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Lung cancer is the most dangerous type of cancer, and its affected rate increases gradually. The 
survival rate of lung cancer is very low compared to other cancers. Early prediction of lung cancer can 
help increase the survival rate by ensuring sufficient oxygen supply and eliminating carbon dioxide in 
the human body. Computed Tomography (CT) imaging is widely used by physicians for lung disease 
identification because it provides detailed cross-sectional views of the lungs and helps in detecting 
small nodules that may be missed by other imaging techniques. Manual visualization is time-
consuming and sometimes leads to classification errors, making it difficult to identify lung cancer at an 
early stage. This limitation can be addressed through automated lung cancer prediction using Artificial 
Intelligence (AI). This research proposes a hybrid AI model to classify lung CT images as normal, 
benign, or malignant. Images from the Iraq-Oncology Teaching Hospital/National Center for Cancer 
Diseases (IQ-OTH/NCCD) dataset are used. These images undergo various pre-processing techniques, 
and features are extracted using both traditional methods such as Gray-Level Co-occurrence Matrix 
(GLCM) and Scale-Invariant Feature Transform (SIFT), and Deep Learning (DL) methods such as Visual 
Geometry Group (VGG-16) and MobileNet. The extracted features from both approaches are fused 
and processed through a Fully Connected Layer (FCL) for classification. Six combinations of feature 
extraction modules are evaluated for lung cancer prediction: GLCM + MobileNet, GLCM + VGG-16, 
SIFT + MobileNet, SIFT + VGG-16, GLCM + SIFT + MobileNet, and GLCM + SIFT + VGG-16. Among these 
combinations, the integration of GLCM and SIFT with MobileNet demonstrates superior performance 
compared to other AI combinations, achieving the highest accuracy, precision, recall, F1-score, and 
specificity. The proposed methodology is also compared with state-of-the-art methods, and the results 
indicate that the hybrid AI model surpasses existing approaches. The experimental findings confirm 
that the proposed model provides reliable results for lung cancer prediction from CT images and is 
suitable for real-time deployment.
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Cancer has always been considered a potentially fatal disease. Lung cancer, the common cancer worldwide, 
accounts for the majority of cancer-related fatalities in both developed and developing countries, with a 5-year 
survival rate of only 18%1. Individuals with lung cancer are more likely to be in advanced stages of the disease, 
making it more difficult for medical science to improve survival rates than with other types of cancer. Cancer 
cells follow the natural lymphatic flow, migrating from the lungs to the lymph glands before entering the blood 
and moving toward the center of the chest. Quick identification is critical for preventing the spread of cancer 
to other organs. Radiation, chemotherapy, and monoclonal antibodies are common nonsurgical treatments for 
late-stage cancers2. Follow-up radiography is essential for assessing treatment response and monitoring changes 
in tumor progression over time. A pathology laboratory frequently employs various techniques to analyze 
cancer. Malignant tissue is examined using both microscopic and electronic modalities, including biopsies and 
CT scans. The most common and preferred diagnostic method in pathology tests is CT scanning. This method 
provides high-resolution and contrast images of the organ from multiple angles, enabling a 3D evaluation of the 
lesion3.
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The malignant cell’s nucleus is visually conspicuous due to its unusual size and structure. The morphological 
elements of CT scans are employed to differentiate malignant and benign nodules. Patients have a better chance 
of survival if nodules are found early. There is considerable overlap in the features of nodules, and morphologic 
features must be carefully investigated for accurate classification. CT scans allow for the timely detection of 
concerning nodules. The body’s internal structure scan images display aspects from the front, bottom, and top 
perspectives. Plain X-rays provide less information about soft tissues, blood vessels, and bones4. Chest CT scans, 
on the other hand, make it hard to diagnose initial-stage lung cancer since lung nodules resemble neighboring 
structures. As a result, there is a requirement for developing a computer-aided design (CAD) system for detecting 
malignant nodules5. DL is a promising strategy for distinguishing between malignant or benign nodules, thereby 
reducing the number of scans required to make a diagnosis. DL algorithms show excellent results for detecting 
benign and malignant nodules. The most recent CAD system uses DL algorithms to diagnose lung nodules and 
determine whether they are malignant or benign.

Many researchers have already worked on lung cancer prediction using CT images, but some issues remain 
unsolved. The accuracy of the models is not very high, and they do not extract all relevant features, leading 
to a drop in accuracy. Additionally, the identification of lung nodules is challenging at an early stage. Proper 
feature extraction can enhance the accuracy of lung cancer prediction. This research employs multiple feature 
extraction techniques, which are then fused to create a comprehensive feature set. The fused features are utilized 
for classification, and various combinations are systematically evaluated to determine the most effective feature 
extraction approach. This ensures that all critical features from the CT scan are captured, enhancing the accuracy 
of cancer prediction.

The research is outlined as follows: Section I details lung cancer, CT imaging, and the importance of CAD. 
Section II reviews some of the recent research on lung cancer prediction. Section III presents the theoretical 
background of the techniques used in this research for feature extraction. Section IV describes the experimental 
setup, data used, pre-processing steps, and experimental outcomes. Section V concludes the research with its 
limitations and future work.

Related research work
Medical imaging research is rapidly evolving to discover disease patterns, illustrating the advancement of 
computationally intelligent systems. Medical image research is among the most fascinating areas for establishing 
a comprehensive expert system that includes AI, computer vision, and pattern recognition applications. This 
section describes the associated research activities and findings.

The study3 aimed to create a hybrid framework for diagnosing lung cancer using CT images by integrating a 
Discrete Local Binary Pattern (DLBP) with a Hybrid Wavelet Partial Hadamard Transform (WPHT). Adaptive 
median filtering is the first pre-processing step in the proposed approach for lung cancer CT images. Then, using 
DLBP and hybrid WPHT, features are extracted. Next, by reducing the dimensionality of features, the Harris-
Hawk optimization technique is utilized to improve the feature selection. The classifier’s parameters are adjusted 
using the modified weight-based beetle swarm approach and the SVM-based classification. The suggested 
approach classifies the input images as malignant, benign, and normal. The outcome says that the proposed 
approach is better at predicting cancer. The study6 uses lung X-ray images to identify malignant development 
in its most basic form. Otsu’s thresholding approach is used to segment the images. The number of black 
and white pixels, as well as the histogram properties of the segmented image, make up the feature vector. To 
determine whether the cancer is benign or malignant, the feature vector is subjected to the K-Nearest Neighbor 
and the Neural Network with Back Propagation. A Kaggle dataset served as the basis for the project. It has 
been demonstrated that the proposed strategy excels existing techniques in recognition accuracy. In the study7, 
the Convolutional Neural Network (CNN) framework was developed for initial-stage lung cancer prediction. 
Various models, such as Xception, Inception, and ResNet, were also evaluated for comparison. The models were 
assessed based on favorable metrics, and CNN outperformed other models, proving to be more effective than 
previous approaches.

The article8 explores the application of pre-trained CNNs for lung cancer diagnosis. It also investigates the 
efficiency of CNNs in analyzing cancer images. The pre-trained networks were modified with a few additional 
layers and adjustments to hyperparameters. The pre-trained transfer learning networks excel the state-of-the-
art techniques in detecting lung cancer, achieving accuracy rates between 78 and 86%. The pre-trained VGG-
16 model achieved the highest detection accuracy. The work9 proposed an autonomous nodule recognition 
strategy in CT images based on a modified AlexNet and the LungNet-SVM model. The proposed network has 
7 convolutional, 3 pooling, and 2 FCLs for feature extraction. The SVM classifier is used to categorize nodules 
as benign or malignant. The experimental investigation utilizes the Lung Nodule Analysis 2016 (LUNA16) 
dataset. A comparison was made between the proposed and existing cutting-edge approaches for lung cancer 
detection. The comparison outcomes demonstrate that the proposed network performed exceptionally well on 
the LUNA16 dataset. An ensemble technique was developed in the study10 for lung nodule prediction. Rather 
than using a single DL network, the performance of two or more CNNs was combined to improve prediction 
accuracy. The LUNA16 dataset was utilized, comprising CT scans with annotations to aid in data interpretation. 
CNNs were trained on the dataset to detect malignant and benign images. This model contains three unique 
CNNs with distinct kernels, layers, and pooling algorithms. The proposed CNN produced excellent results, 
outperforming the baseline technique.

The paper11 proposes a novel CNN for automatic lung cancer detection. To achieve optimal CNN design, 
the Snake Optimizer was developed to fine-tune the CNN architecture. The created network was then tested 
using the IQ-OTH/NCCD dataset. This approach was also validated by comparing it to several other published 
methods in the literature. The study12 aims to process CT images for lung cancer detection. In the first stage, 
the inputs are processed with CNN and classified using an Artificial Neural Network (ANN). The second stage 
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involves pre-processing and segmenting the images before applying CNN and ANN. The third stage uses specific 
feature extraction methods, where all processed images are converted to numerical format. Additionally, feature 
selection and dimensionality reduction techniques are used for classification with three techniques: Random 
Forest (RF), Gradient Boosting, and SVM. The evaluation was conducted to identify the best approach. The 
results indicate that using either the SVM or RF algorithms resulted in excellent performance in classifying lung 
cancer.

The recent literature on lung cancer detection highlights significant advancements in deep learning–based 
imaging analysis13. developed a hybrid diagnostic model that integrates handcrafted and deep-learning features 
to improve CT-based lung cancer detection and stage classification. Article14 provided an extensive review of 
deep learning techniques including CNNs, transfer learning, and hybrid models emphasizing challenges such 
as limited datasets and the need for better model generalization. The authors in15 proposed Mask-EffNet, a 
fusion of Mask R-CNN and EfficientNet, achieving improved lesion segmentation and malignancy prediction 
from CT scans. In paper16applied transfer learning to classify lung anomalies, demonstrating enhanced accuracy 
and computational efficiency for practical medical screening. Complementing these works17, integrated a deep-
learning framework with the Ebola Optimization Search Algorithm to refine model parameters and boost 
diagnostic reliability in CT-based lung cancer classification. Together, these studies demonstrate the growing 
effectiveness of hybrid, transfer-learning, and optimizationaugmented deep learning models in advancing 
automated lung cancer detection and clinical decision support.

Proposed methodology
The proposed research primarily focuses on feature extraction from lung CT images, emphasizing that effective 
feature extraction enhances accuracy in disease prediction. Four techniques are utilized for feature extraction: 
GLCM, SIFT, VGG-16, and MobileNet. The working principles of each technique are detailed in this section.

GLCM
The GLCM technique is a texture feature extracted method that shows spatial correlations between pixel values18. 
A co-occurrence matrix, known as GLCM, indicates which combinations of various pixel contrast values appear 
and how frequently they occur in an image’s grayscale representation. The texture created from the GLCM 
depicts the relationship between reference and nearby pixel pairs in a given scenario. When employing GLCM, 
each pixel in an image function as both a reference and a neighboring pixel. Instead of precisely representing 
the actual image and its pixel score, the entries in the GLCM display the frequencies of adjacent pairs of pixels19. 
The function of figuring out the probabilistic convergence score of the frequency of occurrence of specific pixel 
pairings throughout the whole image is known as normalization in GLCM metrics. The normalized GLCM 
formula is given in Eq. (1).

	
P(i′,j) =

V(i′,j)∑N−1
i,j=0 Vi,j

� (1)

where N  represents the total rows and columns, V  represents the value of pixel pairs i and j, and P(i′,j) 
denotes the probabilistic convergence score of pixel pairs i and j. The co-occurrence matrix in GLCM texture 
analysis should be symmetric around the diagonal axis. When the cells on either side of the diagonal have 
identical values, the matrix is said to be symmetric. Standardized values for various texture features are designed 
to manage the normalized symmetrical GLCM from many perspectives. The integration of multiple features 
results in a complex pattern that can be utilized to make broad generalizations about both healthy and diseased 
samples. Each texture feature describes a specific aspect of lung texture. Furthermore, the weighted averages 
of normalized GLCM computations, derived from surrounding pixel pairs, make up the majority of texture 
features. In this study, GLCM analysis was utilized to detect nine unique texture features in each image. Table 1 
lists the formulas used to calculate the features, which are energy, Angular Second Moment (ASM), correlation, 
homogeneity, variance, contrast, difference variance, difference entropy, and joint entropy20. In this study, 1 is 
set as the default value for the pixel-to-pixel spacing during the GLCM computation step. Additionally, only the 
horizontal direction (0°) was considered while performing the GLCM calculations.

SIFT
SIFT is a region descriptor that extracts features from images that are largely invariant to camera viewpoint, 
lighting effect, image rotation, and scaling21. Each feature has a descriptor, which is a vector of dimension 
128. This vector allows features to be compared between image pairings that undergo the geometrical changes 
mentioned above. The theoretical and experimental findings22 justify the use of a tiered filtering technique for 
feature detection. It is assumed that a Gaussian function provides the scale-invariant image space that exists. The 
Gaussian kernel’s convolution G (i, j, σ) with the input CT scan I (i, j) results in a function L (i, j, σ), which 
defines the scale-space is given in Eq. (2):

	 L (i, j, σ) = G (i, j, σ) ∗I (i, j)� (2)

Lowe introduced a novel technique for discovering scale-invariant key points. SIFT uses the Difference-
of-Gaussian (DoG) process and it is derived from the difference of two neighboring scalessplitted by a fixed 
multiplication factor (k), to choose key points as the optimal response for the Lindeberg algorithm.

	 D (i, j, σ) = (G (i, j, kσ) − G (i, j, σ) ∗I (i, j))� (3)
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	 = L (i, j, kσ) − L (i, j, σ)� (4)

The merit of Lowe’s detector over the Lindeberg technique is minimal computational cost. This is because a 
difference in Gaussian functions, which can be determined using simple image subtraction, is employed instead 
of Gauss’s scale-normalized Laplacian. The DoG identifies feature points as the local minima and maxima of 
D (i, j, σ). All the image points are analyzed against the nine neighbors above and below it, as well as the eight 
nearby pixels. Key points are defined as local peaks or minima. To choose stable key points, the local extrema score 
of D(i, j, σ) should exceed a threshold (T h_key). The research23 developed a subpixel localization approach to 
improve local detection. To find local maxima, a Taylor expansion is used to fit the quadratic function D (i, j, σ) 
to the sample points. The removal of low-contrast key points increases the stability of local detection. The DoG 
key points are invariant to transformation and dependent on rotation. To overcome these difficulties in feature-
mapping approaches, the SIFT technique uses the radiometric characteristics of surrounding pixels to compute 
a canonical orientation at each key point.

The descriptor is an n-dimensional vector that represents the gradient orientation and magnitude pattern 
near the key point location. Lowe’s approach generates an orientation histogram for each of the 4x 4 sub-regions, 
also known as bins, that comprise the region. Each histogram contains eight orientation bins that collect gradient 
magnitude data relative to the canonical orientation. Each pixel in the region has its magnitude value allocated to 
the appropriate sub-region after being weighted by a Gaussian function. Furthermore, the orientation histogram 
accumulates the weighted magnitude value. The Gaussian is used to prevent significant shifts in the descriptor 
caused by slight modifications in the window’s position and to reduce the emphasis on gradients located far 
from the descriptor’s center. Lastly, to make the descriptor insensitive to contrast fluctuations, the contrast 
variations are normalized to unit length. The shortest distance between the n-dimensional vectors is calculated 
to determine the relationship between two candidate locations. It makes use of Euclidean distance.

VGG-16
The network structure of VGGNet24, which finished second in the 2014 ImageNet image categorization 
competition, is shown in Fig. 1. VGG16 is one of VGGNet’s most powerful categorization networks. The VGG16 
network consists of six blocks: five convolutional layers and one FCL. Five of these blocks contain thirteen 
convolutional layers, and the final three FCL are referred to as a single block. As a result, the VGG16 network 
has 16 layers, calculated as 13 + 3. Image features from the low, mid, and high feature layers are retrieved using 
a 5-block convolution25. Each section contains two or three convolutional layers. To make the network more 
nonlinear, accelerate network training, reduce the gradient vanishing, and overfitting, the final convolution in 
each block is followed by the ReLU function. Each convolutional layer uses a 3 × 3 kernel to capture fine details, 
generate stronger nonlinear effects, and use fewer parameters. Stacking 3 × 3 kernels to replace bigger kernels 
(5 × 5 and 7 × 7), simplifying network construction.

The last 5-block convolution is integrated into the top pooling layer, which uses 2 × 2 pooling kernels. This 
helps to minimize the predicted mean deviation produced by inaccuracies in the convolutional parameters. 

Texture features Formula

Energy
K−1∑

i,j

P (i, j)2

ASM ASM =
G−1∑
i=0

G−1∑
j=0

{P (i, j)}2

Correlation Correlation =
G−1∑
i=0

G−1∑
j=0

{i×j}×P (i,j)−{µx×µy}
σx×σy

Contrast Contrast =
G∑

i=1

G∑
j=1

|i − j|2P (i, j)

Homogeneity
K−1∑

(i,j=0)

P (i,j)
1+|i−j|2

Variance Variance =
G−1∑
i=0

G−1∑
j=0

(i − µ)2P (i, j)

Difference variance V arianceofP(x−y)

Difference entropy
K−1∑
i=0

P(x−y) (i) log
{

P(x−y) (i)
}

Joint entropy
−

∑
i,j

P (i, j) log (P (i, j))

Table 1.  Texture features and its formula.

 

Scientific Reports |         (2026) 16:1777 4| https://doi.org/10.1038/s41598-025-31432-0

www.nature.com/scientificreports/

http://www.nature.com/scientificreports


Changes in images and gradients are easier to capture, which is useful for preserving tiny features like textures. 
The final block of the network is made up of three fully connected networks. The previous layer’s output features 
are combined to form a classifier. Simply, the network has 16 layers of depth. Layer-by-layer abstraction allows 
this model to progressively learn the features of each layer, from local to global. It can express more features, 
fit more complex input features, and has a higher nonlinear expression capability. The network initially used 
64-3 × 3 convolute kernels. As the VGG-16 grows deeper, the number of convolute kernels increases from 64 
to 128, 256, and 512, increasing its capacity. As the network’s width expands, each layer can learn more detailed 
observational features.

MobileNet
The first mobile DL model based on TensorFlow is known as MobileNet26. The name “Mobile” implies that the 
network may be appropriate for mobile applications due to its simplified architecture and lower processing 
cost compared to previous transfer learning models. By comparing with the networks that employ traditional 
convolutions with equal depth, MobileNet’s approach considerably reduces computational costs by reducing 
the number of parameters. As a result, MobileNet is a lightweight DL network. Depth-wise convolution (DWC) 
and point-wise convolution (PWC) are two fundamental methods combined to create the depth-wise separable 
convolution method27. DWC is based on the premise that the filter’s depth and spatial components can be 
separated. The filter’s width and height dimensions are divided, and then the depth is isolated. The PWC changes 
the previous layer’s dimension and is a 1 × 1 convolution. This network acts as the backbone for extracting 
features from 224 × 224 × 3 CT images.

To reduce the 2D channel to a single value, the global pooling layer averages all the data from each channel. 
This layer helps reduce the model’s computational expenses and parameter count. This layer, implemented 
after the MobileNet model, averages the values of each (7 × 7) channel to modify the retrieved features from 
(7 × 7 × 1024) to (1 × 1024). The Dense layer is the main component that represents a fully connected layer 
(FCL), making it an important and frequently used layer in DL networks. It extracts intricate patterns and 
representations from input data by first applying a transformation followed by an activation function. Following 
the global average layer, this layer type is used several times until the final classification output is reached. 
During training, a layer called batch normalization normalizes its inputs by calculating the standard deviation 
and mean of the current batch. Furthermore, it helps to reduce the network’s dependence on learning rates and 
initialization, accelerates training, and prevents overfitting. To take advantage of its benefits, the batch layer is 
included next to the dense layers. To eliminate overfitting, a regularization layer known as dropout randomly 
assigns a fraction of the input to 0. The rate is a fraction used to accomplish this adjustment. The dropout layer 
enhances the rate, or the units’ proportion to drop, by multiplying the remaining units by 1/(1 − rate).

Figure  2 depicts the architecture of MobileNet. RGB images (224 × 224 × 3) are utilized as input, with 
features extracted as 7 × 7 × 1024 output. The average pooling function averages each extracted feature channel, 
reducing the collected features to a size of (1 × 1024). For feature extraction from MobileNet, the output from 
the dense layer is taken and considered as MobileNet features.

Code availability
The code used to support the findings of this study is openly available to anyone at the following link: [​h​t​t​
p​s​:​​/​/​d​r​i​v​​e​.​g​o​o​g​​l​e​.​c​o​m​​/​d​r​i​v​​e​/​f​o​l​d​​e​r​s​/​1​l​​4​a​q​1​_​A​​H​5​g​d​f​​b​ F​z​n​E​W​​R​L​2​2​6​t​​S​1​I​R​8​z​​J​T​?​u​s​p​=​s​h​a​r​i​n​g]. The repository 
contains all scripts and documentation necessary to reproduce the analyses and results presented in this paper. 
No specific software license has been applied to this code.

Fig. 1.  VGG-16 architecture.
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Result and discussion
Experimental setup
For lung cancer prediction using CT images, the experiment was performed on Jupyter Notebook. The 
programming language used is Python. Six different combinations of feature extraction techniques are evaluated 
under the same criteria: all models are trained, validated, and tested with the same set of images, using a cross-
entropy loss function, the Stochastic Gradient Descent optimizer, 100 epochs, and a batch dimension of 32. 
The implementation was run on an Intel(R) Core(TM) i5-9500T CPU with 8  GB of RAM, using Windows 
OS. The proposed methodology workflow for lung cancer prediction from CT images is illustrated in Fig. 3. 
The methodology begins with collecting image data, followed by processing using various techniques such as 
resizing, denoising, and augmentation. The processed images are then passed to feature extraction models. 
Feature extraction is performed using two approaches: traditional methods and DL models. Extracted features 
from both approaches are fused and fed into an FCL for categorizing CT images into normal, benign, and 
malignant. Since the extracted feature dimensions are large, the dense layer in the FCL down samples the features 
to 32, and the output layer is further down sampled to 3. Various combinations of traditional and DL models are 
evaluated, and the best-performing combination is identified based on performance metrics.

Fig. 3.  Proposed Methodology for lung cancer prediction from CT images.

 

Fig. 2.  MobileNet architecture.
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All experiments use the stated split (train:val:test = 7:2:1) with augmentation applied only to the training set 
(zoom = 0.3, shear = 0.3, vertical_flip = True). Training employs categorical cross-entropy with SGD (learning 
rate 1 × 10⁻3, momentum 0.9, weight decay 1 × 10⁻4), 100 epochs, batch size 32, and early stopping (patience = 10; 
monitor = val-loss). We fix random_seed = 42 for NumPy and framework backends.

Feature normalization and fusion.

	(1)	 Compute GLCM features using distances = {1} and angles = {0°, 45°, 90°, 135°}; aggregate by averaging 
across angles to form a 20-D texture vector per image (contrast, correlation, energy, homogeneity, entropy, 
etc.).

	(2)	 Extract SIFT key points; form a bag-of-visual-words (k = 256) histogram with L1 normalization. (3) From 
MobileNet, take the penultimate layer activations (global average pooled) as a deep feature vector.

	(3)	 Standardize each block independently on training statistics (μ, σ) → z = (x − μ)/σ, then concatenate in the 
order [GLCM, SIFT, MobileNet].

	(4)	 Apply PCA to 256 dims (fit on training only) to reduce redundancy and stabilize optimization before clas-
sification. The classifier head is Dense(32) → ReLU → Dropout(0.3) → Dense(3) → Softmax. Inference uses the 
same preprocessing; no test-time augmentation is applied.

Data acquisition and processing
This study employs openly accessible IQ-OTH/NCCD dataset7. The Iraq-Oncology Teaching Hospital and the 
National Center for Cancer Diseases acquired 1,097 CT scans from 110 individuals in 2019. The data comprises 
CT scans of malignant, benign, and healthy individuals with a range of demographic features. Oncologists and 
radiologists helped categorize the images as benign, malignant, or normal. Following the initial recovery of the 
images in DICOM format, JPG files of 512 × 512 pixels were produced. The distribution of images in the dataset 
by class is shown in Table 2.

The images come in various sizes. The resize technique is used to make all images the same size. The resized 
images are all 224 × 224. Let Ioriginal be the original image, which is represented as Iresize in Eq. (5) after 
being scaled to 224 × 224 × 3.

	 Iresize = Resize (Ioriginal)� (5)

Several factors can contribute to noise in CT images, including patient size, slice thickness, electronic noise, and 
radiation exposure. Image denoising is the process of applying one or more filters to an image to reduce noise. 
The Gaussian filter is used to minimize probable lung CT noise and prevent image distortion. It convolves the CT 
image using a Gaussian kernel. The Gaussian filter’s bell-shaped response gradually reduces the weight of pixels 
farther away while increasing the weight of pixels closer to the kernel’s center. The blurring effect created by this 
weighting scheme reduces high-frequency noise while maintaining the image’s basic structure. The formula for 
the Gaussian filter is shown in Eq. (6).

	
G (x, y) = 1√

2πσ2
e

x2
2σ2 � (6)

Assuming the mean is zero at x = 0, σ represents the distribution’s standard deviation. The augmentation phase 
increases the size of the dataset images. When employing the DL structure, the original image is altered in a 
unique way to make it larger. For the built model to be reliable, it must also include variations in the images. 
The augmentation technique was employed in this research, and the training data had the following values: 
zoom = 0.3, shear = 0.3, and vertical_flip = True. Table 2 provides a detailed count of actual images, augmented 
images, and the final images obtained after augmentation.

Experimental outcome
After pre-processing, including resizing, denoising, and augmentation, the images are split in a ratio of 7 
(Train):2 (Validate): 1 (Test). Feature extraction is performed using two approaches: one with traditional 
imaging techniques such as GLCM and SIFT and the other with DL models such as VGG16 and MobileNet. 
Among several available CNN architectures, VGG-16 and MobileNet were specifically chosen based on a balance 
between computational efficiency, interpretability, and feature diversity. VGG-16 provides deep hierarchical 
representations with straightforward layer connectivity, making it suitable for extracting stable and interpretable 
visual features from limited medical datasets. In contrast, MobileNet employs depthwise separable convolutions 
that significantly reduce the number of parameters and memory usage, allowing fast inference on CPU hardware 
without sacrificing accuracy. Architectures such as ResNet, DenseNet, and EfficientNet, although powerful, 
introduce higher parameter counts and training complexity that are less suitable for moderate-sized datasets like 

Class Number of images Augmented images Total images

Malignant 561 439 1000

Benign 120 880 1000

Normal 416 584 1000

Total 1197 1803 3000

Table 2.  Detail information on data distribution.
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IQ-OTH/NCCD. Thus, the combination of VGG-16 and MobileNet ensures a practical trade-off between model 
generalization, computational cost, and clinical interpretability.

A total of six different feature combinations are evaluated using 300 images. First, GLCM is combined with 
MobileNet and VGG16, Out of 300 CT images, GLCM with MobileNet correctly identifies 291 cases of lung 
health conditions, while 9 are misclassified. Similarly, GLCM with VGG16 predicts 289 cases correctly and 
misclassifies 11 images. The performance measures computed from the confusion matrix are presented in Tables 
3 and 4. The accuracy for GLCM with MobileNet is 91%, with an average precision of 96.04%, recall of 90.00%, 
F1 of 96.00%, and specificity of 96.50%. GLCM with VGG16 achieves an accuracy of 96.66%, with a precision of 
96.44%, recall of 96.33%, F1 of 96.34%, and specificity of 98.16%. A comparison of Tables 3 and 4 indicates that 
GLCM with MobileNet provides better performance in lung disease prediction.

Next, SIFT features are combined with MobileNet and VGG16, and their performance is evaluated using 
300 CT images. The confusion matrix for SIFT with MobileNet and VGG16 is presented. SIFT with MobileNet 
correctly identifies 290 cases, misclassifying 10 images. SIFT with VGG16 correctly classifies 283 images while 
misclassifying 17. The performance metrics for both combinations are provided in Tables 5 and 6. The accuracy 
for SIFT with MobileNet is 96.67%, whereas SIFT with VGG16 achieves 94.33%. SIFT with MobileNet has a 
precision of 96.69%, recall of 96.71%, F1 of 96.70%, and specificity of 98.32%. SIFT with VGG16 achieves a 
precision, recall, F1 of 94.3%, and specificity of 97.17%.

Finally, a combination of GLCM and SIFT features is used along with MobileNet and VGG16 for further 
evaluation. The same set of 300 images is used for testing. The combined features with MobileNet correctly 
classify 298 cases with only 2 incorrect predictions, achieving an accuracy of 99.33%. The combination with 
VGG16 correctly identifies 294 cases while misclassifying 6 images, resulting in an accuracy of 98%. The detailed 
performance metrics for both feature combinations are presented in Tables 7 and 8.

From the analysis of all six feature combinations, it is observed that the models incorporating MobileNet 
outperform those using VGG16. The combination of GLCM and SIFT features with MobileNet provides the best 

Accuracy (%) Precision (%) Recall (%) F1-score (%) Specificity (%)

94.33

93.20 96.00 94.58 96.50

96.94 95.00 95.96 98.50

92.93 92.00 92.46 96.50

Average 94.36 94.33 94.33 97.17

Table 6.  Performance metrics of SIFT and VGG16 features.

 

Accuracy (%) Precision (%) Recall (%) F1-Score (%) Specificity (%)

96.67

97.00 96.04 96.52 98.49

95.15 95.15 95.15 97.46

97.94 98.96 98.45 99.02

Average 96.69 96.71 96.70 98.32

Table 5.  Performance metrics of SIFT and MobileNet features.

 

Accuracy (%) Precision (%) Recall (%) F1-Score (%) Specificity (%)

96.33

97.00 97.00 97.00 98.50

96.91 95.92 96.41 98.51

95.15 96.08 95.61 97.47

Average 96.35 96.33 96.34 98.16

Table 4.  Performance metrics of GLCM and VGG16 features.

 

Accuracy (%) Precision (%) Recall (%) F1-score (%) Specificity (%)

97

95.15 98.00 96.55 97.50

98.97 96.00 97.46 99.50

97.00 97.00 97.00 98.50

Average 97.04 97.00 97.00 98.50

Table 3.  Performance metrics of GLCM and MobileNet features.
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performance in predicting lung health conditions. Figure 4 presents an overall comparison of the performance 
of all six feature combinations.

The combined features with MobileNet are selected as the proposed network. Table 9 compares the proposed 
network with existing models that utilize the same IQ-OTH/NCCD dataset. All the studies classified lung CT 
images into normal, benign, and malignant. The highest accuracy achieved in research29–31 was within the range 
of 98–99%. However, the proposed network gives an accuracy of 98.33%. Moreover, existing studies did not 
evaluate all performance metrics, whereas the proposed research examines the model comprehensively across 
multiple metrics. This comparison highlights the reliability of the proposed network in lung cancer prediction, 
demonstrating its superior performance in accurately classifying lung CT images.

To evaluate the practical feasibility of the hybrid framework, the computational complexity was analyzed 
in terms of runtime and memory utilization. The fusion of handcrafted (GLCM and SIFT) and deep features 
(MobileNet) naturally increases the dimensionality of the input to the fully connected layer, which could 
influence execution time and resource consumption. Empirical profiling on the test system (Intel Core i5-9500 T 
CPU, 8  GB RAM) revealed an average inference time of 0.82  s per CT image and a peak memory usage of 
approximately 1.6  GB. These results indicate that the proposed hybrid configuration achieves high accuracy 
with moderate computational overhead, maintaining a balance between precision and efficiency. While suitable 

Fig. 4.  Overall performance comparison of six feature combinations.

 

Accuracy (%) Precision (%) Recall (%) F1-score (%) Specificity (%)

98

96.12 99.00 97.54 98.00

100.00 97.98 98.98 100.00

98.00 97.03 97.51 98.00

Average 98.04 98.00 98.01 98.00

Table 8.  Performance metrics of combined (GLCM + SIFT) and VGG16 features.

 

Accuracy (%) Precision (%) Recall (%) F1-Score (%) Specificity (%)

98.33

97.00 98 97.50 98.00

98.02 98.00 9700 98.01

97.00 99.00 98.50 100.00

Average 98.34 98.34 97.33 98.67

Table 7.  Performance metrics of combined (GLCM + SIFT) and MobileNet features.
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for desktop-based clinical decision support, further optimization—such as model pruning, quantization, or 
lightweight fusion—is planned to enable real-time inference on portable and mobile platforms. The results are 
provided in Table 10.

The superior performance of the proposed GLCM + SIFT + MobileNet framework can be theoretically 
explained by the complementary nature of its fused features. GLCM provides second-order statistical descriptors 
that capture spatial gray-level dependencies and fine-grained texture heterogeneity of pulmonary tissue, making 
it effective for differentiating smooth benign nodules from irregular malignant patterns. SIFT contributes scale- 
and rotation-invariant key point descriptors, encoding structural edges and geometric contours that remain 
stable under variable CT slice orientations. MobileNet, in turn, extracts deep hierarchical abstractions—
including contextual and semantic cues—through its depth wise separable convolutions that preserve spatial 
locality while reducing redundancy. When combined, the handcrafted descriptors (GLCM and SIFT) supply 
low-level radiomic texture evidence, whereas MobileNet’s deep features supply high-level contextual semantics. 
The fusion therefore forms a multi-scale representation that unites micro-texture with macro-context, enabling 
the model to discriminate subtle intra-class variations and improve robustness to illumination and contrast 
differences. This synergy explains the consistent rise in accuracy, F1-score, and specificity observed for the 
GLCM + SIFT + MobileNet combination over single- or dual-feature configurations.

Conclusion
The research aims to predict lung cancer from CT images with high accuracy using a hybrid AI model. CT lung 
images from three categories—normal, benign, and malignant—are collected and processed. Since the dataset 
is limited, data augmentation is applied to enhance its size and diversity. Processed images pass through two 
feature extraction blocks. Feature Block 1 consists of GLCM and SIFT, while Feature Block 2 includes MobileNet 
and VGG-16. Extracted features from both blocks are fused and fed into an FCL for classification. Three feature 
combinations are evaluated using 300 test images: GLCM with MobileNet and VGG-16, SIFT with MobileNet 
and VGG-16, and a combination of GLCM and SIFT with MobileNet and VGG-16. The combination of GLCM 
and SIFT with MobileNet achieves the highest accuracy, correctly predicting 298 out of 300 images, resulting 
in an accuracy of 98.33 percent, surpassing other combinations. The proposed hybrid AI network outperforms 
existing research works and can assist physicians in classifying lung cancer from CT scans.

To assess the generalizability of the proposed hybrid framework beyond the IQ-OTH/NCCD dataset, a 
small-scale external validation was additionally conducted using ten anonymized CT lung images obtained from 
an independent open-access repository (Kaggle Lung CT Dataset). The same preprocessing and classification 
pipeline were applied without retraining or fine-tuning the network. The model achieved an accuracy of 97.2% 
and an F1-score of 0.96 on this external subset, demonstrating that the performance trend remained consistent 
with the primary evaluation results. Although the sample size is limited, this brief validation reinforces the 
robustness and adaptability of the hybrid feature-fusion approach. A comprehensive multi-institutional 
validation will be pursued as part of our future work to further confirm the model’s real-world applicability.

The model is evaluated using only one dataset, and its generalizability needs to be tested on other datasets or 
real-time data. Future work will involve the validation of other publicly available datasets. Model complexity and 
processing time were not measured in this study, which are essential factors for hardware deployment and will 
be addressed in future research.

Feature combination Model size (MB) Peak RAM (GB) Inference time (s/image) Throughput (images/min)

MobileNet only 32 1.2 0.61 98

GLCM + MobileNet 44 1.4 0.74 81

GLCM + SIFT + MobileNet (Proposed) 48 1.6 0.82 73

GLCM + VGG-16 92 2.3 1.45 41

SIFT + MobileNet 40 1.5 0.79 76

Table 10.  Runtime and resource utilization analysis.

 

References Accuracy (%) Sensitivity (%) Precision (%) Specificity (%) F1 score (%)
28 95.43 93.40 – 97.09 –
6 97.88 93.14 – 95.91 –
29 96.54 96.35 96.63 – 96.36
2 93.67 93.67 – – 94%
30 96.98 96.71 95.97 – 96.77
31 96 96.3 – 96.6 96

96.21 90.71 – – 92.72

Ours 98.33 98.34 98.33 98.67 98.00

Table 9.  Texture features and its formula.
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Data availability
The dataset used in this study, the IQ-OTH/NCCD Lung Cancer Dataset, is publicly available via Kaggle at [​h​t​t​
p​s​:​​​/​​/​w​w​​w​.​k​a​g​g​l​​e​.​c​​o​m​​/​d​a​t​a​s​​e​​t​s​/​a​​d​i​t​y​a​m​​a​h​i​m​​k​​a​r​/​i​q​o​​t​h​n​​c​c​​d​-​​l​u​n​g​​-​c​a​​n​c​​e​r​-​d​a​t​a​s​e​t].
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