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ABSTRACT14

Lung cancer continues to be one of the primary causes of death from cancer around the world, and
getting a correct diagnosis as soon as possible is very important for improving patient outcomes. The
purpose of this study is to use variants of convolutional neural networks (CNNs) and ensemble methods
to improve lung nodule classification. We have implemented state-of-the-art deep learning models such
as MobileNet, MobileNetV2, and VGG19, and developed a unique hybrid model, Hybrid MobileNet
(V1+V2), that combines features of both MobileNet and MobileNetV2. Then, we incorporated the VGG19
architecture into this hybrid model and created the final ensemble model. We evaluated these models
on the LIDC-IDRI dataset and reported detailed evaluation metrics, including F1 score, recall, accuracy,
and precision, to demonstrate that our method works. The proposed ensemble model achieves an
accuracy of 96.13%, precision of 97.10%, recall of 98.57%, specificity of 98.6%, F1-score of 96.16%,
and AUC of 0.989 with the lowest training time of 1347.89 s and memory footprint of 16.6 MB, ensuring
its effectiveness for accurate lung cancer detection. This approach provides a promising tool for early
detection and diagnosis of lung cancer, with potential applications in clinical decision-making and patient
care.
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INTRODUCTION29

Lung cancer is still the number one cause of cancer-related deaths worldwide and represents a major30

part of the global cancer burden. Getting the right diagnosis early is key to saving lives and improving31

outcomes. Lung and bronchus cancer is diagnosed in 49.0 per 100,000 men and women each year and32

has a mortality rate of 32.4 per 100,000 individuals, according to recent statistics. These numbers are33

based on cases from 2017 to 2021 and deaths from 2018 to 2022 (12). Lung cancer is the second most34

commonly diagnosed cancer globally, with an estimated 2.2 million new cases reported in 2020 (4). Lung35

cancer is predicted to become the leading cause of the doubling of the global cancer burden by 2050 (26).36

It kills more people than breast cancer and is estimated to cause 2.45 million deaths globally by 2030. Of37

these deaths, nearly 80% are due to tobacco use alone, highlighting the critical importance of preventative38

and diagnostic measures (34).39

Despite advances in diagnostic imaging, the differential diagnosis of benign and malignant lung40

nodules remains challenging. This complexity is due to the variability of lung nodules, which requires41

precise analysis for clinical decision-making. Conventional diagnostic methods are highly specialized and42

subject to inconsistencies. Recent advances in machine learning and deep learning have revolutionized43

medical imaging, providing tools to increase accuracy and efficiency (30). In particular, convolutional44

neural networks (CNNs) have demonstrated promising results in automating image analysis tasks and45



have shown significant potential to improve the accuracy of lung nodule classification. Ensemble learning46

is a promising approach to improving classification performance by leveraging the strengths of multiple47

models. Individual models can be combined to overcome their individual weaknesses and to generate more48

robust predictions. In this paper, a new hybrid ensemble model for lung nodule classification is proposed.49

This approach combines features from the MobileNet, MobileNetV2 and VGG19 architectures and50

leverages the strengths of each. MobileNet and MobileNetV2 are merged to form a hybrid model called51

Hybrid MobileNet (V1+V2). MobileNet is lightweight, and MobileNetV2 is efficient. This hybrid model52

was further extended by introducing VGG19 into an ensemble framework, which provided complementary53

features to improve classification accuracy. The ensemble model was designed to distinguish benign54

and malignant lung nodules with high accuracy and robustness. Training large models requires high55

computational resources. We optimized the training process with multithreading. This method allows56

tasks to be parallelized, making effective use of multi-core processors and aiding in managing complex57

datasets (14).58

Also, to improve model interpretability, Grad-CAM (Gradient-weighted Class Activation Mapping)59

was used to generate heatmaps showing the regions of lung CT scans that have the greatest impact on60

classification. These visual aids increase confidence in the model’s clinical use by providing transparency61

and helping physicians understand its decision-making process (27). This strategy parallelizes the tasks,62

enabling efficient use of multi-core processors and processing of complex datasets (19). In addition,63

model interpretability was assessed using Grad-CAM (Gradient-weighted Class Activation Mapping)64

to generate heatmaps highlighting the most relevant regions in lung CT scans for classification. Such65

visualizations provide transparency and help clinicians better understand the model’s decision-making66

process, fostering trust in its clinical use (23).67

The proposed ensemble model was thoroughly evaluated on the LIDC-IDRI dataset (10) and achieved68

excellent performance metrics, with an accuracy of 96.13%, a precision of 97.10%, a recall of 98.57%,69

and an F1-score of 96.16%. These results demonstrate the potential of deep learning and ensemble70

approaches to address key challenges in lung cancer diagnosis.71

The problem of lung nodule classification can be formulated as a supervised binary image classification72

problem. Given a CT image xi ∈ RH×W×C and its corresponding diagnostic label yi ∈ {0,1}, where 073

and 1 denote the benign and malignant nodule, respectively, the task is to learn a discriminative mapping74

function fθ (·) to estimate the malignancy probability of each input image. The problem is formally stated75

as:76

ŷi = fθ (xi), fθ : RH×W×C → [0,1], (1)

where ŷi represents the predicted probability of malignancy and θ denotes the learnable parameters of the77

proposed ensemble model. The final class decision is obtained by applying a decision threshold τ to the78

predicted probability:79

ỹi =

{
1, ŷi ≥ τ,

0, ŷi < τ.
(2)

In this study, τ is set to 0.5 for binary classification.80

Despite the promising advances in deep learning-based lung nodule classification, several critical chal-81

lenges remain insufficiently addressed in the existing literature. These include the trade-off between82

computational efficiency and classification accuracy, the limited interpretability of black-box deep learning83

models in clinical settings, and the lack of lightweight architectures suitable for resource-constrained84

healthcare environments. To address these gaps, this study is guided by the following research ques-85

tions: (i) Can a hybrid fusion of lightweight MobileNetV1 and MobileNetV2 architectures produce more86

discriminative feature representations than either model alone for benign and malignant lung nodule87

classification? (ii) Can the classification performance of the Hybrid MobileNet (V1+V2) model be further88

improved by incorporating VGG19 as a complementary deep feature extractor in an ensemble framework?89

(iii) Can the proposed ensemble model achieve comparable or better classification performance than90

existing deep learning methods with much lower computational cost in terms of training time and memory91

footprint? (iv) How much can Grad-CAM visualization provide clinically interpretable insights about the92

model’s classification decisions of benign and malignant lung nodules?93
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To address these research questions, this study defines the following objectives:94

(1) To introduce a novel hybrid model, HybridMVNet, by combining MobileNetV1 and MobileNetV295

with a weighted feature-level hybrid strategy, exploiting the complementary advantages of two lightweight96

architectures for efficient lung nodule feature extraction. (2) To build a final ensemble model by combining97

the Hybrid MobileNet (V1+V2) branch and VGG19 with an equal-weight averaging strategy, which allows98

the model to learn lightweight discriminative features and deep hierarchical spatial representations from99

lung CT images. (3) To enhance the computational efficiency of the proposed model with multithreaded100

training, reducing the training time and memory footprint while maintaining the high classification101

performance suitable for real-world clinical deployment. (4) To perform a comprehensive evaluation102

of the proposed ensemble model on the LIDC-IDRI dataset using standard performance metrics such103

as accuracy, precision, recall, specificity, F1-score, MCC, AUC, and the confusion matrix and compare104

the performance with existing deep learning approaches. (5) To improve the clinical interpretability105

of the proposed model by using Grad-CAM visualization, generating class-discriminative heatmaps to106

localize the most diagnostically relevant regions in lung CT images for benign and malignant classification107

decisions.108

The contribution of this research is as follows:109

A. Developing an innovative hybrid model, Hybrid MobileNet (V1+V2), that combines the advantages110

of MobileNet and MobileNetV2 for classification of lung nodules.111

B. Incorporation of VGG19 in an ensemble framework with Hybrid MobileNet (V1+V2) for further112

improvement of classification performance.113

C. Multithreading optimization of training efficiency, reducing computational time and improving114

scalability for real-world applications.115

D. Incorporate Grad-CAM for model explainability to gain insight into the classification decisions and116

ensure reliability for clinical practice.117

E. Extensive evaluation of the proposed method on the LIDC-IDRI dataset demonstrates its robustness118

and applicability to lung cancer detection.119

The remainder of this paper is organized as follows. Section 2 reviews related work on deep learning-based120

lung nodule classification. Section 3 describes the proposed methodology, including data preprocessing,121

augmentation, and the HybridMVNet architecture. Section 4 presents the experimental results and122

comparative analysis. Section 5 provides a discussion of the findings, followed by conclusions and123

directions for future work in Section 6.124

RELATED WORKS125

Deep learning and artificial intelligence techniques have led to significant improvements in lung cancer126

classification, particularly in differentiating small cell lung cancer (SCLC) from non-small cell lung127

cancer (NSCLC) using imaging modalities such as PET/CT and CT. Early deep learning approaches used128

image processing techniques such as adaptive bilateral filtering, noise reduction, top-hat transformation,129

and segmentation using the marker-based watershed algorithm. Thereafter, the features were provided130

to machine learning classifiers for the segmentation and classification tasks using these methods (36).131

This study proposed an inflammatory-immune-nutritional integrated scoring system (IINS) for predicting132

survival in NSCLC patients. The PLR-, SIRI- and PNI-based model was superior to the traditional TNM133

staging system in prognostic prediction. However, the study had limitations inherent to a retrospective134

design and a small external validation cohort (16). In 2021, a transfer learning model was developed135

for the IQ-OTH/NCCD lung cancer dataset based on GoogleNet, a convolutional neural network (CNN)136

based on the Inception architecture. The model reached a remarkable validation accuracy of 94.38% (7).137

He-Xuan Hu et al. proposed a hybrid attention mechanism and combined it with DenseNet for lung138

tumor segmentation, achieving 94% accuracy and setting a new benchmark in segmentation performance139

(15). Another approach is the DGMM-RBCNN method, which achieved an accuracy of 87.79% by140

extracting features like area, perimeter and entropy (17). A combination of AlexNet and a CNN was also141

used to classify lung cancer as benign or malignant, but the model had limitations in its diagnostic and142

treatment scope (6). MobileNet V2, a modified transfer learning model, was employed for lung pathology143
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classification from frontal thoracic X-rays. This model demonstrated an average accuracy of over 90%144

and an AUC of 0.811 (21). A hybrid deep learning approach, using a particle swarm optimizer for feature145

enhancement and a CNN for classification, achieved 95.8% accuracy on a dataset of 3010 images (33).146

Gamma correction was applied to CNNs for histology classification, with the model achieving 87.16%147

accuracy in identifying adenocarcinoma and squamous cell carcinoma. Similarly, deep CNNs that utilize148

multi-scale features and dilated units predicted patient survival with 88.58% accuracy (2). Comparisons149

of classifiers such as KNN, SVM, Naı̈ve Bayes, and NNN showed that SVM achieved the highest150

accuracy, 92.6%, outperforming the other methods (8). Ensemble learning methods such as XGBoost,151

LightGBM, and AdaBoost, coupled with SMOTE-based oversampling, achieved 94.42% accuracy and152

95.66% precision on a lung cancer dataset (22).153

The VGG19 model has also been used for lung cancer image classification (3). At the same time,154

InceptionV3 showed exceptional performance in classifying histopathological images of NSCLC subtypes,155

such as adenocarcinoma and squamous cell carcinoma (20). An ensemble-based approach combining156

pre-trained networks such as VGG, Xception, and ResNet was proposed to improve classification accuracy157

on lung cancer images from CT scans. This method demonstrated improved performance with better158

generalization across datasets (9). A deep ensemble 2D CNN model integrating multiple CNNs was159

reported to yield a combined accuracy of 95% for lung cancer classification (35). Other studies used160

transfer learning and pre-trained models such as VGG16, ResNet50V2, and DenseNet201 to build an161

ensemble model. This ensemble achieved an accuracy of 91%, outperforming each model (29). Another162

study used ResNet101 and InceptionV3 in combination to classify lung cancer subtypes, achieving a peak163

accuracy of 93.7% (25).164

A specialized algorithm, combined with FPSO, achieved 94.97% accuracy in identifying malignant165

lung nodules (11). Hybrid intelligent methods using a generalized rough set and ensemble classifiers166

reached an overall accuracy of 96%, though false positives remained a challenge (31). In 2023, a Le-Net167

deep learning model was used for lung cancer classification, achieving impressive results with sensitivity168

of 93.14%, specificity of 95.91%, and accuracy of 97.88% (5). Another method, LCD-CapsNet, which169

uses CNNs and capsule networks, distinguished between benign and malignant conditions with 94%170

accuracy on the LIDC dataset, achieving 95% precision and 95% recall (24). Finally, a comparison of171

ResNet-50 and Inception V3 models on CT images revealed that ResNet-50 outperformed Inception V3172

with an accuracy of 93.09% compared to 69.94% (18).173

PROPOSED METHODOLOGY174

We frame the problem of lung nodule diagnosis as a supervised binary classification task where each CT175

image is labeled as benign or malignant. The proposed methodology follows a well-defined computa-176

tional pipeline comprising image preprocessing, data augmentation, feature extraction via pre-trained177

convolutional neural networks, hybrid feature-level fusion, ensemble prediction and final performance178

evaluation. Let the dataset be denoted by:179

D = {(xi,yi)}N
i=1, (3)

where xi is the i-th CT images, yi ∈ {0,1} is the corresponding class label and N is the total number of180

images. The proposed model tries to learn a robust classification function which minimizes the difference181

between the predicted label ŷi and the ground-truth label yi.182

Experimental Setup183

The proposed ensemble model was trained and evaluated using a carefully designed experimental setup to184

ensure robust, reproducible and computationally efficient learning. The hyperparameters are all listed in185

Table 1. The input CT images were resized to 224×224×3 pixels to fit the input size of the pre-trained186

MobileNetV1, MobileNetV2, and VGG19 architectures. The model was trained with a batch size of 16,187

which is a good trade-off between memory consumption and gradient estimation stability. The Adam188

optimizer was used with a fixed learning rate of 0.001 and its adaptive moment estimation capabilities to189

ensure stable and efficient convergence throughout the optimization process. The model was trained for190

200 epochs, with a maximum of 83 iterations per epoch, providing adequate exposure to the training191

data for the model to learn discriminative patterns associated with benign and malignant lung nodules.192

The training objective is the binary cross-entropy loss function, defined as:193
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LBCE =− 1
N

N

∑
i=1

[yi log(ŷi)+(1− yi) log(1− ŷi)] , (4)

where N is the total number of training samples, yi is the ground-truth class label and ŷi is the predicted194

malignancy probability. The model is trained to minimize this objective function, thereby reducing the195

discrepancy between its predictions and the benign-malignant labels. ReLU activation was used in all196

hidden dense layers to introduce non-linearity. In contrast, sigmoid activation function was used in the197

output layer to get a malignancy probability in the range of [0,1]. The binary classification used a decision198

threshold τ = 0.5. The ensemble fusion weight β and the Hybrid MobileNet fusion weight α were both199

set to 0.5 so that all the constituent models contributed equally. Each branch has a fully connected dense200

layer of 128 neurons, which provides sufficient representational power without overcomplicating the201

model.202

All pre-trained backbone weights were initialized from ImageNet pre-training, and the convolutional203

bases were kept frozen during feature extraction to preserve learned visual representations and reduce204

the number of trainable parameters. To speed up training and enable fast model evaluation, we trained205

all experiments on the Google Colab platform using a Tesla T4 GPU with 25 GB of RAM. Further206

reductions in training time and improved scalability for the LIDC-IDRI dataset evaluation were achieved207

by parallelizing computationally intensive operations using multithreading.208

Dataset Description209

We used a large set of thoracic CT scans from the LIDC-IDRI dataset for this study, which is intended210

for lung tumor detection and analysis. It contains two types of lung nodules, benign and malignant.211

The dataset is divided into three parts: training, validation and testing. The training subset has 1,323212

images, which were used to train the model and help it learn the patterns and features of lung nodules.213

The validation set of 330 images was used to optimize the model hyperparameters and assess the model214

performance during training. The model’s final performance was evaluated on the test set, which consisted215

of 413 images. The dataset contains 2,066 images and is a useful resource for developing accurate lung216

cancer detection models. This dataset is publicly available on Kaggle (unk) and is an important resource217

for advancing research on lung cancer detection.218

Figure 1. Original Images from the LIDC-IDRI Dataset

Data Preprocessing219

In this study, the publically available LIDC-IDRI dataset was used for lung cancer classification. It220

contains thoracic CT scans with annotated lesions labeled as benign or malignant. The dataset is divided221

into train, validation and test sets. All images were resized to 224×224 pixels to ensure compatibility.222

This is the normal input size required by the model architecture. Pixel values were normalized by scaling223
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to the range of [0,1] for uniformity across all images. For each input image xi, we resize and normalize224

the image to obtain a standardized image representation x̄i. The normalization is defined as:225

x̄i =
xi − xmin

xmax − xmin
, (5)

where xmin and xmax represent the minimum and maximum pixel intensity values, respectively. This226

transformation maps the pixel values into a normalized range and reduces intensity variation across CT227

images. Additionally, mean subtraction was performed using pre-set ImageNet mean values to standardize228

the data and facilitate the model’s learning process.229

Hyperparameter Value

Input Image Size 224×224×3

Batch Size 16

Learning Rate 0.001

Optimizer Adam

Number of Epochs 200

Loss Function Binary Cross-Entropy

Activation Function ReLU (hidden), Sigmoid (output)

Dense Layer Neurons 128

Ensemble Fusion Weight (β ) 0.5

Hybrid MobileNet Weight (α) 0.5

Hardware Tesla T4 GPU (25 GB RAM)

Table 1. Hyperparameter settings used for training the proposed ensemble model.

Table 2 summarizes the distribution of the LIDC-IDRI dataset across training, validation, and testing230

subsets. The dataset comprises a total of 2,066 CT images, split into 1,323 training, 330 validation, and231

413 testing samples, with approximately equal class distribution between benign and malignant nodules232

in each subset.233

Class Training Validation Testing Total

Benign 662 165 206 1033

Malignant 661 165 207 1033

Total 1323 330 413 2066

Table 2. Dataset split of the LIDC-IDRI dataset used for model training, validation, and testing.

Data Augmentation Techniques234

To improve the dataset’s robustness and diversity, several data augmentation approaches were used.235

Improving model generalization and preventing overfitting, particularly in medical imaging tasks where236

the dataset is often small. The augmentation pipeline included vertical and horizontal flipping to introduce237

spatial variations, ensuring the model remains invariant to the scan orientation. Random rotations within238

±20 degrees were applied to simulate various patient and imaging orientations. Brightness and contrast239

adjustments were made to mimic variations in scanner settings and lighting conditions. Small shifts,240

scaling of 10%, and rotations within ±15 degrees were also applied to simulate common clinical imaging241

errors, such as patient positioning. Additionally, elastic transformations were added to simulate natural242

anatomical and soft tissue variations. This augmentation process generated four augmented versions of243
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each input image, expanding the dataset significantly and enhancing the model’s generalization to new,244

untested data. The augmentation process can be expressed as a transformation function applied to each245

preprocessed image:246

x(a)i = Ta(x̄i), (6)

where Ta(·) denotes an augmentation operation such as flipping, rotation, shifting, scaling, contrast247

adjustment, or elastic transformation, and x(a)i represents the augmented image. These transformations248

increase sample diversity and improve the model’s ability to generalize to unseen CT scans.249

Figure 2. Augmented training samples generated from the LIDC-IDRI dataset: (a) malignant nodule
variants (left) and (b) benign nodule variants (right), demonstrating spatial, photometric, and geometric
transformations applied to enhance model generalization.

Proposed Architecture250

The proposed model architecture is designed to classify lung CT images into benign and malignant251

categories by combining lightweight and deep convolutional feature extractors within an ensemble252

learning framework. The overall pipeline begins with the acquisition of lung CT images, followed by253

preprocessing operations such as resizing, normalization, and augmentation. The preprocessed images are254

then passed through three pre-trained convolutional neural networks: MobileNetV1, MobileNetV2, and255

VGG19.256

Let x̄i denote the preprocessed CT image. The feature extraction process of MobileNetV1, Mo-257

bileNetV2, and VGG19 can be represented as:258

z(1)i = φ1(x̄i), z(2)i = φ2(x̄i), z(3)i = φ3(x̄i), (7)

where φ1(·), φ2(·), and φ3(·) denote the feature extraction functions of MobileNetV1, MobileNetV2, and259

VGG19, respectively. The corresponding feature representations are denoted by z(1)i , z(2)i , and z(3)i .260

MobileNetV1 and MobileNetV2 are first combined to form the Hybrid MobileNet (V1+V2) branch.261

MobileNetV1 provides a simple and computationally efficient structure based on depthwise separable262

convolutions, while MobileNetV2 improves feature representation through inverted residual blocks and263

linear bottlenecks. Their fusion allows the model to retain computational efficiency while improving264

feature diversity. The hybrid representation is defined as:265

z(H)
i = αz(1)i +(1−α)z(2)i , (8)
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where z(H)
i represents the fused Hybrid MobileNet feature representation and α ∈ [0,1] controls the266

contribution of MobileNetV1 and MobileNetV2. In this study, equal contribution is considered, with267

α = 0.5.268

In parallel, VGG19 is used as a deeper feature extractor because of its ability to capture hierarchical269

and high-level spatial patterns from medical images. While the Hybrid MobileNet branch focuses on270

efficient feature learning, the VGG19 branch provides complementary deep visual representations that are271

useful for distinguishing subtle differences between benign and malignant nodules.272

The final ensemble model combines the outputs of the Hybrid MobileNet branch and the VGG19273

branch. Let p(H)
i and p(V )

i denote the predicted malignancy probabilities produced by Hybrid MobileNet274

and VGG19, respectively. The final ensemble prediction is calculated as:275

ŷi = β p(H)
i +(1−β )p(V )

i , (9)

where ŷi denotes the final predicted probability of malignancy and β ∈ [0,1] controls the contribution of276

both branches. For equal-weight ensemble learning, β = 0.5.277

The predicted class label is obtained using a binary decision rule:278

ỹi =

{
1, ŷi ≥ 0.5,
0, ŷi < 0.5,

(10)

where ỹi = 1 represents a malignant nodule and ỹi = 0 represents a benign nodule. This ensemble strategy279

allows the proposed model to benefit from the computational efficiency of MobileNet-based architectures280

and the strong hierarchical feature extraction capability of VGG19. As a result, the final architecture281

provides an efficient and reliable solution for lung nodule classification in CT images.282

Figure 3. End-to-end proposed ensemble architecture for benign and malignant lung nodule
classification.

HYBRID MOBILENET (V1+V2) MODEL ARCHITECTURE283

The Hybrid MobileNet (V1+V2) architecture combines MobileNetV1 and MobileNetV2 to obtain an effi-284

cient and discriminative convolutional neural network for benign and malignant lung nodule classification.285

The input CT images are resized to 224×224×3 and are passed separately through the MobileNetV1 and286

MobileNetV2 branches. In both branches, the convolutional base is initialized with pre-trained weights287

and kept frozen during feature extraction. This preserves the learned visual representations of the base288

models while reducing the number of trainable parameters and improving computational efficiency.289
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Let x̄i denote the preprocessed input CT image. The feature representations extracted by MobileNetV1290

and MobileNetV2 are defined as:291

z(1)i = φ1(x̄i), z(2)i = φ2(x̄i), (11)

where φ1(·) and φ2(·) represent the feature extraction functions of MobileNetV1 and MobileNetV2,292

respectively. The extracted convolutional features are flattened and then passed through a fully connected293

dense layer with 128 neurons and ReLU activation. Each branch uses a final sigmoid output layer to294

produce a probability score for binary classification.295

The outputs of MobileNetV1 and MobileNetV2 are combined to construct the Hybrid MobileNet296

representation. The fusion operation is expressed as:297

z(H)
i = αz(1)i +(1−α)z(2)i , (12)

where z(H)
i denotes the fused Hybrid MobileNet feature representation and α ∈ [0,1] controls the con-298

tribution of both MobileNet branches. In this study, equal weighting is used with α = 0.5, allowing299

MobileNetV1 and MobileNetV2 to contribute equally to the hybrid representation. This fusion strategy300

improves feature diversity while preserving the lightweight nature of the MobileNet family. Figure 4301

illustrates the workflow of the proposed Hybrid MobileNet (V1+V2) architecture.302

Figure 4. Workflow of the Hybrid MobileNet (V1+V2) architecture.

MobileNetV1 uses depthwise separable convolutions, where a standard convolution is decomposed303

into a depthwise convolution followed by a pointwise convolution. This design significantly reduces304

computational complexity while preserving useful spatial features. MobileNetV2 improves on this305

structure with inverted residual blocks and linear bottlenecks. It first expands the input representation306

using a 1× 1 convolution, then applies depthwise convolution and finally projects the representation307

back to a lower-dimensional space with another 1×1 convolution. Residual connections are employed308

when input and output dimensions are compatible, helping the network preserve useful information and309

maintain stable feature propagation. Therefore, the combination of MobileNetV1 and MobileNetV2310

provides a balanced architecture that supports efficient inference and strong feature extraction for lung311

nodule classification. Figure 5 presents the individual architectural components of MobileNetV1 and312

MobileNetV2.313

VGG19 Model Architecture314

VGG19 is a deep convolutional neural network developed by the Visual Geometry Group at the University315

of Oxford. It follows a simple, uniform architecture based on repeated convolutional blocks, small 3×3316

convolutional kernels, ReLU activation functions, and max-pooling layers for spatial downsampling. The317

architecture contains 16 convolutional layers followed by three fully connected layers, making a total of318

19 weight layers.319

In this study, VGG19 is used as a complementary deep feature extractor for lung nodule classification.320

While the MobileNet-based branch provides computational efficiency, VGG19 captures deeper hierar-321

chical image representations that are useful for identifying subtle visual differences between benign and322

malignant nodules. For a preprocessed input CT image x̄i, the VGG19 feature extraction process can be323

expressed as:324

z(V )
i = φV (x̄i), (13)
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Figure 5. Individual architectural components of MobileNetV1 (left) and MobileNetV2 (right)

where φV (·) denotes the VGG19 feature extraction function and z(V )
i represents the extracted deep feature325

representation.326

After feature extraction, the VGG19 branch produces a malignancy probability using a sigmoid327

activation function:328

p(V )
i = σ(WV z(V )

i +bV ), (14)

where WV and bV denote the trainable weight matrix and bias term of the classification layer, respectively,329

and σ(·) represents the sigmoid activation function. The output p(V )
i ∈ [0,1] indicates the probability that330

the input CT image belongs to the malignant class.331

Using VGG19 strengthens the ensemble model by providing deeper spatial and semantic features.332

These features complement the lightweight representations learned by MobileNetV1 and MobileNetV2,333

thereby improving the final benign and malignant classification performance.334

Final Ensemble Model Architecture335

The final ensemble model combines the predictive outputs of Hybrid MobileNet (V1+V2) and VGG19 to336

improve benign- malignant lung nodule classification. The input image, of size 224×224×3, is processed337

independently by the Hybrid MobileNet and VGG19 branches. The Hybrid MobileNet branch provides338

lightweight, efficient feature representations, while the VGG19 branch captures deeper hierarchical image339

features. The predictions from both branches are then combined using an equal-weight averaging strategy.340

Let p(H)
i denote the predicted malignancy probability generated by the Hybrid MobileNet branch, and341

let p(V )
i denote the predicted malignancy probability generated by the VGG19 branch. The final ensemble342

prediction is defined as:343

ŷi = β p(H)
i +(1−β )p(V )

i , (15)

where ŷi represents the final predicted probability of malignancy, and β ∈ [0,1] controls the contribution344

of both branches. In this study, equal contribution is used with β = 0.5.345

The final class label is obtained using a binary decision rule:346

ỹi =

{
1, ŷi ≥ 0.5,
0, ŷi < 0.5,

(16)

where ỹi = 1 represents a malignant nodule and ỹi = 0 represents a benign nodule.347

During training, the model is optimized using binary cross-entropy loss, which is suitable for two-class348

classification tasks. The objective function is expressed as:349
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LBCE =− 1
N

N

∑
i=1

[yi log(ŷi)+(1− yi) log(1− ŷi)] , (17)

where N denotes the total number of training samples, yi is the actual class label, and ŷi is the predicted350

malignancy probability. By minimizing this loss, the ensemble model learns to reduce the difference351

between the predicted and true benign and malignant labels.352

The proposed ensemble model achieved accuracy, precision, recall, and F1-score values of 96.13%,353

97.10%, 98.57%, and 96.16%, respectively. These results indicate that combining the computational354

efficiency of Hybrid MobileNet with the deeper feature extraction capability of VGG19 improves the355

reliability of lung nodule classification. Figure 6 presents the workflow architecture of the proposed356

ensemble learning framework.357

Figure 6. Workflow architecture of the proposed Hybrid MobileNet (V1+V2) and VGG19 ensemble
model.

Results358

The proposed Hybrid MobileNet (V1+V2) + VGG19 ensemble model was evaluated for benign and359

malignant lung nodule classification using accuracy, precision, recall, F1-score, confusion matrix analysis,360

Receiver Operating Characteristic (ROC) curve analysis, Area Under the Curve (AUC), Grad-CAM361

visualization, and execution time comparison. This model combines the computational efficiency of362

the Hybrid MobileNet branch and the deeper hierarchical feature-extraction capability of VGG19. This363

combination allows the ensemble model to learn both lightweight discriminative features and high-level364

spatial representations of lung CT images.365

The classification performance was evaluated in terms of standard evaluation metrics calculated from366

confusion matrix. Accuracy is the fraction of correctly classified samples over all samples. It is given by:367

Accuracy =
T P+T N

T P+T N +FP+FN
, (18)

where T P, T N, FP, and FN are true positives, true negatives, false positives and false negatives368

respectively.369

Precision and recall are defined as:370

Precision =
T P

T P+FP
, Recall =

T P
T P+FN

. (19)

Precision is the ratio of correctly identified malignant cases to the total number of cases identified as371

malignant, whereas recall is the number of actual malignant cases correctly identified by the model. The372

F1-score is a measure that considers both precision and recall and is defined as:373

F1-score =
2×Precision×Recall

Precision+Recall
. (20)

The proposed ensemble model obtained 96.13% accuracy, 97.10% precision, 98.57% recall, 98.6%374

specificity, 0.493 Matthews Correlation Coefficient (MCC) and 96.16% F1-score. The high accuracy375

indicates that the model can correctly classify most benign and malignant lung CT images. The high376

precision means the model is better at reducing false-positive predictions, which is important to avoid377

benign nodules being falsely predicted as malignant. The recall value indicates that the model can detect a378
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large proportion of malignant cases, which is clinically significant, as missing malignant nodules can lead379

to delayed diagnosis and treatment. Therefore, these results generally indicate that the proposed ensemble380

model provides a reliable trade-off between sensitivity and specificity for lung nodule classification.381

The confusion matrix provides a detailed view of the classification behavior of the proposed model. It382

correctly classified 197 true-positive and 200 true-negative cases. There were 6 false-positive predictions,383

where benign cases were misclassified as malignant, and 10 false-negative predictions, where malignant384

cases were misclassified as benign. These values suggest that the model performs well at distinguishing385

benign from malignant nodules, but there might be room for further improvement to reduce false-negative386

cases. The obtained confusion matrix by the predictions on the test set is shown in the Figure 7.387

Figure 7. Confusion matrix of the proposed ensemble model on the LIDC-IDRI test set

The ROC curve was used to evaluate the discriminative ability of the proposed model with different388

classification thresholds. The ROC curve plots the true positive rate versus the false positive rate,389

demonstrating the model’s ability to distinguish between benign and malignant classes. A curve closer390

to the upper-left corner indicates stronger classification performance. The proposed model achieved an391

AUC of 0.989, indicating excellent discrimination between benign and malignant lung nodules. The ROC392

curve of the proposed model is shown in Figure 8.393

Grad-CAM was used to improve the interpretability of the proposed model by highlighting the394

regions of the CT image that contributed most strongly to the classification decision. This technique395

uses the gradients of the target class with respect to the final convolutional feature maps to generate a396

class-discriminative heatmap. The Grad-CAM heatmap is computed as:397

Lc
Grad-CAM = ReLU

(
∑
k

ω
c
k Ak

)
, (21)

where Ak denotes the k-th feature map and ωc
k represents the importance weight of that feature map for398

class c. The resulting heatmap highlights the regions that have the strongest influence on the model’s399

prediction. In this study, Grad-CAM was applied to lung CT images to visualize the regions associated400
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Figure 8. Receiver Operating Characteristic (ROC) curve of the proposed ensemble model.

with benign and malignant classification decisions. The Grad-CAM visualization results are shown in401

Figure 9.402

Figure 9. Grad-CAM heatmap visualizations overlaid on benign (a) and malignant (b) lung CT images,
highlighting the discriminative regions most influential in the model’s classification decisions and
confirming its clinically interpretable focus on nodule-relevant areas.

Table 3 presents a comparative analysis of top-performing backbone architectures in terms of training403

time (in seconds) and memory footprint (in MB). Among the evaluated models — including UNet,404

LinkNet, FPN, and PSPNet, each paired with various backbones such as EfficientNet-b3, Xception,405

InceptionV4, and DenseNet121 — the proposed model demonstrates clear superiority across both406

efficiency metrics. In particular, the proposed architecture achieves the shortest training time of 1347.89407

seconds, which is approximately 2.1× faster than the next-best model (FPN-EfficientNet-b3 at 6315.67s)408

and more than 7× faster than the slowest configuration (LinkNet-InceptionV4 and PSPNet-InceptionV4 at409

9527.25s). The proposed model is also memory-efficient with only 16.6 MB of memory, the smallest410

footprint of all the compared architectures, beating even PSPNet-DenseNet121 (31.7 MB) by almost half.411

The results indicate that the proposed model is computationally efficient and well-suited for deployment412

in resource-constrained environments without compromising the architecture’s performance.413
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Model-Backbone Training Time (s) Memory Footprint (MB)

UNet-efficientnet-b3 7427.580034 53.3

LinkNet-xception 7649.485346 109.4

UNet-xception 8914.528674 115.5

FPN-efficientnet-b3 6315.674771 50.5

LinkNet-InceptionV4 9527.253391 185.4

FPN-xception 2816.464562 93.3

PSPNet-InceptionV4 9527.253391 167.4

PSPNet-Densenet121 4471.666690 31.7

Proposed 1347.888067 16.6

Table 3. Comparison of top-performing backbone architectures based on training time and memory
footprint

We summarize a detailed comparison of the performance of the proposed model against existing414

research on six standard evaluation metrics: Recall, Specificity, Accuracy, Precision, F1-Score, and MCC415

in Table 4.416

Overall Performance of the Proposed Model417

The proposed model achieves competitive and, in several cases, superior results across most of the metrics,418

recording a Recall of 98.57%, Specificity of 98.6%, Accuracy of 96.13%, Precision of 97.10%, F1-Score419

of 96.16% and an MCC of 0.493. Here is the Metric-wise Analysis of our proposed model:420

• The recall score (98.57%) of our proposed model outperforms most of the other methods, e.g., (21)421

(53.25%), (13) (85.1%), and (32) (75.2%) and is comparable with (20) (92.5%) and (24) (93.00%)422

indicating that it can correctly identify the positive cases and reduce the false negative cases.423

• The proposed model achieves the highest specificity of 98.6% among all compared works that424

reported this metric, outperforming (20) (95.8%), (13) (97.4%), (28) (97.30%), and (32) (96.2%).425

This, in turn, shows the model’s extraordinary potential to correctly identify negative cases, which426

is critical in medical or safety-sensitive applications.427

• The best performer is (21) with 99.81% accuracy. Nevertheless, it is worth mentioning that (21) has428

a very low Recall (53.25%) and F1-Score (58.55%), indicating a class imbalance problem, where429

high accuracy is achieved by mostly predicting the majority class. The balance across all metrics,430

with an accuracy of 96.13%, makes the proposed model a more reliable and trustworthy result.431

• The proposed model has the highest precision of 97.10% as compared to all the compared references432

including (33) (92.0%), (20) (82.3%), and (13) (87.3%). This indicates that if the model predicts a433

positive case, it is highly trustworthy, with a very low false-positive rate.434

• The proposed model shows the highest F1-Score of 96.16% among all the existing works (20)435

(87.1%), (13) (86.2%), (33) (86.5%) and (32) (77.66%). As the F1-Score is the harmonic mean of436

Precision and Recall, this result confirms that the proposed model maintains an excellent trade-off437

between sensitivity and precision.438

• The proposed model reports an MCC of 0.493 which is lower than (33) (0.840), (20) (0.845), and439

(13) (0.833). MCC is sensitive to the class distribution and balance of the dataset. The relatively440
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low MCC may indicate that the dataset used for the proposed model has some degree of class441

imbalance or that the MCC penalizes trade-offs differently across thresholds. Nevertheless, the442

high F1-Score and Precision values validate the model’s real-world efficacy.443

Key Takeaways444

The proposed model generally has a good, robust performance profile. It achieves the best Specificity,445

Precision and F1-Score among all compared methods and remains very competitive in Recall and Accuracy.446

While the MCC is relatively modest, the holistic metric performance strongly supports the reliability447

and generalizability of the proposed model, especially in situations where both false positives and false448

negatives are consequential.449

Ref. Recall Specificity Accuracy Precision F1-Score MCC

(35) 93.97 89.83 88.79 – – –

(21) 53.25 – 99.81 65.02 58.55 0.59

(33) 81.60 98.5 95.56 92.0 86.5 0.840

(24) 93.00 92.10 92.90 – – –

(20) 92.5 95.8 95.25 82.3 87.1 0.845

(13) 85.1 97.4 95.25 87.3 86.2 0.833

(28) 96.00 97.30 97.20 – – –

(32) 75.2 96.2 92.47 80.3 77.66 0.732

Proposed 98.57 98.6 96.13 97.10 96.16 0.493

Table 4. Performance comparison of the proposed model with existing research works

Discussion450

The proposed Hybrid MobileNet (V1+V2) + VGG19 ensemble model exhibits robust and consistent451

performance in classifying benign and malignant lung nodules on the LIDC-IDRI dataset. The ensemble452

approach of combining lightweight MobileNet-based architectures with the deeper hierarchical feature453

extractor VGG19 is a pragmatically efficient design decision, yielding an accuracy of 96.13%, a precision454

of 97.10%, a recall of 98.57%, an F1-score of 96.16%, a specificity of 98.6%, and an AUC of 0.989. The455

main advantage of the proposed model is its ability to optimize computational efficiency and classification456

reliability simultaneously. As shown in Table 3, the proposed model achieves the lowest training time457

(1347.89 s) and the lowest memory footprint (16.6 MB) among all backbone architectures, making it458

significantly more practical for deployment in resource-constrained clinical environments. This efficiency459

advantage does not come at the expense of predictive performance, unlike heavier architectures that460

achieve marginal accuracy gains at substantially higher computational cost.461

The high precision (97.10%) is particularly relevant for clinical practice, as it indicates that the model462

makes very few false-positive predictions, reducing the likelihood of unnecessary follow-up procedures463

or patient anxiety from misclassified benign nodules. Correspondingly, the 98.57% recall can prove464

the ability of the model to detect the majority of true malignant cases, which is critical for early-stage465

lung cancer detection, considering that missed diagnosis can have a considerable impact on the patient466

outcome (32). The specificity of 98.6%, the highest among all methods compared in Table 4, further467

supports the model’s ability to rule out malignancy in benign cases correctly. This trade-off between468

sensitivity and specificity is reflected in the AUC of 0.989, indicating near-perfect discrimination ability469

across classification thresholds. This is supported by the confusion matrix analysis, which shows only 6470

false positives and 10 false negatives out of 413 test samples, indicating a well-calibrated and reliable471

model.472

The MCC of 0.493 is relatively lower than those reported in (33) (0.840), (20) (0.845), and (13)473

(0.833), and should be interpreted with caution. MCC is a metric that is highly sensitive to the distribution474

of all four entries in the confusion matrix. MCC can be disproportionately affected by class imbalance475

or differences in dataset size and composition. Since we observe high F1-score and high precision476
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simultaneously for the proposed model, the MCC discrepancy could be due to differences in the test set477

class distribution rather than a lack of discriminative ability in the proposed model. This observation478

is in line with the fact that (21) reports 99.81% accuracy with only 53.25% recall and 58.55% F1-479

score. It reveals that using aggregate metrics alone can be misleading without considering class balance.480

The Grad-CAM visualization further supports the model’s clinical interpretability by confirming that481

the classification decisions are based on diagnostically relevant regions of the CT image rather than482

background artefacts or noise. Such transparency is essential for gaining physicians’ trust and regulators’483

acceptance of AI-supporting diagnostic tools in clinical workflows (28).484

The practical scalability of the proposed approach is also achieved through multithreaded training485

optimization during model development. This is a major advantage for adapting the system to diverse clin-486

ical environments with different scanner protocols and patient demographics, as retraining or fine-tuning487

the model on new institutional datasets incurs less overhead due to the parallelization of computationally488

intensive operations. Compared to ensemble methods in previous studies, such as the VGG, Xception and489

ResNet ensemble (13) and the VGG16, ResNet50V2 and DenseNet201 ensemble that resulted in 91%490

accuracy, the proposed model provides a more specific and compact fusion method by merging MobileNet491

variants, which are efficiency-centric, with the deep representational power of VGG19. This design is492

more consistent with the practical requirements of clinical deployment, where inference speed, memory493

efficiency and predictive reliability must be balanced concurrently.494

CONCLUSIONS AND FUTURE WORKS495

In this work, a novel hybrid ensemble model was proposed for benign-malignant lung nodule classification496

on the LIDC-IDRI dataset. The model is improved by integrating MobileNetV1 and MobileNetV2 into497

a Hybrid MobileNet (V1+V2) branch, and then using an equal-weight ensemble with VGG19. The498

Hybrid MobileNet branch provides lightweight, computationally efficient feature representations, while499

VGG19 provides deeper hierarchical spatial features as a supplementary, robust classification system.500

The proposed model achieves an accuracy of 96.13%, precision of 97.10%, recall of 98.57%, F1-score501

of 96.16%, specificity of 98.6% and AUC of 0.989 on the LIDC-IDRI test set. It also achieves the502

shortest training time of 1347.89 s and the smallest memory footprint of 16.6 MB among all compared503

backbone architectures, showing that high classification performance can be achieved without sacrificing504

computational efficiency. The Grad-CAM visualization further enhances the model’s clinical utility505

by providing interpretable heatmaps that pinpoint the most diagnostically relevant regions in lung CT506

images. The comparison with current methods shows that the proposed model achieves the best specificity,507

precision and F1-score among all works, while maintaining competitive recall and accuracy. Collectively,508

these results validate the proposed approach as a highly efficient, effective and interpretable tool for early509

lung cancer detection and clinical decision support.510

The proposed approach can be extended and strengthened along several directions. First, although511

the LIDC-IDRI dataset provides a well-established benchmark, future work can evaluate the model on512

other publicly available and multi-institutional CT datasets to assess cross-domain generalizability and513

robustness to scanner variability. Second, the current binary classification scheme (benign vs. malignant)514

can be generalized to multi-class nodule characterization, comprising subtypes such as ground-glass515

opacity, part-solid, and solid nodules, each with different clinical implications. Third, the equal-weight516

averaging strategy for ensemble fusion (β = 0.5, α = 0.5) is a fixed combination scheme, but adaptive517

or learned fusion weights, optimized via Bayesian optimization or meta-learning, can further improve518

classification performance. Fourth, using 3D volumetric analysis with CT rather than the current 2D slice-519

based approach can provide richer spatial context and nodule morphology across axial planes, potentially520

improving sensitivity for smaller or irregularly shaped nodules. Fifth, an important step towards clinical521

translation can be prospective clinical validation in a real-world radiology workflow, including radiologist522

agreement and decision time with and without AI assistance. Furthermore, we can also investigate model523

compression techniques, such as knowledge distillation and quantization, to further reduce the memory524

footprint and inference latency of the ensemble model for deployment on edge devices and low-resource525

healthcare infrastructure.526
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