normalization layer is used to improve training stability and speed by
normalizing the output of each layer, ensuring zero mean and unit variance [65]. This
technique helps accelerate convergence and stabilize the learning process. To introduce
non-linearity, a dense layer with 512 neurons is added using the ReL U (Rectified Linear
Unit) activation function. ReLU, defined as f(x) = max (0, x), is widely used due to its
simplicity, efficiency, and ability to mitigate the vanishing gradient problem while
promoting sparsity. Finally, the dense layer employs a sigmoid activation function to
output probabilities for the binary classification task. The sigmoid function, as defined
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in Equation (1), transforms inputs into a value between 0 and 1, effectively representing
the probability of the positive class in a binary classification setting. Apart from the
specified parameters, the custom-added layers rely on the default settings as defined by
the Keras library.

1

o(x) = d+e ™ (1)

We present a detailed comparison of the training parameters for three widely used
architectures, EfficientNetB0, NASNetMobile, and MobileNetV2, under two distinct
scenarios, as illustrated in Figure 4. The first scenario involves training all layers of the
models from scratch, where we report the trainable parameters for each architecture. In
contrast, the approach we followed is the second scenario, which focuses on training
only the newly added layers through transfer learning. This approach significantly
reduces the number of trainable parameters, as the pre-trained layers (frozen) retain
useful learned features. Consequently, the reduced parameter count enables faster
training with fewer computational resources.

65000000

(17.8MB) [18.22 MB)
5000000 | 4666403 4776787
4000000 [11.0ME)
3000000 2882817
2000000 4.4x 8.8x

(2.51 MB) [2.51 MEB) (2.07 MB)
1000000 658945 658945 543809
. = | I
EfficientNetB0 MobileNetyV2 NASMetMabile

m Without Transfer Leaming
B With Transfer Learning

B Training parameters reduced by times (x)

Figure 4. Comparison of trainable parameters for EfficientNetBO, MobileNetV2, and
NASNetMobile with and without transfer learning.

3.5. Ensemble learning

Ensemble learning has proven to be an effective approach for image classification,
as it combines the predictions of multiple classifiers to achieve superior performance
compared to individual classifiers. These models take advantage of the unique strengths
of each classifier, enhancing accuracy and robustness by capturing different features of
the data while compensating for their individual strengths and weaknesses. Bagging,
boosting, and stacking methods are commonly used to build ensemble classifiers.
Bagging, or bootstrap aggregating, creates diverse models by training each classifier on
a bootstrapped subset of the training dataset. Boosting, on the other hand, iteratively
improves weak learners by focusing more on misclassified examples, thereby boosting
their performance over successive iterations. Stacking uses a meta-classifier that
combines the predictions of base classifiers, utilizing these outputs as inputs to produce

10
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a higher-level representation of the data. By integrating multiple classifiers, ensemble
learning provides a promising way to advance image classification, effectively
improving performance. Ensemble methods are resistant to noise and overfitting,
making them effective for complex, noisy image datasets. As a result, ensemble learning
has become increasingly popular in various computer vision tasks, including medical
image analysis and object recognition. However, it is important to note that ensemble
learning may incur higher computational costs and resource demands due to the need
for training and combining multiple models. To address these challenges, we selected
lightweight models, which are more computationally efficient yet capable of yielding
superior ensemble performance.

3.6. Weighted average ensemble model

In this study, we employed a weighted ensemble technique to enhance the
classification performance for pneumonia. In order to implement this, we initiated a
comprehensive model selection and training process. After training the three lightweight
pre-trained deep learning models, namely EfficientNetBO, MobileNetV2, and
NASNetMobile, their performance is evaluated. Based on individual model
performance, we selected the top two models, MobileNetV2 and NASNetMobile, which
demonstrated better prediction accuracies compared to the other models. Therefore,
these two models were chosen as foundational models and combined to implement a
weighted average ensemble (WAE) model. The WAE approach was chosen to leverage
the strengths of individual models and to enhance the overall predictive capability. The
weights for each base classifier’s prediction were determined to maximize the WAE
model accuracy.

N
Jensemble = Z w;. P (2
i=1
n
Zwi = l,wl- (S [0,1] (3)
i=1

3.7. Evaluation

We evaluated the performance of our proposed WAE model in comparison to the
fine-tuned models, assessing their effectiveness in pneumonia detection using key
metrics, including accuracy, recall, precision, F1 score, the area under the ROC curve,
and the confusion matrix. These metrics provide a comprehensive evaluation of each
model’s ability to distinguish between pneumonia-positive and normal cases, offering
insights into class-specific performance and overall classification effectiveness. This
thorough evaluation enabled a clear comparison between the fine-tuned models and our
proposed WAE model.

Accuracy:

Accuracy is an evaluation metric that measures the ratio of correct predictions (both
true positives and true negatives) to the total number of predictions. It provides an overall
assessment of each model’s performance, as shown in Equation (4). Accuracy is
calculated using the following components: TP (True Positives), TN (True Negatives),

11
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FP (False Positives), and FN (False Negatives).

A ~ TP + TN @
Ay = TP+ TN + FP + FN

Confusion matrix:

The confusion matrix provides a detailed breakdown of the model’s performance
for each class, displaying the counts of True Positives, True Negatives, False Positives,
and False Negatives. This metric is essential for evaluating class-specific performance
and identifying potential issues, such as class imbalances or misclassifications.

Precision, recall, and F1 score:

Precision, recall, and F1 score offer class-specific insights, particularly when
evaluating model performance on imbalanced datasets. These metrics are derived from
the confusion matrix. Precision (Equation (5)) is the ratio of correctly predicted positive
cases (True Positives) to all predicted positives, reflecting the accuracy of positive
predictions. Recall (Equation (6)) is the ratio of correctly predicted positives to all actual
positives, indicating the model’s ability to detect pneumonia cases. The F1 Score
(Equation (7)) is the harmonic mean of Precision and Recall, providing a balanced
measure of performance in detecting pneumonia.

TP
VS 5
Precision TP L TP 5)
TP
- 6
Recall TP FN (6)

Fl=2 Precision X Recall )
=2X
Precision + Recall

Weighted average:

In classification performance metrics, weighted averages are often used to
aggregate precision, recall, and F1 scores across multiple classes, particularly in
imbalanced datasets. These averages offer a more comprehensive view of model
performance by accounting for both class imbalance and individual class performance,
extending the interpretation of results beyond individual class metrics. The weighted
average (Equation (8)) is the mean of the metrics (precision, recall, F1 score) for each
class, weighted by the support or the number of instances for each class. This approach
reflects the class distribution, providing a more realistic representation of model
performance in imbalanced datasets. Larger classes have a greater influence on the
weighted average, making it an ideal metric for evaluating overall model performance.
The weighted average is calculated by summing the metric values M; for each class,
where M; represents the metric for the i-th class, and multiplying each by the support
n;, the number of instances in the i-th class. The sum of these weighted values is then
divided by the total number of instances N in the dataset.

c
1
Weighted average = NZ M; X n; (8)

=1

Area under the curve (AUC) and receiver operating characteristic (ROC) curve:
The AUC score measures the model’s ability to distinguish between pneumonia
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and normal cases. It is derived from the ROC curve, which plots the True Positive Rate
(TPR) against the False Positive Rate (FPR) across different classification thresholds.
An AUC score of 1.0 indicates perfect discrimination, while a score of 0.5 suggests
random guessing. The AUC is calculated as shown in Equation (9). The ROC curve
visualizes a binary classifier’s diagnostic performance by plotting the TPR against the
FPR as the discrimination threshold is varied. TPR and FPR are calculated as shown in
Equations (10) and (11).

1
AUC = f TPR(t)d(FPR(¢)) (9)
0
TP
- 10
TR =N (10)
FP
- 11
FPR = op TN (1)

4. Results

We conducted the experiments using Google Colab, utilizing CPU resources, 51
GB of RAM, and 225.8 GB of disk space. Python 3 and relevant libraries, including
Scikit-Learn, Keras, and TensorFlow, were used to implement the proposed weighted
average ensemble model. The pre-trained lightweight models, specifically
MobileNetV2, EfficientNetBO, and NASNetMobile, were loaded from Keras, each
initialized with ImageNet weights, and the top two performing models were
incorporated into the WAE model for enhanced performance. We trained the three pre-
trained learning CNN models using 5270 normal and pneumonia patient X-ray images.

For model compilation, we used the Adam optimizer with a learning rate of 1 %
1074, combined with a binary cross-entropy loss function, which is suitable for binary
classification tasks. To improve the training process, we incorporated several callbacks.
Early stopping was applied to prevent overfitting by monitoring the validation loss and
restoring the best weights if no improvement was observed after five epochs. We also
implemented a learning rate reduction strategy, which adjusts the learning rate by a
factor of 0.5 when a plateau in validation loss is detected, with a minimum learning rate
of 1 x10°° Additionally, model checkpointing was used to save the best-performing
model based on validation loss, ensuring the retention of the most effective model after
training. The training process was carried out on the augmented data for 20 epochs with
a batch size of 32, utilizing the specified callbacks to optimize both performance and
training efficiency. Table 3 summarizes the hyperparameter settings used for training
the models. We compared the performance of the fine-tuned CNN model with our
proposed WAE using 586 images, consisting of 423 pneumonia-infected and 163 non-
infected images. The models were evaluated based on various metrics outlined in the
methodology section.
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Table 3. Hyperparameters used to train models.

Parameter Value/Description

Optimizer Adam

Learning Rate 1 =10

Loss Function Binary Cross-Entropy

Batch Size 32

Epochs 20

Callbacks EarlyStopping, ReduceLROnNPlateau, ModelCheckpoint

EarlyStopping Monitor: Validation Loss; Patience: 5 epochs; Restore Best Weights: True

ReduceLROnNPlateau  Factor: 0.5; Patience: 4; Minimum LR: 1 <1076

Loss Function Binary Cross-Entropy

Before implementing the ensemble model, we evaluated the three lightweight, fine-
tuned CNN models to select the top two models with the highest accuracy. The
accuracies of the models are presented in Table 4.

Table 4. Comparison of model accuracy.

Model Accuracy
MobileNetV2 97.10%
NASNetMobile 96.25%
EfficientNetBO 72.18%

The WAE model was implemented using MobileNetV2 and NASNetMobile. By
following the approach detailed in the methodology section to identify optimal weights
for achieving maximum accuracy, we found that NASNetMobile and MobileNetV2,
with weights of 0.55 and 0.45, yield the highest WAE model accuracy. To assess
sensitivity, we further analyzed weights within the [0.4-0.6] range, all of which resulted
in high accuracies above 98.12%, demonstrating the robustness of the ensemble model
to moderate changes in weight distribution. This suggests that the ensemble performs
consistently well across a reasonable range and does not rely on a narrowly optimal
configuration. We generated a confusion report for fine-tuned models and the WAE
model, as shown in Table 5, to assess their robustness by calculating accuracy, precision,
recall, and F1 score in Table 4. Class-level metrics, including confusion reports for
pneumonia and normal cases, are presented in Table 6. The confusion matrices for all
models are depicted in Figure 5, while the ROC curves for all models are shown in
Figure 6.

Table 5. Fine-tuned CNN models and WAE model classification reports (MobileNetV2 weight = 0.45 and
NASNetMobile weight = 0.55).

Model Accuracy Precision (Weighted Avg) Recall (Weighted Avg) F1 (Weighted Avg)
NASNetMobile 96.25% 92.22% 94.48% 93.33%
MobileNetV2 97.10% 97.12% 97.10% 97.11%
Proposed WAE Model 98.63% 98.66% 98.63% 98.64%
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Table 6. Fine-tuned CNN models and WAE model class-wise classification reports (MobileNetV2 weight = 0.45 and

NASNetMobile weight = 0.55).

Model Class Precision Recall F1 score
. PNEUMONIA 97.85% 96.93% 97.39%
NASNetMobile
NORMAL 92.22% 94.48% 93.33%
. PNEUMONIA 98.33% 97.64% 97.98%
MobileNetV2
NORMAL 93.98% 95.71% 94.83%
PNEUMONIA 99.52% 98.58% 99.05%
Proposed WAE Model
NORMAL 96.41% 98.77% 97.58%

Our proposed WAE model, utilizing NASNetMobile and MobileNetV2 with the
optimum weights, demonstrates outstanding performance with an accuracy of 98.63%.
The weighted average precision, recall, and F1-score of the WAE model reach 98.66%,
98.63%, and 98.64%, respectively. Our proposed WAE model shows notable
improvements compared to the individual models, MobileNetV2 (97.10%) and
NASNetMobile (96.25%). In terms of class-wise performance, our WAE model
achieves an impressive 99.52% precision and 98.58% recall for the pneumonia class,
with a remarkable F1-score of 99.05%. For the normal class, our WAE model achieves
a precision of 96.41%, recall of 98.77%, and F1-score of 97.58%. This demonstrates the
superior performance of our WAE model across both classes.
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Figure 5. Confusion matrix for model evaluation.

The confusion matrices for MobileNetV2, NASNetMobile, and the Ensemble
Model shown in Figure 5 illustrate their respective performances in classifying
pneumonia and normal cases. MobileNetV2 shows strong results, correctly identifying
413 pneumonia cases and 156 normal cases, though it misclassifies 10 pneumonia cases
as normal and seven normal cases as pneumonia. Similarly, NASNetMobile performs
well, accurately classifying 410 pneumonia cases and 154 normal cases, but it records
slightly higher misclassifications, with 13 pneumonia cases predicted as normal and nine
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normal cases as pneumonia. In contrast, we observed the WAE Model demonstrates
superior performance, correctly identifying 417 pneumonia cases and 161 normal cases
while maintaining minimal errors, with only six pneumonia misclassifications and two
normal misclassifications. These results highlight our proposed WAE model’s enhanced
accuracy, recall, precision, F1, and overall performance compared to the individual
models.
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Figure 6. ROC curve for different models.

The ROC curve shown in Figure 6 compares the performance of three models:
WAE Model, MobileNetVV2, and NASNetMobile. The True Positive Rate (TPR) is
plotted against the False Positive Rate (FPR), demonstrating each model’s ability to
distinguish between classes. We observed that the WAE model achieved the highest
Area Under the Curve (AUC) score of 0.9977, indicating superior performance in
classification. MobileNetV2 follows with an AUC of 0.9964, while NASNetMobile
shows a slightly lower AUC of 0.9935. In addition, the inference time per image was
evaluated for each model for the test set. MobileNetV2 achieved a prediction inference
time of 17.56 milliseconds per image. NASNetMobile required a prediction inference
time of 28.39 milliseconds per image. The weighted average ensemble model incurred
only 0.00046 milliseconds of additional computation time per image to combine the
individual model predictions, indicating negligible overhead.

Hashmi et al. [33] proposed a weighted classifier that combined predictions from
multiple state-of-the-art deep learning models, including ResNetl18, Xception,
InceptionV3, DenseNet121, and MobileNetV3. Their approach achieved a test accuracy
of 98.43% on the Kermany dataset, which was split into 88.05% training and 11.95%
testing samples. In contrast, our Weighted Average Ensemble (WAE) utilizes only two
lightweight models, MobileNetVV2 and NASNetMobile, and attains a higher accuracy of
98.63%. This demonstrates an incremental improvement in accuracy with a more
computationally efficient ensemble, highlighting the effectiveness of our approach for
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pneumonia detection. Our proposed WAE model achieves an impressive accuracy of
98.63%, as shown in Figure 7, outperforming state-of-the-art and commonly used deep
learning architectures. Compared to individual models like EfficientNetB2 (72.18%)
and MobileNetVV3Large (88.23%), the ensemble model demonstrates a substantial
improvement in accuracy. Furthermore, it outperforms more complex architectures,
including ResNet50 (93.34%), InceptionV3 (94.71%), and DenseNet201 (97.78%).

100,00% 93.34994.71%95.05% 95,90%96.08%96.59%97.78%98.63%

SSIZ}% IIIIII

Accuracy

90.00%
30.00% 72.18%
70.00%
60.00%
50.00%
40.00%
30.00%
20.00%
10.00%
0.00%

W EfficientNetB2 ® MobileMetV3large ™ ResNet50 Inceptiony'3
H InceptionResMNetV? EVGG16 B Xception W DenseNet121

B DenseNet201 mWAE Model

Figure 7. Accuracy comparison of the WAE model with state-of-the-art and
common deep learning architectures.

5. Discussion

The superior performance of our proposed weighted average ensemble (WAE)
model, combining MobileNetV2 and NASNetMobile, can be attributed to the
complementary strengths of these architectures and the benefits of the ensemble
approach. MobileNetV2, with its lightweight architecture, achieves efficient feature
extraction using depthwise separable convolutions and inverted residuals. This design
enables MobileNetV2 to capture fine-grained features while maintaining low
computational overhead, making it particularly effective for scenarios requiring
precision and efficiency. Conversely, NASNetMobile, developed through Neural
Architecture Search (NAS), specializes in identifying task-specific optimal
architectures, enabling it to analyze intricate patterns such as fine-grained anomalies and
texture variations in medical imaging datasets.

As demonstrated by the results, the WAE approach leverages the strengths of these
models through a weighted combination of predictions, optimizing accuracy and
robustness. The use of weighted averaging, with weights determined based on validation
performance, ensures a balanced contribution from each model, addressing their
individual limitations. This ensemble is particularly valuable in medical imaging
applications, where diverse feature extraction is critical for accurate classification. Our
WAE approach reduces the risk of overfitting by combining the diverse learning patterns
of MobileNetV2 and NASNetMobile, each excelling in distinct feature representations.
By integrating these architectures, the WAE model avoids over-reliance on dataset-
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specific features, thereby enhancing its ability to generalize to unseen data. This
improved robustness is reflected in the WAE model’s superior evaluation metrics,
underscoring its capability to provide accurate and reliable predictions.

One notable advantage of the WAE model, as demonstrated by our results, is its
ability to address the challenges posed by class imbalance. The WAE model achieves
substantial improvements in precision, recall, and F1-score for the underrepresented
NORMAL class compared to individual models. This balanced performance across both
classes highlights the ensemble’s capability to leverage the complementary strengths of
MobileNetV2 and NASNetMobile. Moreover, this specific combination has not been
extensively explored before, and our results suggest its potential for future research. The
promising performance of this approach indicates opportunities for applying it to other
image classification tasks, further expanding its applicability in the field.

Despite the promising results, our study has limitations that warrant further
exploration in future work. The model was trained and evaluated on a single dataset, the
Kermany dataset, which was chosen for its high-quality, well-curated, and widely
recognized collection of chest X-ray images. While the dataset is an excellent foundation
for our current study, it may not fully capture the diversity of image conditions,
demographic variations, and disease patterns seen in real-world clinical settings.
Additionally, we recognize that the Kermany dataset may exhibit certain biases due to
its regional origin and age-specific patient population. These characteristics could
influence the model’s learning and limit its effectiveness in broader clinical contexts.
Variations in imaging equipment, patient populations, and environmental factors could
impact the model’s performance when applied to different healthcare environments. In
the future, we plan to prioritize evaluating the model’s adaptability and robustness
through validation on diverse external datasets or cross-institutional data, which would
strengthen claims about its generalizability and clinical utility. In future studies, we aim
to incorporate cross-dataset validation strategies to further enhance model evaluation.

Although the results of our lightweight weighted average ensemble model for
pneumonia detection are encouraging, demonstrating high classification accuracy.
However, we recognize that the “black-box” nature of deep learning models may limit
clinical trust and acceptance. To enhance transparency and interpretability, we plan to
incorporate explainability techniques such as Gradient-weighted Class Activation
Mapping (Grad-CAM) and Local Interpretable Model-agnostic Explanations (LIME) in
future work. These methods visualize the key regions of chest X-ray images that
influence the model’s predictions, providing clinicians with greater insight into the
decision-making process. Incorporating such interpretability tools is essential for
fostering clinician confidence and facilitating the real-world clinical adoption of Al-
assisted diagnostic models.

Furthermore, while our study focuses on binary classification (pneumonia vs.
normal), extending the model to imbalanced, multi-class classification tasks, such as
distinguishing between different types or severities of pneumonia, could significantly
enhance its clinical relevance. Real-time testing and collaboration with healthcare
professionals are also crucial to evaluate the model’s practical utility and usability in
diagnostic workflows.

Although our study meets its primary objectives of improving pneumonia
detection, future work should investigate the performance of the proposed weighted
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average ensemble approach on larger, more diverse datasets to assess its scalability and
adaptability. Exploring alternative data augmentation strategies, advanced optimization
techniques, and hyperparameter tuning could further enhance model robustness and
accuracy. Additionally, like many deep learning models, the proposed approach
functions as a black box, offering limited interpretability of its predictions. Incorporating
explainable Al techniques in future work could increase transparency and trust in the
model’s decision-making, making it more suitable for clinical deployment.

6. Conclusion

In this study, we proposed a novel weighted average ensemble (WAE) model for
pneumonia detection in X-ray images, which combines the complementary strengths
of two lightweight pre-trained models, MobileNetV2 and NASNetMobile. By
leveraging these models, we achieved significant performance improvements over
individual models, with an accuracy of 98.63% and precision, recall, and F1-score of
98.66%, 98.63%, and 98.64%, respectively. Our proposed ensemble model
outperformed several pre-trained complex architectures, demonstrating its potential
for real-time, resource-efficient applications in medical imaging. We highlighted the
ensemble approach’s effectiveness in balancing model strengths and weaknesses,
providing superior performance while maintaining lower computational requirements
compared to more complex models. The weighted averaging mechanism further
optimized prediction accuracy, enhancing the overall performance of the model. Our
main contribution in this study lies in the development of a weighted average ensemble
model that demonstrates superior performance by combining two lightweight pre-
trained convolutional neural networks (CNNs), MobileNetVV2 and NASNetMobile—
an ensemble combination that has not been previously explored in the field of deep
learning for image classification tasks. Our results encourage further exploration of
this approach for other image classification tasks. In future work, we plan to explore
advanced optimization techniques, expand the model’s applicability to larger and more
diverse datasets, and investigate its potential across different healthcare domains.
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