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Abstract

The proposed work focuses on a stacked generalization-based approach for diagnosing pneumonia
from chest X-ray images. It utilizes regularization, early stopping, and data augmentation to deal with
overfitting. It uses safe level SMOTE to deal with class imbalance and attention-based feature fusion to
adaptively weigh features based on their importance. It uses two publicly available datasets (RSNA and
Kermany) with ground truth provided by expert radiologists. The proposed work used ChexNet,
SqueezeNet, and EfficientNet-B0, as ChexNet has already been fine-tuned on chest X-ray images,
SqueezeNet uses its parameters efficiently, and EfficientNet-B0 balances accuracy and efficiency with
limited parameters. We experimented with different regularization methods and optimizers to identify
the most effective combinations of hyperparameters for our model training. Ensembling these basic
classifiers adds diversity and makes it more generalizable for adaptation to unseen data with limited
training parameters. Experimental results show that the proposed work is better compared to other
state-of-the-art techniques, providing 99.4% accuracy on the Kermany dataset and 98.5% accuracy on
the RSNA dataset. It shall be useful to the radiologists in improving the efficiency of pneumonia
detection and thus will be beneficial in saving lives.

Keywords: Pneumonia detection, stacked generalization-based approach, chest X-ray images, RSNA
and Kermany, SMOTE

INTRODUCTION

Pneumonia affects over four million people worldwide and can be dangerous if left untreated [1].
Early diagnosis helps in timely treatment, and a Chest X-ray is mostly preferred for early diagnosis due
to its accessibility and low cost [2]. But detecting pneumonia from chest X-rays can be time-consuming
and error-prone in resource-constrained scenarios due to the unavailability of expert doctors [3].

This problem can be mitigated to some extent
with the help of a stacked generalization-based
approach, which inhibits the strength of multiple
deep learning models and provides better accuracy
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[4]. Motivated by this, the proposed work combines
the strengths of SqueezeNet, EfficientNet-B0, and
ChexNet by fusing their features using an attention
mechanism to detect pneumonia with high
accuracy. It provides reliability, diversity, and
generalizability by integrating the strength of fine-
tuned pretrained models and shall be beneficial for
radiologists by providing them a second opinion in
pneumonia diagnosis and thus saving lives in
limited resource areas [5].
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The major highlights of the proposed methodology are as follows: (1) Using a stacked generalization-
based approach and ensembling finetuned models having limited training parameters by fusing their
features using an attention mechanism to provide reliability and diversity in pneumonia detection. (2)
Hyperparameter selection, early stopping, regularization, data augmentation, and safe level SMOTE
(Synthetic Minority Over-sampling Technique) techniques to deal with overfitting and class imbalance
issues in publicly available datasets (Kermany and RSNA) with ground truth provided by expert
radiologists. (3) It provides better results, i.e., 99.4% on Kermany and 98.5% accuracy on the RSNA
dataset with a high degree of specificity and sensitivity. It shall be useful to radiologists in timely
pneumonia detection by automating the diagnosis process with limited training time and parameters
(ie., 122 M) [6].

LITERATURE REVIEW

Recent studies have made significant progress in developing CNN-based algorithms for detecting
pneumonia from chest X-ray images. A deep learning-based framework proposed by Asnake et al.
utilized YOLOV3 detection, threshold segmentation, and SVM to achieve an F1-score of 99% [7]. Das
et al. presented a deep Convolutional Neural Network-based solution that achieved a classification
accuracy of 91.62% [8]. COVIDXrayNet, a CNN model proposed by Monshi et al. diagnosed COVID-
19 with 95.82% accuracy, outperforming others through data augmentation and hyperparameter tuning
[9]. Usman et al. trained a deep learning-based algorithm on 26,684 chest X-ray images, which led to a
recall of 0.73, a precision of 0.76, an accuracy of 0.79, and an F1-score of 0.74, thus providing prompt
diagnosis [10]. Aljawarneh et al. compared the performance of deep learning models in diagnosing
pneumonia, where the enhanced CNN model performed better by providing the highest accuracy of
92.4% [11]. Multiple CNN models were ensembled by fusing their features optimally by Kaya et al.
[12]. It addressed the challenges of image noise and limited labeled data, resulting in an accuracy of
98.94% and an Fl-score of 99.12%. Farhan ef al. combined a convolutional Neural Network and
machine learning classifiers to build a framework named Multimodal Classification of Lung Disease
and Severity Grading (MCLSG) [13]. It improved pneumonia diagnosis by 3.5% and severity level
analysis by 6.8%. A computer-aided diagnosis framework based on a weighted average ensemble
proposed by Kundu ef al. achieved 86.85 and 98.91% accuracy on two datasets and showed its
robustness in detecting pneumonia [14]. Bhatt et al. presented a Convolutional Neural Network (CNN)
with a weighted ensemble method that provided an F1-score of 88.56% and a high recall of 99.23%
[15]. A Dilated Convolution and residual structure-based deep learning framework proposed by Liang
et al. achieved a recall rate of 96.7% in detecting childhood pneumonia [16]. Similarly, transfer
learning-based models helped in improving pneumonia detection. The VGG-16 model-based system
proposed by Soares et al. attained an accuracy of 97.3%, with 100% accuracy in categorizing COVID-
19 cases and 88.2% accuracy in classifying normal lungs with other infections [17]. The simplified
VGG-based method proposed by Zhang ef al. enhanced the contrast of chest X-ray images to attain an
accuracy of 96.07% in diagnosing pneumonia [18]. A customized VGG19-based Deep-learning system
proposed by Dey et al. provided a significantly high accuracy of 97.94% in examining chest radiographs
[19]. A neural network and a VGG-16-based network proposed by Sharma et al. achieved an accuracy
0f95.4 and 92.15% for the two datasets [20]. Chen et al. presented a deep convolutional neural network-
based method that combined an attention mechanism-based DenseNet 121 and EfficientNetBO to
achieve an accuracy of 95.19% [21]. Nettur et al. proposed a combination of NASNet and
MobileNetV2, which provided an accuracy of 98.63% [22]. COVIDX-Net presented by Hemdan et al.
achieved good performance with VGG19 and DenseNet models [23]. An unsupervised learning
approach in a federated setting proposed by Rana et al. performed better than transfer learning,
achieving an accuracy of 94% without compromising patient privacy [24].

In contrast, transformer-based models have also shown better performance than CNN models in
detecting pneumonia. A cutting-edge pneumonia detection method using Vision Transformer (ViT)
architecture proposed by Singh et al. achieved high accuracy, with 97.61% accuracy, 95% sensitivity,
and 98% specificity on chest X-rays [25]. A BERT and ResNet-50-based framework proposed by Xu
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et al. built a multimodal transformer, which provided an F1 score of 93%, accuracy of 94%, and recall
0f' 95% [26]. Also, CNNs with modified Swin Transformer blocks proposed by Mustapha et al. attained
an accuracy of 98.72% in detecting pneumonia [27]. From the literature review, it can be deduced that
most of the proposed work is based on CNN models, transfer learning, and ensemble methods using
models having high training parameters, and very little work has been done on utilizing transformer-
based models in detecting pneumonia. CNN-based models may lack generalizability if not trained
properly, and ensembling models with large training parameters increase computational complexity.
Although these models achieve good results, there remains a need for further research to develop more
robust, lightweight, reliable, accurate, transparent, and deployable diagnostic-aid solutions that can
improve generalizability and can be clinically integrated.

DATASETS USED
For the proposed work, we have used two publicly available datasets:

1. RSNA Dataset: This dataset comprises of 30,227 DICOM-format X-ray images, each with a
resolution of 1024x1024 pixels, courtesy of the National Institutes of Health (NIH) and annotated
by the Radiological Society of North America in association with the Society for Thoracic
Radiology and MD.ai [28, 29].

2. Kermany Dataset: This dataset contains 5,856 pediatric chest X-ray images, primarily taken
from children aged 1 to 5 years at Guangzhou Women's and Children's Medical Centre. After
quality control, the dataset was narrowed down to include 1,583 images labeled as normal and
4,273 images annotated as pneumonia [30].

For each of these datasets, we have used the ratio for the training, validation, and testing process as
60, 20, and 20%, respectively. To address the challenges of overfitting that normally occur due to
ensemble depth or dataset biases, the proposed work utilizes regularization, early stopping, and data
augmentation techniques, including rotation, horizontal flipping, shearing, and scaling. It is observed
that Safe Level SMOTE (Safe Level Synthetic Minority Oversampling Technique) is better than
Borderline SMOTE, SMOTE, and ADASYN in dealing with class imbalances [31]. The datasets used
in the work are imbalanced, so we used Safe-level SMOTE to deal with the class imbalance issue. It is
a variant of the SMOTE technique used for oversampling the minority class by sampling the minority
class in line with different weight degrees called safe levels. Traditional methods synthesize the
minority instances by choosing their k-nearest neighbor, whereas Safe-level SMOTE achieves better
performance by synthesizing more samples around the safe level.

METHODOLOGY

We have used two publicly available annotated datasets, namely RSNA and Kermany, for our
proposed work. We have shown the sample normal and pneumonia images taken from the Kermany
dataset in Figure 1.

(a)

Figure 1. (a) Normal Image. (b) Pneumonia image.
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The methodology of the proposed work uses the following steps.

1. Preprocessing Data: The chest X-ray images of the Kermany and RSNA datasets are pre-
processed to remove noise and to improve the quality, followed by resizing them to the fixed size
of 224x224x3 pixels for reducing memory requirements and optimizing training efficiency.

2. Splitting Dataset: The pre-processed images of both datasets are split using a random splitting
strategy into training, testing, and validation ratios of 60, 20, and 20%, respectively.

3. Stacked Generalization Approach: A stacked generalization approach helps in improving
accuracy. Motivated by this, we used an Attention-Based Feature Fusion layer to adaptively
weigh the features of finetuned models, including ChexNet, SqueezeNet, and EfficientNet-B0,
in their feature fusion.

4. Transfer Learning: All three pretrained models are fine-tuned on training datasets to adapt to the
task of pneumonia detection.

5. Model Training and Evaluation: The proposed model, based on stacked generalization and an
ABEF layer to fuse features of CNN models, is trained on both datasets. For evaluating the
performance on the testing datasets, we have used metrics like AUC, recall, F1-score, and
accuracy as discussed by Usman et al. [10].

Stacked Generalization Architecture
The stacked generalization architecture comprises the following mechanisms:

Base Models
Three fine-tuned pre-trained CNNs (e.g., ChexNet, SqueezeNet, EfficientNet-B0) are applied as base
models.

ChexNet

ChexNet is a 121-layer DenseNet model fine-tuned over more than 100,000 chest X-ray images for
predicting pneumonia [32]. Using this model will reduce the training cost as the network will converge
earlier on Chest X-ray images, for it has been previously trained on large X-ray images. Figure 2
demonstrates the parameters for the ChexNet model.

SqueezeNet

It is a CNN architecture that utilizes fire modules comprising two layers, namely an expanding layer
and a squeeze layer. It provides comparable accuracy to AlexNet on the ImageNet dataset with 50x
fewer parameters. The expanding layer utilizes a mix of 3x3 and 1x1 convolution filters, while the
squeeze layer employs 1x1 convolution filters. The squeeze layer lessens the number of parameters by
a factor of 9. SqueezeNet provides the highest accuracy density, which shows its efficient use of
parameters [33]. It is an appropriate choice for our model as it contains comprehensive and well-
structured data that supports accurate training and evaluation.

EfficientNet-B0
It is a CNN method that uses the compound scaling method to scale dimensions, resolution, and width
of the network with a fixed ratio.

global_average_pooling2d (Glob (None, 1824) ] ['relulo] [0]']

alAveragePooling2D)

dropout (Dropout) {None, 1024) % ['global_average_pooling2d[e] [@]°’
]

dense_1 (Dense) {None, 3) 3075 ['dropout (@] [8]']

Total params: 7,840,579
Trainable params: 6,956,931
Non-trainable params: 83,648

Figure 2. ChexNet model parameters.
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global_average_pooling2d (Glob (None, 1288) 1] ['top_activation[@] [@]']

alAveragePooling2D)

dropout (Dropout) {None, 128@) 0 ['global_average_pooling2d[@][@]’
1

dense (Dense) {None, 3) 3843 ['dropout[@][@]']

Total params: 4,853,414
Trainable params: 3,969,375
Non-trainable params: 84,039

Figure 3. EfficientNet-B0 parameters.

It has achieved a remarkable 93.3% accuracy with 0.39 billion floating-point operations (FLOPs) and
5.3 million parameters in the ILSVRC challenge, outperforming DenseNet-169 and ResNet-50, which
require 14 M and 26M parameters, respectively [34].

As the input resolution surges, it is important to scale up the feature channels to deepen the network
to expand the receptive fields, and capture finer details. The compound scaling method attains this by
proportionately scaling all dimensions of the network. For our proposed work, we imported the
EfficientNet-BO model from TensorFlow Keras, which comprises around 4 million trainable
parameters. Figure 3 displays the parameters of the EfficientNet-BO model.

We selected ChexNet as it has already been fine-tuned over more than 100,000 chest X-ray images
[32]. SqueezeNet uses its parameters proficiently as equated to other CNN models [33]. EfficientNet-
BO provides both efficiency and accuracy in image recognition tasks with limited training parameters.
As compared to individual models, ensemble models provide better generalized predictions on unseen
datasets [35]. The proposed work, having 12.2 M network parameters, integrates these models to add
diversity and reliability.

Attention-based feature Fusion (ABFF) Layer and Output Layer

The Softmax function helps in computing the importance of each feature. The proposed work weighs
features based on their importance using an attention mechanism. The outputs of the base models are
passed through an ABEF layer, which gives combined features, which are then passed through the
output layer having a softmax activation function to provide the probability distribution over two
categories, i.e., normal and pneumonia, thus giving a single output.

The proposed work uses a stochastic descent algorithm for optimization and a binary cross-entropy
loss function along with libraries with OpenCV, TensorFlow, Pandas, and Numpy on the Jarvis
RTX5000 device, having a 16 GB GPU, 7 vCPUs, 32 GB RAM, and 20 GB SSD. It is trained end-to-
end, and its performance is evaluated on testing sets of both datasets and compared with current state-
of-the-art methods.

Hyperparameter Selection to Optimize Model Performance

Hyperparameter tuning indicates the process of getting the optimal values for hyperparameters that
include batch size, regularization method, input size, number of training epochs, output size, loss
function, learning rate, activation function, and optimizer choice.

Hyperparameter tuning helps in improving the performance of CNN models [36]. We tried different
optimizers and regularization methods to choose the best combinations for our model training, as shown
in Table 1. Using the results of Table 1, we selected the hyperparameters for our proposed work as
shown in Table 2.
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Table 1. Initial model evaluation to select hyperparameters.

Classifier Regularization method | Optimizer | Accuracy (validation) | Validation loss
EfficientNet BO | Batch Normalization Adam 96.36% 0.1161
EfficientNet BO | Dropout (0.4) Adam 96.65% 0.1075
EfficientNet BO | Batch Normalization SGD 92.32% 0.2107
SqueezeNet Batch Normalization Adam 94.05% 0.2069
SqueezeNet Dropout (0.3) Adam 92.18% 0.2013
SqueezeNet Batch Normalization SGD 88.58% 0.3050
ChexNet Batch Normalization Adam 89.07% 0.3253
ChexNet Dropout (0.4) Adam 96.56% 0.0982
ChexNet Batch Normalization SGD 87.11% 0.4393

Table 2. Hyperparameters for training the model.

Parameter Value
Optimizer Adam
Batch Size 32
Final Layer Activation SoftMax Activation
Epochs 60-100 (based on model learning rate)
Patience 10/15
Learning Rate le-3 to le-5
Regularization Method Dropout
RESULTS

The results obtained with the proposed methodology are compared with state-of-the-art methods in
Tables 3 and 4.

Kermany Dataset

The proposed work categorizes most of the pneumonia cases correctly with low number of false
positives (15) and false negatives (12) and achieves a highest accuracy of 99.4%, precision of 99.1%,
recall of 99.3%, and F1-score of 99.2%, which is better compared to Ensemble ResNet18, GoogleNet,
and DenseNet121 [14] with 98.81% accuracy, 0.983 AUC, 98.80% recall, 98.79% F1-score and 98.82%
precision, and KNN-wavelet-GLCM with 99.0% accuracy, 0.990 AUC, 98.4% F1-score, 99.0% recall
and 98.3% precision on the Kermany dataset, as shown in Table 3 [37].

RSNA Dataset

On the RSNA dataset, the proposed work categorizes normal and pneumonia cases correctly with a
low number of false positives (181) and false negatives (241) and attains an accuracy of 98.50%, a recall
0f 99.5%, a precision of 99.6% and an F1-score of 99.6% which is better compared to KNN-wavelet-
GLCM with 97.0% accuracy, 0.970 AUC, 97.6% recall, 97.5% precision, F1l-score of 97.5% and
InceptionNetV3, ResNet50, VGG19, and VGG-16 with highest accuracy of 88%, AUC of 0.918, recall
of 88.0%, F1-score of 88% and precision of 91% achieved with VGG-19 [37]. Also, our proposed model
is lightweight with 12.2 M training parameters compared to VGG-19 with 144 million parameters [38].
Overall, the proposed model provides excellent performance on both datasets, with high accuracy,
recall, precision, and Fl-score, demonstrating its ability to diagnose pneumonia from chest X-ray
images as shown in Table 4.

Figure 4 demonstrates the confusion matrix for the Kermany dataset. As per the confusion matrix, we
have 618 true negatives (TN), 1697 true positives (TP), 15 false positives (FP), and 12 false negatives
(FN). We get Recall: TP/(TP+EFN)=1697/(1697+12)=0.993, Precision: TP/(TP+FP)=1697/
(1697+15)=0.991, Fl-score: 2x (Precision x Recall)/(Precision + Recall) =0.992 and Accuracy:
(TN+TP)/(TN+TP+FP+FN)=(618+1697)/(618+1697+15+12)=0.994. Also, we get a Low false negative
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rate (12/1709=0.7%) and a Low false positive rate (FPR=FP/FP+TN=15/633=15/15+618=2.4%), which
shows that the model is accurate enough to detect pneumonia.

The ROC curve indicates that the model is correctly able to predict pneumonia as the true positive
rate surges and the false positive rate declines when the threshold is increased. Also, a higher AUC
implies better performance. Also, the proposed model achieves a high specificity (TN/(TN+FP) of
0.976 (i.e. 618/(618+15)=0.976) and high sensitivity (TP/(TP+FN)) or recall of 0.993
(1697/(1697+12)=0.993), which indicates that the model can predict most pneumonia images correctly
while minimizing the number of false positives. Figure 5 displays the confusion matrix and ROC curve
for the RSNA dataset.

Table 3. Assessment of results on the Kermany dataset.

Authors and Year Model Precision | Fl-score | Accuracy AUC Recall
Shati et al., 2025 [37] KNN-wavelet-GLCM 98.3% 98.4% 99.0% 0.990 99.0%
Kundu et al.., 2021 Ensemble ResNet18, 98.82% 98.79% 98.81% 0.983 98.80%
[14] GoogleNet, DenseNet121
Proposed work Stack generalization- 99.1% 99.2% 99.4% - 99.3%
based approach
Table 4. Assessment of results on the RSNA dataset.
Study Model Precision | Fl-score | Accuracy AUC Recall
Shati et al., 2025 [37] KNN-wavelet-GLCM 97.5% 97.5% 97.0% 0.970 97.6%
Study Model Precision | Fl-score | Accuracy AUC Recall
Chiwariro et al., 2023 InceptionNetV3 ResNet50 76.0% 75.0% 79.0% 0.870 74.0%
[38] VGG19 VGG16 78.0% 78.0% 73.0% 0.809 78.0%
86.0% 82.0% 80.0% .825 80.0%
91.0% 88.0% 88.0% 0.918 88.0%
Proposed work Stack generalization- 99.6% % 99.6% 98.50% - 99.5%
based approach
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Receiver Operating Characteristic (ROC Curve - Kermany Dataset)
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Figure 4. (a and b) Confusion matrix and ROC curve (Kermany dataset).

As shown in Figure 5, we have 49860 true positives (TP), 241 false negatives (FN), 181 false
positives, and 184 true negatives (TN). Also we get Recall: TP/(TP+FN)=49860/(49860+241)=0.995,
Accuracy:  (TP+TN)/(TP+TN+FP+FN)=(49860+184)/(49860+184+181+241)=0.985,  Precision:
TP/(TP+FP)=49860/(49860+181)=0.996 and Fl-score: 2x(Precision x Recall)/(Precision +
Recall)=2x(0.996%0.995)/(0.996+0.995)=0.996. From the confusion matrix, it can be deduced that the
proposed model is working well with a low number of false negatives (241) and false positives (181).
From the ROC curve, it can be deduced that the model can attain a high true positive rate (TPR:
TP/(TP+FN)=49860/(49860+241)=0.995) while keeping a low false positive rate (FPR:
FP/(FP+TN)=181/(181+184)=0.496). A higher AUC implies better performance on the RSNA dataset.
The proposed work achieves these results with 12.2 M training parameters and focuses on binary
classification on publicly available datasets.

DISCUSSION

To achieve our goal of developing a robust, accurate, lightweight, reliable model with high
generalizability, we have carefully analyzed the performance of various deep learning models and
selected the ones that give comparatively better results without increasing computational complexity.
We have utilized the best combination of optimizers and regularization methods for our training after
comparing their results, which makes our method more reliable compared to existing literature. We
have focused on improving the accuracy of pneumonia detection with high generalizability and
diversity. Normally, algorithms work well on one dataset, but when applied to a different dataset, they
perform badly.

Contrary to the existing works, we have tested our results on multiple datasets to check their
robustness and reliability. With the proposed methodology, we can get comparatively better results than
existing literature with 12.2 M training parameters, which makes our model suitable to be deployed in
real real-life scenario. We have ensembled three lightweight pretrained models compared to existing
literature that have utilized two models having large training parameters to give our model diversity. In
the future, one can focus on proposing more lightweight models with attention map visualizations for
better interpretability.
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Confusion Matrix (RSNA Dataset)
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Figure 5. Confusion matrix and ROC curve for the RSNA dataset.

Our proposed work gave the best results on two-class classification with a focus on better sensitivity
and specificity. In the future, this work can be extended to multi-class classification of images and

classifying private datasets of pneumonia images.

CONCLUSION

The proposed work used a stack generalization approach with an ABFF layer to weigh features based
on their importance to diagnose pneumonia from Chest X-ray images. It has 12.2 M training parameters
that are fewer than other state-of-the-art methods, including VGG-16 (134.7M) and AlexNet (61M). It
is less error-prone, for it avoids the segmentation of the region of interest followed by classification.
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Ensembling of fine-tuned ChexNet, SqueezeNet, and EfficientNet aids in making it more generalizable
for adaptation to testing data. Early stopping, data augmentation, safe level SMOTE, and regularization
help in achieving high accuracy, avoiding overfitting and class imbalance issues. It achieves 99.4%
accuracy on Kermany and 98.5% accuracy on the RSNA dataset, which is better compared to other
state-of-the-art techniques. The proposed work has focused more on detecting pneumonia images
correctly while reducing the number of false positives, which can be helpful to radiologists to detect
pneumonia in resource-constrained settings. In the future, one can explore the applications of the
proposed work in other medical imaging domains, including colored images. Also, the proposed work
can be extended for multi-class classification on private datasets acquired from the hospitals, focusing
on optimizing the model for deployment in resource-constrained settings. Currently, the model achieves
high accuracy with 12.2 M network parameters. In the future, one can improve it further by reducing
computational cost, resource requirements, and training time.
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