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Abstract: Lung carcinoma, which is commonly known as lung cancer, is one of the most common
cancers throughout the world. Mostly, it is not diagnosed until it has spread, and it is very difficult
to treat. Hence, early diagnosis of benign and malignant pulmonary nodules can help in the risk
assessment of lung cancer for patients, and with proper treatment can save their lives. In this study,
a framework for the classification of pulmonary nodules from Computerized Tomography (CT)
images using the machine learning-based modified gradient boosting method is proposed. Initially,
the obtained CT scan images are preprocessed for better image quality. Next, a random walker
method is used to segment the lung nodule boundaries based on seeds provided by the user. After
that, the intensity and texture features are extracted using the Local Binary Pattern (LBP) filter
and the coefficients of the Riesz wavelet transform. Finally, the proposed modified gradient boost
classifier model is trained and tested using the extracted features to classify nodules as either benign
or malignant. The proposed framework is verified and validated using the Lung Image Database
Consortium (LIDC-IDRI) dataset. From the performance analysis, it was observed that the proposed
method achieves a precision, recall, F1 score, and validation accuracy of 0.957, 0.91, 0.941, and 95.67%,
respectively. The performance of the proposed method is compared with existing models and is
found to be superior. It was found that the proposed classifier is able to efficiently classify pulmonary
nodules as either benign or malignant.

Keywords: lung cancer; pulmonary nodules; machine learning; image processing; modified
gradient boosting

1. Introduction

Lung cancer is the second-most commonly diagnosed cancer, with 2.21 million cases.
According to a World Health Organization report, lung cancer caused 1.80 million deaths
in 2020 [1]. When the cells in the lung tissues divide and grow uncontrollably, they form a
mass called a tumor, which can spread to other organs [2]. Small Cell Lung Cancer (SCLC)
and Non-Small Cell Lung Cancer (NSCLC) are the two main diseases in cancer. As per the
World Health Organization report, NSCLC accounts for up to 85% of cases, while SCLC
accounts for the remaining 15%. The most common types of NSCLC are squamous cell
cancer, adenocarcinoma, and large cell lung cancer. Additionally, non-smokers constitute
52.1% of lung cancer cases, with a division of 41.8% in men and 88% in women. Because the
early stage of lung cancer appearance is very small or even has no symptoms, approximately
85% of lung cancers are diagnosed after the metastatic progression stage [3]. Lung cancer
can be cured if it is identified early enough, and hence early diagnosis is the key requirement
for reducing risk and improving survival rate.

Due to such a vital issue, many researchers have involved themselves in developing a
novel classifier to segment the pulmonary nodules [4–7]. As the technology advances, many
researchers have proposed classifiers using various machine learning-based methods, such
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as Support Vector Machine (SVM) [8], random forest [9,10], and the gradient boosting algo-
rithm [11]. Deep neural networks and deep residual networks have also been developed to
classify lung cancer from Computerized Tomography (CT) scan images [12,13]. Because
of its non-invasiveness and high spatial resolution, CT is affordable compared to other
imaging techniques such as Magnetic Resonance Imaging (MRI) and Positron Emission
Tomography (PET), etc. CT is one of the most often utilized imaging modalities for screen-
ing and diagnosing cancer [14]. For clinical purposes, the identification and classification
of pulmonary nodules as either benign or malignant is performed by radiologists which
is a time-consuming process and prone to errors. It is also a very challenging task due to
variable sizes, low contrast, random positions, and the irregular shapes of lung nodules.
With the advent of Computer-Aided Design (CAD)-based systems, medical diagnosis has
become faster and more accurate, which helps radiologists to improve the sensitivity of
their diagnosis by providing a second opinion.

1.1. Related Works

Today, CAD-based systems are regularly used to detect and diagnose numerous
abnormalities in clinical practice. The efficiency of these systems is directly related to their
disease prediction accuracy. Different image processing and machine learning algorithms
are utilized in these systems to analyze the medical scans. Approximately 20% of the total
CAD-based medical diagnostic systems are used for lung cancer diagnosis [15]. Hence,
an effective framework to segment and classify pulmonary nodules from CT scan images
seems to be a viable solution. It consists of multiple phases. Image pre-processing improves
the quality of the image by removing artifacts, thus producing better results in the following
steps. Segmentation makes the analysis of images easier by differentiating the subjects
from the background. After that, extracting features such as the intensity, texture, and color
of each pixel helps to represent every image uniquely in terms of mathematical parameters,
which can be used to classify the image into different categories.

In a study conducted by Alves et al. [16], CT scan images were used with and without
contrast medium and utilized texture features to train the SVM classifier. The SVM classifier
was trained with the obtained features to classify the nodules into benign and malignant
categories. Senthil Kumar et al. [17] explored various evolutionary image segmentation
algorithms for the detection of lung cancer in CT scan images. The adaptive median
filter had better pre-processing capabilities compared to the mean and median filters.
The pre-processed image was segmented using four segmentation algorithms, i.e., k-
means clustering, particle swarm optimization, inertia weighted PSO, and Guaranteed
Convergence PSO (GCPSO), and classification accuracy was reported as 0.885, 0.89, 0.889,
and 0.958, respectively.

A novel method to automatically detect and classify solitary lung nodules from CT
scan images has been suggested [18], and the input CT scan images were denoised using
a bilateral filter and thresholding, and morphology was applied for segmentation. The
intensity and geometric features were extracted, and a Bayesian classifier, to reduce the
time required for training, was employed to define the pulmonary nodules either as benign
or malignant. Sharma et al. [19] used CT scan data stored in DICOM format to analyze
lung nodules and detect the presence of lung cancer. Raw pixel data from DICOM files
were processed by removing unnecessary portions using Thresholding and Connected
component analysis. A Convolutional Neural Network (CNN) with an Adam optimizer
and ReLU activation function was trained to extract features from the images and classify
them as cancerous or non-cancerous. The model, which was used on the data of 20 patients,
achieved an accuracy of 65%.

The MRI and CT scan images were fused together based on DWT for better details and
pre-processed using a median filter and were segmented with the region of interest method
and Otsu’s thresholding [20]. The feature extraction and classification of lungs into normal
and abnormal was carried out using K-Nearest Neighbor (KNN). Further, region growing
and morphology were applied to extract the tumors in abnormal lung images, which were
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classified as benign or malignant with the help of an Artificial Neural Network (ANN).
The NSCLC history classification was analyzed using different classifiers, such as radionics
with KNN and Support Vector Machine (SVM) classifiers, CNN classifiers, CNN with Long
Short-Term Memory (LSTM) classifiers, and CNN with LSTM and radiomics classifiers [21].
In this method, the clinical decision was made only with the help of radiological findings.
Dhara et al. [22] delineated a classification model that used a semi-automatic technique
for segmentation by taking a single seed from the user, and different shapes, margins, and
texture-based features were calculated to represent the pulmonary nodules. Three different
classification schemes with SVM as a classifier were evaluated, and their area under the
Receiver Operating Characteristic (ROC) curve was found to be 0.95, 0.88, and 0.84 with
configuration 1, where the “1” and “2” classes were defined as benign and “4” and “5” as
malignant.

Bhatia et al. [23] presented a pipeline of pre-processing mechanisms to identify the
regions in Lung CT scan images that were more likely to be cancerous and obtained
features using deep residual networks such as ResNet and UNet models, which were fed
into random forest and XGBoost classifiers. An ensemble of the algorithms performed
better than individual classifiers in predicting the probability of lung cancer, with an
accuracy of 84%. Deep CNN was proposed for automatic lung cancer diagnosis, and it
provided a small Area Under Receiver Operating Characteristic (AUC-ROC) curve of 0.913,
a Disc Similarity Coefficient (DSC) of 0.982, and a Jaccard Similarity Coefficient (JSC) of
0.967 [24]. Residual Neural Networks (RNN) with convolutional operations to extract
local features and transformer blocks with self-attention to capture global features were
shown to be able to identify the pulmonary nodules from CT images [25]. They achieved an
AUC and accuracy of 0.9628 and 0.9292, respectively. Bruntha et al. [26] proposed a hybrid
classification model that integrates deep features from RNN and handcrafted features from
the histogram to classify the lung nodules as benign or malignant.

1.2. Research Contributions

Despite the notable advancements in the technology, there are still a few disadvantages
in the existing methods. Most of the existing methods classify the pulmonary nodules as
either benign or malignant, but if we also identify the subclass, then this will assist the
medical practitioner in diagnosing the pulmonary nodules in a better way. Therefore, it
is important for an automatic classifier to classify the in-depth classifications of the lung
nodules. The main contributions of the proposed research are as follows:

- The gradient boosting algorithm is modified in a sequential manner by feeding the
wrong prediction as the input to the next classifier model, thus improving the efficacy
of the classification.

- An effective framework for pulmonary nodule classification from CT images using
the modified gradient boosting method for the classification of benign (class 1 and 2)
and malignant (class 4 and 5) lung nodules are proposed.

- The random walker method is utilized as the boundary extraction method to segment
the pulmonary nodule according to seeds governed by the user.

- Features such as the intensity and texture are extracted using Reisz wavelet coefficients
and an LBP filter.

- The performance of the proposed segmentation and classifier model using the modi-
fied gradient boosting algorithm method is evaluated by comparing with the existing
methods, and is found to be superior.

2. Materials and Methods

In this research work, an ensemble model based on semi-automatic image segmenta-
tion and classification of pulmonary nodules in lungs from CT images is proposed. The
framework of the proposed pulmonary nodule classification using a modified gradient
boosting algorithm is illustrated in Figure 1. This model includes four stages, which are pre-
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processing, nodule boundary extraction, feature extraction, and modified gradient boosting
classifier.

Figure 1. Pulmonary nodule detection and classification—proposed framework.

2.1. Dataset

The proposed machine learning-based modified gradient boosting classifier model
is trained and validated using the Lung Image Database Consortium (LIDC-IDRI) (https:
//wiki.cancerimagingarchive.net/display/Public/LIDC-IDRI (accessed on 1 June 2022).)
dataset. The LIDC-IDRI dataset is the largest lung image database and contains 1018 CT
thoracic scans, with associated annotation in XML files. These were carried out by four
experienced thoracic radiologists, in a two-step action. During the initial stage, the four
radiologists sorted the findings into three groups (nodule ≥ 3 mm, nodule ≤ 3 mm, and
non-nodule ≥ 3 mm). During the next process, the categorized data were reviewed by
the remaining radiologists to ensure uniform evaluation. The LIDC-IDRI dataset contains
1018 CT scans from 1010 patients, with a total of 244,527 images. In this dataset, the lung
nodules are divided and labelled as five classes. The lung nodules labelled as class 1 and
2 are considered as benign nodules, and those labelled as class 4 and 5 are considered as
malignant nodules. Lung nodules labelled as class 3 are considered as non-nodules.

2.2. Preprocessing

The preprocessing plays a vital role in analyzing and extracting the desired features
from the image. The obtained CT scan images are converted into jpg format for easy
processing. The purpose of the proposed model is to segment and classify the pulmonary
nodules. In order to achieve this, the unwanted artifacts and noise present in the CT scan
images must be removed to improve the texture quality of the nodules. To meet these
requirements, an anisotropic diffusion filtering technique is used.

https://wiki.cancerimagingarchive.net/display/Public/LIDC-IDRI
https://wiki.cancerimagingarchive.net/display/Public/LIDC-IDRI
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The anisotropic nonlinear diffusion filter is used to remove the noise adaptively while
preserving the details and edges. This helps the random walker algorithm to accurately
segment the boundaries of the pulmonary nodules. This filter also enhances the texture
quality of images, thereby helping in extracting the texture features precisely. The same
traits are observed from the results after preprocessing the image.

2.3. Random Walker Method for Nodule Boundary Extraction

The random walker method is a semi-supervised learning method that is more suitable
for image segmentation. The implementation of random walker for image segmentation
has been presented in depth by Grady [27]. In this method, the image is represented as
a graph instead of a matrix, and the pixel intensity values are assigned with each node
(called seeds). Every node is connected to its adjacent node via an edge. In this technique,
two seeds are given to the image in such a way that one seed is on the nodule (subject) and
the other is on the rest of the lung area (background) [28]. Each node is associated with
either of the two labels as background or foreground, depending on the probability that a
random walker leaving the pixel will first arrive at each seed. The solution to this random
walker problem can be found by solving an equivalent electrical circuit for the voltages at
each node marked at one seed as ‘0′ and the other seed as ‘1′.

Let us assume there are two nodes, Na and Nb, and the weight of the edge, wab, is
given by:

wab = e−β|Na−Nb| (1)

where β is the conductance factor and wab represents the conductance of the edge. The
higher the value, the easier it is to move on that edge.

After marking the seeds with “0” and “1”, the values of the remaining nodes are
calculated using:

Na = ∑
b

wab (2)

where b is the number of nodes directly connected to the Node a. The incident matrix at the
edge node is given by:

Mab =


Na, i f a = b
−wab, i f Na and Nb are adjacent

0, Otherwise

In general, the matrix, Mab, can be represented by:

M =

[
Mm B
B′ Mu

]
(3)

where Mm is the entries corresponding to marked nodes, B is the relation between one
marked node and another unmarked node, B’ is the relation between an unmarked node to
a marked node, and Mu is the relation between all unmarked nodes.

When the potential of the node is Q(Ni), then the critical points at node b is defined by:

lw
b =

{
1, i f Q(Nb) = w
0, i f Q(Nb) 6= w

(4)

Therefore, for the label w, the solution to the conjunctional Dirichlet problem may be
found by solving:

MuX = −B′L (5)

for one label and:
MuX∗ = −B′L (6)
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for the remaining labels. Therefore, the probability at node ‘b’ is given by:

p(w/x) = xw
b (7)

where p(w|x) is the probability that node x belongs to class w.
After solving all these equations, one can easily classify the nodes belonging to their

respective segments. After segmenting the image, the segmented nodule is used for further
analysis. The major advantages of the random walker method are as follows:

• It can handle complex boundaries.
• As the model assumes the image as a graph where pixels are nodes or vertices, graph

theory and popular graph algorithms can also be used.
• It can be easily employed to divide the image into multiple segments based on the

number of seed labels provided.

2.4. Feature Extraction

In general, intensity-, geometry-, and texture-based features are extracted from images
that are used as predictors for classification/regression purposes. Some of the features,
such as intensity and texture, are extracted in the segmentation process for random walk.
Furthermore, the texture features from the image are extracted by calculating the Reisz
wavelet coefficients, which are helpful in the classification of the malignancy.

2.4.1. Local Binary Pattern (LBP) Filter

The Local Binary Pattern (LBP) filter is a well-known techniques used for image
representation and classification in machine learning models. It is a simple but very efficient
texture operator that labels the pixels of an image by thresholding the neighborhood of
each pixel and assigning the result as a binary value. Because of its inequitable strength
and computational efficient, it has become a suitable approach for different applications.
Due to this, it is seen as a uniting approach and has replaced the conventional structural
and divergent statistical texture analysis. Therefore, this method is more suitable for a wide
range of applications, such as facial expression recognition, texture classification, and object
detection. This filter applies a sliding window of size 3 × 3 and extracts the LBP code.

This LBP code is obtained by thresholding the neighborhood pixels with the center
pixel of that window. The LBP code is given by the equation:

LBP = ∑7
n=0s(in − ic)2n (8)

where in is the neighborhood pixel value and ic is the center pixel value

s(z) =
{

1, z ≥ 0
0, z < 0

Thus, considering the binary pattern code as a number and replacing the center pixel
with this number gives the output. The neighboring pixels are replaced with ones and
zeros by comparing with the center pixel value.

2.4.2. Riesz Wavelet Coefficients

Furthermore, the texture features from the image are extracted by calculating the Reisz
wavelet coefficients, which are helpful in the classification of the malignancy. Images may
have either smooth regions interrupted by edges or abrupt changes, and these abrupt
changes in an image are most crucial because they represent boundaries within the image.
Fourier transform is a powerful tool for data analysis, but it does not represent those
changes significantly because sine waves are not localized in time, nor in space. Therefore,
in order to analyze these changes, wavelet transforms may be used [29]. A wavelet is a
rapidly decaying wave-like oscillation that has zero mean; unlike sinusoids, which extend
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to infinity, a wavelet exists for a finite duration. The availability of a wide range of wavelets
is a key strength of wavelet analysis.

To generate Riesz coefficients [30], a 3D steerable wavelet transform composed of
two operators is used in this proposed research. A 3D isotropic wavelet transforms will
perform multiscale decomposition and yields vanishing moments, and then a 3D Riesz
transform adds directionality and steerability [31,32]. The calculation of Riesz wavelet
coefficients involves the wavelet frame, {ψi,k} I ∈ Z, k ∈ Z3, whose basis functions in L2(R3)
are generated by a single mother wavelet, ψ(x). The normalized wavelets at scale i and
translation parameter, k, are given by:

ψi,k(x) = ψi

(
x− 2ik

)
with ψi(x) = 2

−3i
2 ψ

(
x/2i

)
. (9)

The computation of Riesz wavelet coefficients is divided in two steps: (1) discrete
convolution of the image with the sampled filters, (2) down sampling by a factor of Ti.

The set of Riesz wavelet coefficients, sn
i,k = {R

nψi ∗ f }(x)
∣∣∣
x=Tik

, is computed as:

sn
i,k =

{
Rn ∑

k′εZ3
ωi,k′

1
T3

i
sinc

(
−Tik′

Ti

)}
(x)

∣∣∣∣∣
x=Tik

= ∑
k′εZ3

ωi,k′{Rnsinc(k− k′)}
(10)

whereRn denotes the Nth order Riesz transform with n = (n1, n2, n3) ∈ N3, such that |n| = N
with pulsation vector ω = (ω1, ω2, ω3) ∈ R3:

R̂n (ω) = (−j)N

√
N!

n1!n2!n3!
ωn1

1 ωn2
2 ωn3

3(
ω2

1 + ω2
2 + ω2

3
)N/2 (11)

From the above equations, the Riesz wavelet coefficients can be obtained by scaling
eight times because each image is resized into 256 × 256 dimensions.

2.5. Proposed Modified Gradient Boosting Classifier

The segmented images from the random walker method are used to train the proposed
modified gradient boosting algorithm-based classifier. The basic building blocks of the
proposed classifier are shown in Figure 2. In order to classify robustly, the weak learners
must be converted to strong learners by ensemble learning [33–35]. Regular ensemble
methods, such as random forest, depend on the straightforward voting of learners in the
ensemble. The group of boosting strategies is based on an alternate, helpful technique of
ensemble arrangement. The boosting algorithm identifies the weak learner and generates a
new weak prediction rule from that learner. This algorithm involves an iteration process,
such that for every iteration, the boosting algorithm makes the weak prediction rules into
a single strong prediction rule. The gradient boosting algorithm is a machine learning
technique that works well with ensemble methods. This algorithm is used to reduce the
error rate by applying the gradient descent technique.
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Figure 2. Basic building blocks of the proposed modified gradient boosting model.

The idea behind this technique is to create new base-learners that are maximally
associated with the loss function’s negative gradient, which is connected to the entire
ensemble. The loss functions used can be arbitrary, but to give an intuition, if the error
function is the typical squared-error loss, the learning technique will result in a series of
error-fittings. Boosting algorithms are moderately easy to implement, which allows one to
try different things with various model plans. The proposed modified gradient boosting
algorithm used in the classifier model is explained in Algorithm 1.

Algorithm 1. Proposed Modified Gradient Boosting Algorithm

Begin
Inputs

Dataset (xi y)
Number of iterations, M
Loss Functions, L(y, F(x))
Choose the base-learner function, am

Initalize F0(x)
for m = 1 to M

Compute the negative gradient function gm(xi).
Generate the new base-learner function h(x; am).

am = argmina,β ∑N
i=1[gm(xi)− βh(xi; a)]2, where h(x; a) is a weak learner

Evaluate the best gradient descent step-size ρm.
ρm = argminρ ∑N

i=1 L(yi, Fm−1(xi) + ρh(xi; am))
Update the estimation/prediction function

Fm(x) = Fm−1(x) + m h(x; am) = y
End for
Output prediction, y

End

Let us suppose (xi, y) to be the dataset, with xi being the input parameters and y be the
output parameter, which is a multi-class variable. The objective is to construct a functional
reliance, F * (x), that maps from x to y, which minimizes the specified loss function, L (y, F (x).

F∗(x) = argminFEy, xL(y, F(x)) = argminFEx
[
Ey(L(y, F(x)))

∣∣ x
]

(12)

The initial value is obtained by:

F0(x) = argminρ ∑N
i=1 L(yi, ρ) (13)
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where ρ is step size.
The negative gradient function is obtained by taking the derivative of the above

function, and it is given as:

gm(xi) = −
[

∂L(yi, F(xi))

∂F(xi)

]
F(x)=Fm−1(x)

, i = 1, ... N (14)

In the end, at an estimator/prediction function is arrived at in order to classify the
output class based on the input parameters.

3. Performance Metrics

The performance of the proposed modified gradient boosting classifier and random
walker segmentation method is verified and validated using the disc coefficient, Jaccard
Similar Coefficients, precision, recall, F1 score, validation accuracy, and Receiver Operating
Characteristics (ROC) curve, based on the following assumptions:

The accuracy of the proposed segmentation method is evaluated using the Disc
Coefficient (DSC) and the Jaccard Similar Coefficient (JSC) using the following equation:

DSC =
2× (M ∩ R)
|M|+ |R| (15)

JSC =
(M ∩ R)
(M ∪ R)

(16)

where M and R are ground truth standard and segmented result of the proposed method,
respectively.

The performance of the proposed modified gradient boosting classifier is evaluated
using the following metrics:

Precision =
TP

TP + FP
(17)

Recall =
TP

TP + FN
(18)

F1 Score =
2× Recall × Precision

Recall + Precision
(19)

where TP is True Positive—object is present at the goal location and detected as a correct
class; TN is True Negative—object is not present at the goal location and not detected; FP is
False Positive—object is not present at the goal location and detected as a wrong class; and
FN is False Negative—object is present at the goal location and not detected.

4. Experimental Results

The proposed machine learning-based modified gradient boosting classifier model is
trained and validated using the Lung Image Database Consortium (LIDC-IDRI) dataset.
The computational setup consists of a CPU equipped with a 64-bit Windows10 operating
system and an Intel i3-1005G1 processor with a clock frequency of 1.20 GHz and 16 GB
RAM. The proposed lung nodule detection and classification framework is simulated using
MATLAB R2020b.

4.1. Pre-Processing Result

The input CT images are divided into blocks, and the unwanted non-informative
blocks are removed for further pre-processing. The unwanted artifacts and noise present in
the CT scan images are removed in order to improve the texture quality of the nodules. The
unwanted artifacts are filtered using the nonlinear anisotropic diffusion filter. The sample
input image obtained from the dataset, the pre-processed image using the anisotropic
nonlinear diffusion filter, and the extracted texture features for the input image using the
proposed research are illustrated in Figure 3.
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Figure 3. (a) Input CT image, (b) Preprocessed image using anisotropic nonlinear diffusion filter,
(c) Texture features.

From Figure 3b, it can be seen that the anisotropic nonlinear diffusion filter reduces
the noise and enhances the textures of the image. This helps in extracting the features in
a better way for further analysis. The Peak Signal-to-Noise (PSNR) ratio is calculated to
measure the effectiveness of the used pre-processing method. PSNR is the most commonly
used metrics to measure the efficacy of the denoised/compressed images. The average
PSNR obtained in this research is 34.56 dB.

4.2. Lung Nodule Segmentation Result

To examine whether the random walker method help to improve the segmentation
performance, the boundaries of the pulmonary nodules are segmented and extracted using
the random walker method. The pre-processed lung nodule CT images are fed into the
segmentation block to extract the boundaries of the nodules. In this proposed research,
the random walker method is used. The original CT image, the ground truth standard,
and the result of segmentation is illustrated in Figure 4. It can be seen that the random
walker method segments the small and micro nodules accurately for further processing.
The masked portion indicates the nodule under consideration for analysis.

Figure 4. Lung nodule segmentation result using the random walker method.

The accuracy of the proposed segmentation method is validated using the DSC and
JSC, and it is obtained as 0.979 ± 0.011 and 0.877 ± 0.008, respectively. From this result, is
it can be seen that the proposed method provides better segmentation to extract the lung
nodules. The various samples of benign class and malignant class are fed into the proposed
model, and the boundaries are segmented. The segmented boundaries for various classes
using the random walker method are illustrated in Figure 5.
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Figure 5. (a) Boundary of benign class 1 nodule, (b) Boundary of benign class 2 nodule, (c) Boundary
of malignant class 4 nodule, (d) Boundary of malignant class 5 nodule.

4.3. Feature Extraction Result

A 3D steerable wavelet transform to calculate the Riesz coefficients, which consist of
the composition of two operators, is executed. The first one is the 3D isotropic wavelet
transform, which performs multiscale decomposition and gives vanishing moments. The
next is the 3D Riesz transform, which brings directionality and steerability. The texture
features of the segmented images are extracted using the steerable Riesz wavelet transforms
and are shown in Figure 6. The steerable Riesz wavelet functions are steering in the direction
of the local gradient energy, which is more suitable for analyzing and processing the texture
of the CT images.

Figure 6. Steerable Riesz wavelets for texture analysis.

The proposed classifier is trained using the features extracted and validated to classify
the pulmonary nodules as either benign or malignant.

4.4. Lung Nodule Classification Result

The proposed modified gradient boosting classifier is trained and tested with the given
dataset. The entire dataset is divided into 75:25 for training and validating the proposed
classifier. Out of 1018 CT scan images, 764 have been used to train the proposed classifier
model, and the remaining 254 images have been used to validate the proposed model.
A confusion matrix is generated for classifying the test dataset as benign class 1 nodule,
benign class 2 nodule, non-nodules class 3, malignant class 4 nodule, and malignant class 5
nodule for the proposed method and is shown in Figure 7.



Appl. Sci. 2022, 12, 8264 12 of 16

Figure 7. Confusion matrix of the proposed modified gradient boosting classifier.

From Figure 7, it can be seen that the proposed classifier identifies the lung nodules
in a correct class more accurately. Due to the similarity in the nature of the boundaries,
the proposed system classifies malignant nodules as non-nodules, with 5.78%, and benign
nodules as non-nodule, with 2.04%.

The precision vs. recall and the ROC curve are generated based on the confusion
matrix for the proposed modified gradient boosting classifier and are shown in Figure 8.
From Figure 8a, it can be seen that the proposed modified gradient boosting classifier curve
is steeper to the right corner of the graph, which indicates the better performance of the
proposed method.

Figure 8. (a) Precision vs. recall curve and (b) ROC curve for the proposed modified gradient
boosting classifier model.

The ROC curve, which is illustrated in Figure 8b, is the graph between the True
Positive Rate (TPR) and the False Positive Rate (FPR). The blue line indicates the ROC curve
of the classifier and diagonal line indicates the arbitrary classifier. From Figure 8b, it can be
seen that the proposed modified gradient boosting classifier curve is steeper toward the
left corner of the graph. From the performance analysis, it can be seen that the proposed
classifier achieves a precision, recall, F1 score, and validation accuracy of 0.957, 0.91, 0.941,
and 95.67%, respectively.

5. Discussion

In this research work, a modified gradient boosting classifier was proposed to identify
pulmonary nodules as either benign, malignant, or non-nodule. The CT scan images
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obtained from the LIDC-IDRI dataset were pre-processed to remove artifacts using an
anisotropic nonlinear diffusion filter, and it was observed that this provides a PSNR of
34.56 dB. This proves the efficacy of the experimented pre-processing method. The random
walker method was used to extract the boundaries of the pulmonary nodules from the pre-
processed CT scan images. The ground truth standard and the segmented result obtained
using the random walker method was analyzed using DSC and JSC, which were found to
be 0.979 ± 0.011 and 0.877 ± 0.008, respectively. The accuracy of the proposed research was
compared with existing methods, such as the graph cut method, watershed method, 3D
U-Net [36], and 3D FCN [37]. From Table 1, it can be seen that the pulmonary segmentation
using the random walker method achieved the higher DSC and JSC, compared with other
existing methods. The major contribution of the proposed research could segment the
appropriate region of the pulmonary nodule for different cases.

Table 1. Image segmentation performance comparison with existing methods.

Methods/Model DSC JSC

Graph Cut Method 0.566 ± 0.025 0.414 ± 0.021

Watershed Method 0.628 ± 0.027 0.494 ± 0.025

3D U-Net 0.911 ± 0.009 0.811 ± 0.011

3D FCN 0.845 ± 0.008 0.738 ± 0.011

Proposed Method 0.979 ± 0.011 0.877 ± 0.008

Various texture features were extracted from the segmented image to train and test
the proposed modified gradient boosting classifier using the LBP filter and steerable Riesz
wavelet coefficients. The steerable Riesz wavelet functions are steering in the direction of
the local gradient energy, which is more suitable for analyzing and processing the texture
of the CT images. The ROC accuracy, precision, recall, and F1 score were used to measure
the performance of the proposed classifier.

To confirm the superiority of the proposed modified gradient boosting classifier
model, the performance was compared with the existing methods/models. The various
methods/models considered were random forest classifier [38], the deep RNN model [39],
the SVM classifier [16], and Res U-Net [36]. The performance comparison is shown in
Table 2. From Table 1, it can be seen that the proposed modified gradient boosting classifier
achieved a validation accuracy of 95.67%, which is higher than other reporting methods.
The main reason for this is that the modified gradient boosting classifier algorithm uses
a sequential approach, making it more accurate and efficient. Additionally, it achieved a
higher precision and F1 score, which indicates that it is suitable for more efficient pulmonary
nodule classification. However, from Figure 7, it can be seen that the proposed classifier
drops in accuracy when a higher number of malignant nodules are presents in the testing
image dataset. This is identified as one of the major limitation of the proposed classifier.

Table 2. Performance comparison of the proposed modified gradient boosting classifier with existing
models.

Methods/Model Dataset Used Accuracy (%) Precision Recall F1 Score

Random Forest [38] LIDC-IDRI 85.00 0.7962 0.7810 0.7918

Deep RNN [39] LIDC-IDRI/Luna 16 85.71 0.879 0.892 0.882

SVM [16] LIDC-IDRI 93.0 0.87 0.86 0.84

Res U-Net [36] LIDC-IDRI 90.70% 0.916 0..902 0.911

Proposed Modified Gradient Boosting Classifier LIDC-IDRI 95.67 0.957 0.91 0.941
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6. Conclusions

In this research article, an efficient and effective framework model to classify the
pulmonary nodules in CT scan images using a modified gradient boosting algorithm is
implemented. The quality of the CT scan images is considerably improved during the pre-
processing stage. The random walker method produces the desired level of segmentation
in the CT scan image, and the Riesz wavelets provide a good basis for the representation
of the images to extract features. The proposed classifier is used to properly classify the
pulmonary nodules as either benign or malignant. From the validation, it is observed that
the proposed modified gradient boosting classifier is able to classify the pulmonary nodules
with 95.67% accuracy. From comparison with existing methods, it is proved that it can
outperform them. In the current model, a semiautomatic approach for the segmentation of
lung nodules has been used. In our future studies, it is planned to overcome the limitations
of the proposed classifier by adding more feature sets to train and test the proposed classifier.
Additionally, implementation of a fully automatic technique to identify lung nodules and
explore 3D-based deep networks for feature extraction is planned. The performance of a
hybrid pipeline with an ensemble of classifiers on various datasets for the detection of lung
cancer will be studied and cross-validated with experts to find a use for clinical diagnosis.
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