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Abstract

Lung cancer is one of the leading causes of cancer related deaths. It is due to
the complexity of early detection of nodules. In clinical practice, radiologists
find it difficult to determine whether a condition is normal or abnormal
by manually analysing CT scan or X-ray images for nodule identification.
Currently, various deep learning techniques have been developed to iden-
tify lung nodules as benign or malignant, but each technique has its own
advantages and drawbacks. This work presents a thorough analysis based on
segmentation techniques, Related features-based detection, multi-step detec-
tion, automatic detection, and deep convolutional neural network techniques.
Performance comparison was conducted on a selected works based on per-
formance measures. A potential research direction for the recognition of lung
nodules is given at the end of this study.
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1 Introduction

Lung cancer is considered as the lethal cancer in the world and hence, various
nations are designing policies for early diagnosis of lung cancer. In general,
lung cancer is spotted based on the existence of lung nodules. They are tiny
multitudes of tissue in the lungs. Cancer nodules are described as malignant.
The size of malignant nodules is greater than that of healthy nodules. Special
attention is required for nodules with a diameter greater than that of a
small. Computer tomography (CT) scans are generally used to identify lung
nodules. A CT scan helps to diagnose lung cancer at the initial stage and
supports to control lung cancer consistently at a later stage. Computer-aided
detection (CAD) enables radiologists to determine the size and expansion of
the nodules easily and reliably. During follow-up monitoring, CAD systems
will assist to detect the increase in size of nodules and the presence of new
nodules.

Regrettably, lung cancer signs do not manifest until late in the disease’s
course, hence it is difficult to treat and not curative. Various imaging modal-
ities such as chest X-rays, CT scans, positron emission tomography (PET)
scans and magnetic resonance imaging (MRI) can be employed to detect and
discover the severity levels of lung cancer. Low-dose CT scans (LDCT) are
being utilized for screening of individuals to find the chances of acquiring
lung cancer in the future. In the year 2011, the “National Lung Screening
Trial (NLST) [1] research team study results indicate that the patients who
underwent low-dose helical CT scans had a 15% to 20% lower chance of
dying of lung cancer than those who underwent normal chest X-rays”.

2 Deep Learning

Deep Learning (DL) is an efficient and effective machine Learning (ML)
approach that employs a variety of neural network models to perform a
variety of imaging tasks, including segmentation, object recognition and clas-
sification. Traditional machine learning methods depend on feature extraction
techniques to train the algorithm, whereas deep learning models explicitly
study the image data without any need for Feature Extraction (FE). Till this
day, many deep learning models are in operation, which include: Recur-
rent Neural Network (RNN) [2], Convolution Neural Network (CNN) [3],
Auto encoder [4], Generative Adversarial Network (GAN) [5], “Restricted
Boltzmann Machines” (RBMs) [6], “Deep Belief Networks”(DBN) [6], Long
Short Term Memory Networks (LSTMs) [7], Radial Basis Function Networks
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(RBFNs) [8–10], Multilayer Perceptron’s (MLPs) [11], Self-Organizing
Maps (SOMs) [12].

3 Lung Nodule Classification with Deep Learning

Early detection of a nodule will increase a patient’s odds of survival. Iden-
tifying the stages of cancer will also aid in the delivery of adequate therapy
to patients. Analysing the diagnostic images is a difficult task for radiologists
because CT images have a high dimensionality, and the nodule may be thin.
As a result, computer aided diagnostic systems are required. Computerised
detection of lung cancer helps the radiologist to take correct decisions.

Currently, Deep Learning is used extensively for medical image process-
ing. Deep Learning technology dominates the traditional ML techniques in
classifying the images. In recent years, many different DL methods were
developed for lung cancer nodule identification and obtained better classifica-
tion accuracy rates. In this paper, recently developed deep learning methods
were analysed and examined in detail, highlighting their advantages and
drawbacks. Based on their execution, we divided these approaches into five
groups as shown in Figure 1. The first group includes automated classification
systems. The automatic classification was performed in several stages by the
second group of methods. The third group focuses on segmentation. The
fourth category focuses on features. The fifth group is concerned with the
implementation of Deep Convolutional networks. In subsequent sections we
presented a detailed review of the methods in these five groups along with
their advantages and drawbacks.

3.1 Automated Lung Nodule Detection Methods

This section includes a study on automated classification systems.
Saba et al. [13] instigated an automatic technique to find lung nodules

class as cancer or non-cancer. This method includes segmentation, lesion
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intensification in conjunction with feature extraction for every individual
lesion. This method used a blended mechanism of multi-classifiers logistic
regression, multi-layer perceptron in conjunction with voted perceptron for
categorizing Lung Nodule (LN) with k-fold cross-validation(k = 3,4,5). It
was validated using open-source data set “Lung Image Database Consortium”
(LIDC) and found that the method surpassed the existing top-class techniques
with an accuracy rate of 100%.

Teramoto et al. [14] introduced a hybrid method for finding lung nodules
using PET/CT images. The CT image first detected a mass region based on
a “cylindrical nodule enhancement filter (CNEF)” generated by a contrast
improving kernel. High-uptake areas were spotted with PET images and were
later combined with the CT image detected area. False positive (FP) charac-
teristics from PET and CT images were eradicated by a rule-centred classifier
and by Three Support vector machines (SVM). The detection capacity was
experimentally tested based on 100 PET/CT pictures cases. As a result, 83
percent of candidates were responsive with 5 FPs/case.

Shen et al. [15] suggested parameter-free lung segmentation. to increase
the identification accuracy of juxta pleural nodules in the lung. By employing
a two-way chain coded method, the lung border was smoothened along with
a support vector machine. It was validated using the open-source data set
Lung Image Database Consortium (LIDC) on 233 computed tomography
studies representing 403 juxta pleural nodules. The re-inclusion rate of the
strategy was 92.6%. The accuracy of segments was additionally validated
with the 10 arbitrarily selected CT sequence and attained 0.3% average over-
segmentation along with 2.4% under-segmentation rates, which is contrasted
with the norms set by specialists.

Naqi et al. [16] introduced a hybrid model to identify nodules and their
class. Firstly, an optimum grey level threshold was used to extract the lung
area. Subsequently a hybrid feature vector was designed by fusing geometric
structure and “Histogram of Oriented Gradient reduced by Principal Compo-
nent Analysis (HOGPCA)” feature. Upon extraction, classification was done
by four classifiers: k-Nearest Neighbourhood (k-NN), SVM, Naı̈ve

Bayesian in conjunction with AdaBoost. It was validated using publicly
available data set Lung Image Database Consortium (LIDC). Accuracy rate
of 99.2% has been achieved with AdaBoost classifier. Zhang et al. [17]
suggested that the vesselness filter could provide a strong pulmonary recog-
nition method with “Multi-Scene Deep Learning Framework (MSDLF)”. To
improve the perception of radiologist, four-channel CNN model is devised
with 4-stage nodules that integrated dual image scenes. Two separate classes
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applied the method. From he results, it is evident that the MSDLF was
successful in improving the exactness of lung nodules, while reducing the
false positives in huge quantities of image data.

Table 1 illustrates the various lung nodule detection techniques based on
automated classification with respect to their advantages and drawbacks.

3.2 Multiple Steps Automated Classification for Lung Nodule
Detection

This section includes a study on the automatic classification methods carried
out in several stages.

Zuo et al. [30] developed a multiple-resolution CNN. It extracted features
of disparate levels together with resolutions from distinct depth layers on
the network intended for nodule classification. First, it transferred knowledge
from the CNN which implemented to detect edges as well as to enhance
the model to a multiple-resolution model that was appropriate for the image
classification task. The model was validated with LUNA16 data set, and it
was shown that the method has a precision of 0.9733, an accuracy of 0.9673
and a curve area of 0.9954 higher than the values obtained from most of the
advanced approach, but the technique is poorly accurate for large quantities
of data.

Saba et al. [24] depicted an approach that identified the lung nodule at
the preliminary stage. This method was executed in three major phases: (i)
Nodule segmentation centred upon Otsu threshold; (ii) extraction of geo-
metrical, texture along with DL aspects for choosing optimum features; (iii)
The optimum features were combined serially for Nodule categorization into
malignant or benign. It was validated using the open-source data set “Lung
Image Database Consortium (LIDC)”. The approach Contrasted with the
prevailing methods by exhibiting better performance.

Meraj et al. [25] established a system for identification and classification
of nodules as cancer or non-cancer. This system has been evaluated based on
the public data set, i.e., image collection from the “Lung Image Database
Consortium (LIDC)”. OTSU and semantic segmentation adaptive thresh-
old techniques were used for detecting unhealthy lung nodules precisely.
Overall, principal component analysis algorithm was used to retrieve 13
nodules. Empirical research demonstrated that the method surpassed other
technologies and gave 99.23% accuracy with logit boost classification.

Yuyun Ye et al. [26] developed an automated nodule detection model
centred upon the modified V-Nets (aimed at nodule candidate detection) and
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Table 1 Automated classification methods

Reference Technique Advantages Drawbacks

Saba et al. [13] Lung nodule
identification by
applying multiple
classifier voting

It exhibited 100%
Accuracy

–

Teramoto
et al. [14]

Hybrid method
using both CT and
PET images for
nodule detection

Exhibiting better
performance in
detecting lung nodules
in mass-screening
settings

Detection
capability can be
further improved

Shen et al. [15] Parameter-free
Lung segmentation
Algorithm

Exhibiting better
performance in
handling small images
with low image
quality.

All Juxta-pleural
nodules are not
handled.

Naqi et al. [16] Hybrid 3D-nodule
detection method
(after identifying
the lung area)
Geometric +
Texture + HOG −
PCA

accuracy of 99.2% has
been achieved

High
Computational
time.

Zhang et al. [17] MSDLF utilizing
Vesselness Filter.

Incredible reduction on
False positives.

–

Zheng et al. [18] Maximum Intensity
Projection – Based
convolution Neural
Network
(MIP-CNNs)

it detected nodules of
volume 3 mm–10 mm
and ensured less false
positives

–

Huang
et al. [19]

noisy U-Net
(NU-Net)

uncertainty in the
output result caused by
noise has been
removed

There aren’t
enough features to
capture all the
intricate properties
of lung nodules.

Ling et al. [20] CNN-SVM Low computational
time, sufficient
features were used to
classify different kind
of lung nodules.

Accuracy was low
and leaded to
misclassification

(Continued)
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Table 1 Continued

Reference Technique Advantages Drawbacks

Shen et al. [21] Multi-Crop CNN low time consumption
that avoided the
unnecessary time on
feature extraction and
pre-processing

Highly addicted to
noise,
Misclassification,
highly
challengeable to
locate the location
of the nodule.

Jiang et al. [22] Four channel CNN Handled huge data,
Low False Positive
Rate (FPR)

Low Reliability

higher-level descriptor centred SVM (aimed at FP reduction). To ameliorate
the FP diminution’s performance, hard mining intended for retraining was
executed. The SVM functioned better in FP diminution, and it employed more
critical aspects of CT. To exhibit the CAD’s effectiveness, it was validated on
LIDC data set.

Patrice et al. [27] introduced a system to distinguish between the micro-
nodules and non-nodules on CT images through ensemble learning. ‘5’
disparate 3D-CNN were constructed and executed on one size of the nod-
ule candidates. To incorporate five 3D-CNN outputs, an Extreme Learning
Machine (ELM) was employed and yielded the last classification outcomes.
The system performance was assessed by accuracy, F-score, AUC, as well
as sensitivity. The system attainted 97.35% accuracy, 0.98 AUC, 96.42% F-
score, and 96.57% sensitivity, respectively. Table 2 illustrates the various lung
nodule detection techniques based on automated classification carried-out in
multiple steps with respect to their advantages and drawbacks.

3.3 Segmentation Based Classification for Lung Nodule
Detection

This section contains a literature review on the third category of DL methods
focused on segmentation.

Naqi et al. [34] designed a multistage segmentation model. The lung
region was mined using a combination of “corner-seeded region growing”
and “differential evolution-based optimal thresholding”. To smoothen bound-
ary lines, fill spaces, and delete nodules, morphological operations were
employed. Geometric features as well as 3D edge information were employed
to extract nodule candidates. The categorization was performed over features
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Table 2 Automated classification methods with multiple steps

Reference Technique Advantages Drawbacks

Zuo et al. [23] Multi-resolution CNN
+knowledge transfer

Radiological
heterogeneity
identified successfully

lack of ability to
grasp contextual
information may
lead to mis
classification.

Saba et al. [24] Ostu method
(Morphological
operations to
segments) +PCA

Reduced False
Positives

segmentation based
results are not
promising.

Merja et al. [25] Ostu method
+Semantic
Segmentation

Reduction in False
Positive rate (FPR) and
better Sensitivity rate.

–

Patrice
et al. [27]

Multiple-view
3D-CNN’s + ELM

Small size lumps
detected

Fusion strategy to
be selected with
caution. may lead
to poor
performance.

Tan et al. [28] Segmentation
+Classification based
on 3D-CNN

High sensitivity for
identification of cancer
nodules

–

Zheng et al. [29] CNN+ Artificial
Immune Ensemble
Algorithm

Results of Sensitivity
and accuracy were
promising

Performance
measures can be
improved further

Yongqiang Tan
et al. [30]

Morphological +
dot-enhancement +
regression tree
classifier

Partition of candidate
nodules is easy

Need to improve
weak nodes

Wang et al. [31] Multilevel feature
extraction + DeepLN

Recognize lung
nodules in low- and
high-resolution CT
images.

It requires a
significant amount
of computational
power.

Imdad et al. [32] EL + transferable
texture Convolutional
Neural Networks

Reduced
Computational Time &
complexity to detect
nodules

–

Kuo et al. [33] Adaptive wiener filter
+Otsu method+ feature
extraction SVM

detected “ground glass
opacity (GGO), part
solid, and solid
nodules” in CT.

–
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derived from Geometric texture features descriptor (GTFD) and the results
showed an accuracy rate of 99%, sensitivity measure of 98.6%, precision of
98.2%, and FPR of 3.4.

Feng et al. [35] developed mechanisms for the incorporation of nodule
detection and segmentation into a blend of “SLIC super voxel segmentation
and CNN classification”. CNN learning requires only loosely labelled data.
In this case, CNN needs only a single label for each annotated object. The
CNN architecture was designed as a three-dimensional multi-level struc-
ture capable of identifying and clustering nodules of various shapes and
dimensions. An experiment on the LUNA16 dataset demonstrated prominent
performance and demonstrated the need and efficiency of multi-level neural
network design and multi-stage system for computer assisted detection of
pulmonic nodules.

Centred on multilevel thresholding, John et al. [36] suggested a method
for pulmonic nodule segmentation and FE. The features derived can help
to classify pulmonary nodules effectively. There was heavy segmentation
with three stage thresholding in addition to the derived functionality, which
resulted in less false positives for any suitable classification architecture.

Nithila et al. [37] developed a “region-based active contour model”
and the “Fuzzy C-Means (FCM) technique”. CT photographs acquisition,
lung parenchyma reconstruction together with segmenting LN is the major
intent of this work. Selective binary, and Gaussian filtering with new signed
pressure force function were employed for LN segmentation and clustering
technique was used to reconstruct the parenchyma.

For nodule candidate segmentation and FPs reduction, Moghaddam
et al. [38] established a new hybrid system. The photos were first relocated
to the neutrosophic domain. The performance of the previous step was
then filtered out using three filters: Blob-like Structure Enhancement (BSE),
Line Structure Enhancement (LSE) in conjunction with Central Adaptive
Medialness (CAM) filters. These filters outcomes were utilized for nodule
detection and segmentation, respectively. A candidate voxel line tracking
system is created and then used for LN segmentation. An approach called
Sparse Coding was implemented to learn the function vector after FE. In
the final stage, the data was classified using the generalised linear regression
model. The classifier’s output for sensitivity is 98.32% and FP/scan is 2.8,
but the process failed to detect a significant number of nodules.

Table 3 illustrates the various lung nodule detection techniques based on
segmentation of nodules along with the segmented region with advantages
and drawbacks.
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3.4 Feature Based Classification for Lung Nodule Detection

Taşcı et al. [44] created a tool and system for automatically recognising a
juxta-pleural nodule pattern in cross-sectional CT lung photographs. The
system’s six main stages were pre-processing, segmentation, determining
nodule candidate areas, FE, Feature Selection (FS) along with classification.
It was based on the LIDC dataset, which included cross-sectional lung CT
images for 24 patients. Total 1410 LN regions, and 40 features derived from
138 cross-sectional images. Ten classifier experiments were conducted, and
the results were provided.

Raja et al. [45] proposed an innovative system for LN recognition estab-
lished on a hybrid collection of features and an ANN. Firstly, using optimal
thresholding, the lung region was segmented from the input CT picture. The
lung area was segmented from the input CT image by employing “optimal
Thresholding”. Later, for image enhancement filtering technique Multi scale
dot augmentation was applied. Following that, LN candidates were identified
an and Shape, Texture, Intensity features were extracted from the enhanced
picture. Finally, a two-layer feed forward neural network was used to identify
lung nodules. It was validated using the open-source data set “Lung Image
Database Consortium (LIDC)”, which had a sensitivity value 95.5 percent
with just 5.72 FP/scan.

Naqi et al. [46] developed a four-step nodule identification and catego-
rization method. Firstly, this method extracts the lung area using optimal
grey-level threshold determined by the “Darwinian particle swarm optimiza-
tion fraction”. The LN recognition approach was established using Geometric
fit in parametric form, where the geometric features of the nodules were
incorporated. To properly describe the potential nodules, “hybrid geometric
texture character description” was created afterwards. Finally, stacked auto-
encoder neural network with softmax intended for feature reduction as well as
classification was implemented. It was validated using the open-source data
set “Lung Image Database Consortium (LIDC)” and the findings revealed
that the approach had substantially lessened the frequency of false positives
at the same time it is also being highly complex.

To minimise false positive effects, Wang et al. [47] built a deep feature
fusion from non-medical training and hand-crafted features. Based on the
findings of the public dataset experimentation, the deep fusion feature had
sensitivity 69.3% and specificity value of 96.2 percent, respectively with 1.19
false positive per image, compared to single hand-crafted features 62 percent
and 95.4 percent, respectively with 1.45 false positive/image.
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da Silva et al. [48] demonstrated a deep learning model with an “evo-
lutionary technique”, for reducing the FP number. To increase network
efficiency and eliminate the need for manual investigation, the “Particle
swarm optimization (PSO) algorithm” was used to boost the network hyper
parameters in CNN. It was validated using the open-source data set “Lung
Image Database Consortium (LIDC)” with a 97.62 percent accuracy, 92.20
percent sensitivity, 98.64 percent precision, and a 0.955 region under the
receiver operating characteristic (ROC) curve.

Shaukat et al. [49] projected a method that includes pre-processing, noise
drop from input image, and LN segmentation by means of optimal thresh-
olding. Using multi-scale enhancement, the image was enhanced to identify
the nodules. The classifier was able to accurately identify lung nodules with
95% accuracy. To maximise the sensitivity and minimise false positives,
Texture, Shape and Intensity features were selected. Several other supervised
classifiers like “K-Nearest-Neighbour (KNN)”, “Decision Tree” and “Lin-
ear Discriminate Analysis (LDA)” have also been compared. The classifier
developed could not classify both the texts and morphological characteristics.

Table 4 illustrates the lung nodule detection based on various extracted
features and the respective techniques along with their advantage and
disadvantage.

3.5 Deep Convolutional Neural Networks Nodule Detection

This section includes a study on the methods concerned with the efficient
implementation of Deep Convolutional networks.

Nasrullah et al. [57] instigated a DL method that can accurately predict
whether the abnormal tissue is malignant or benign. Two deep 3D models
along with “customised mixed link network (CMixNet)” designs were used
for LN recognition and categorization. LN identification was performed
using “Faster R-CNN” on efficiently learned features. LN Categorization
was nodules was done by a Gradient Boosting Machine (GBM) on the
learned features. It was validated using the open-source data set “Lung
Image Database Consortium (LIDC)” which yielded a sensitivity of 94% and
specificity of 91%.

To help CT reading process, Hongtao et al. [58] suggested a Two-
dimensional CNN for LN detection. First, it modified the anatomy of “Faster
R-CNN” LN detection by training three models for three different slice types.
Second, a boosting architecture based on Two-dimensional CNN was created
in order to reduce false positives from boosting results.
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A deep lung nodule detection method has been developed by Xuechen
et al. [59]. It extracted features using “Patch-based multi-resolution con-
volutional networks” and classified them by employing four distinct fusion
approaches. The system performed substantially better and was much more
robust than previous research. The method’s Free Response Area under Curve
(FAUC) and “Refined Competition Performance Metrics” (R-CPM) were
0.982 and 0.987, respectively, and it also produced high False Nagative Rate
(FNR) and FPR values, lowering efficiency.

Using a Three-Dimesnsional CNN with multi-scale prediction, Xiaoqi
et al. [60] detected lung nodules. In addition, multi-scale LN prediction
approach was also developed to detect extremely tiny nodules including
“multi-scales cube prediction” and “cube clustering”. The sensitivity of the
primary option system at one and four false positives is 87.94 percent and
92.93 percent, respectively. But Minute nodules could not be detected.

Huang et al. [61] created an end-to-end system that can segment exact
pulmonary contours from raw thoracic CT scans in a quick and fully auto-
mated manner. The system’s four key components were LN identification
with a faster regional-CNN (R-CNN), candidate melding, False Positive (FP)
reduction with CNN, and LN segmentation with a tailored Fully Convo-
lutional Neural Network (FCNN). The entire system is deviod of human
involvement or database-specific design. On a standard workstation, each
scan took about 16 seconds to complete. With a high average of false positives
(FPs) per scan, nodule detection accuracy was 91.4 percent and 94.6 percent,
respectively.

Peng Cao et al. [62] created a nodule classification method based on Deep
CNN that had the benefit of auto learning representation and powerful gener-
alisation ability. A systematic approach for identifying nodules of types solid,
semisolid including Ground-Glass Opacity (GGO) have been developed. The
LIDC database supplied 62,492 Regions-of-Interest (ROI)samples, including
40,772 nodules and 21,720 non nodules, which were utilised to train Deep
CNN. Experiments showed that the method exhibited better sensitivity and
accuracy, and outperformed other methods in race. But the method is heavily
influenced by noise.

Cao et al. [63] offered a two-stage-CNN (TSCNN) for LN detection.
For establishing an initial detection of LN, the enhanced U-Net network
was formed. The next one was centred upon the developing dual pooling
structure, which was constructed into 3 3-Dimensional CNN networks aimed
at FP diminution. As the network training needed a significant quantity of
training data, it devised an arbitrary mask as the data augmentation technique.
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Additionally, the generality ability of the FP diminution model was enhanced
via ensemble learning.

Bobadilla et al. [64] presented a method to identify lung tumours that
used CNNs. To compensate for the scarcity of nodule samples in com-
parison to background samples, training was performed that balanced the
mini batches on each “Stochastic gradient descent (SGD)” iteration. The
method outperformed a base feature-engineering method based on the same
techniques for other stages LN detection, and CNNs outperformed the most
recently developed methods on a dataset provided by the Japanese Society of
Radiological Technology (JSRT).

The DL model designed by Zheng et al. [65] detects nodules in ultrasound
images. The system was meant for both LN Detection and FP Reduction. To
categorise axial, coronal, and sagittal views, an in-depth Encoder-Decoder
network was trained. Then the possible LN from three planes were merged.
To fine tune results, a Three-dimensional multiscale CNN is used to remove
non-nodules. After the tenfold cross-validation of the LIDC-IDRI dataset, on
888 scans with 1186 nodules, the system was reviewed by at least three out
of four radiologists. This led to problems because the training and testing
process took a very long time to detect the anomaly. Table 5 illustrates
Various LN detection techniques based on Deep CNN.

4 Performance Comparison of Selected Works

Various performance metrics, such as, FPR, Sensitivity, Accuracy Specificity,
Precision, Matthew’s Correlation Coefficient (MCC) F-measure FNR of the
selected works from the above-reviewed topics have been compared. The
methods developed by the authors Zheng et al. [18], Tan et al. [28], Wang
et al. [31], Nithila et al. [37], Qin et al. [53], and Cao et al. [63] tends to be
more effective towards detecting the nodule and each technique is dependent
on some stages, such as Segmentation, Feature Extraction, and Multistep
Detection etc. The graphical representation of selected approaches based on
the metrics is illustrated in the Figures 2 and 3.

From graphical analysis in Figure 2 we can conclude that, Tan et al. [28]
and Wang et al. [31], methods achieved better metrics values ranging between
81.52%–89.99% as compared to other methods for detecting lung nodules.
Thereafter, Zheng et al. [18] and Cao et al. [63] approach tends to achieve
the lowest metrics value ranging between 75.45%–82.35%. Finally, moderate
performance is attained by the approach of Nithila et al. [37] and Qin
et al. [53] with a metric value ranging between 79.99%–86.89%.
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Table 5 Methods focussed on deep convolutional neural networks

Reference Technique Advantages Drawbacks

Nasrullah
et al. [57]

CMixNet+R-
CNN+GBM

false positive reduction at
early stage and low time
complexity

Cannot process
reconstructed CT
image at a time.

Hongtao
et al. [58]

Detection
framework based
on 2D-CNN

It can accurately detect the
latent pulmonary nodules

Accuracy can be
improved further

Xuechen
et al. [59]

Patch based multi
resolution CNN

Higher Sensitivity and
Low FPs/Image

Need to be tested on a
real time large dataset.

Xiaoqi
et al. [60]

3D Deep
CNN+Multi scale
Prediction

Nodule detection accuracy
was promising

CNN considers only
fewer parameters

Huang
et al. [61]

R-CNN + FCNN Nodule detection accuracy
was promising

Performance gap when
compared with other
methods

Peng Cao
et al. [62]

Deep CNN with
Auto learning
capability

More Robust method Limited to identify LN
of types solid, semi
solid and ground glass
opacity

Cao
et al. [63]

2-Stage CNN with
3D CNN

Nodule detection accuracy
was promising

Performance measures
can be improved

Bobadilla
et al. [64]

Deep CNN with
SGD

Through data
augmentation and dropout
regularisation, CNN is
effective LN identification

Only few features were
extracted

Zheng
et al. [65]

Deep CNN with
multi planar nodule
detection 3-D
multiscale dense
CNN

Capable to detect a greater
number of nodules

may miss ground glass
nodules.

Ling
et al. [66]

3D deep
convolutional
neural networks
(CNNs)

Lesser parameters, faster
convergence, and reduced
over fitting problems

The stack of Inception
layers resulted a
reduction in network
parameters and a high
error rate.

Wang
et al. [67]

deep convolutional
neural networks
(CNNs)

It vanished gradient issues
and attained a low error
rate

Misclassified the
nodules and
computational time
was more

(Continued)
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Table 5 Continued

Reference Technique Advantages Drawbacks

Mendoza
et al. [68]

CNN Accurate detection of
nodule, error rate was
reduced

Addicted towards
various noise

Chen
et al. [69]

Faster R-CNN Nodule detection rate for
various categories of
nodule was high

High FRR and FPR
values

Suresh
et al. [70]

Deep-CNN Accurate categorization of
the nodule class without
time complexity

Improper feature
mapping

Ying
et al. [71]

Faster R-CNN Large nodules were
detected easily

Poor reliability, highly
complex

Table 6 Performance metrics (accuracy, sensitivity, precision, specificity) of selected works
Performance Zheng Tan Wang Nithila Qin Cao
Metrics/Techniques et al. [18] et al. [28] et al. [31] et al. [37] et al. [53] et al. [63]

Accuracy 79.32 88.96 89.99 85.64 86.89 82.35

Sensitivity 75.65 82.35 81.52 80.12 79.99 76.96

Precision 75.45 82.56 81.75 80.45 80.01 76.85

Specificity 78.96 85.65 88.95 82.54 85.65 79.86
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Figure 2 Performance comparison of various LN detection technique based on accuracy,
specificity, sensitivity, and precision.

From the above comparison we can conclude that the automatic classifica-
tion methods carried out in several stages (second group of methods) yielded
better outcomes when complemented with other techniques.

Figure 3 illustrates the performance comparison of selected LN detection
techniques based on F-measure, FPR, FNR, and MCC. The graphical analysis
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Table 7 Performance metrics (F-Measure, FPR, FNR, MCC) of selected works

Zheng Tan Wang Nithila Qin Cao
et al. [18] et al. [28] et al. [31] et al. [37] et al. [53] et al. [63]

F-Measure 81.35 87.56 89.64 81.48 79.65 80.13

FPR 50.64 15.23 14.52 35.65 36.53 60.52

FNR 49.65 16.24 10.23 40.25 42.15 52.36

MCC 82.14 88.76 90.56 85.62 81.23 79.99

 

Figure 3 Performance comparison of selected LN detection technique based on F-measure,
FPR, FNR, and MCC.

infers that the Tan et al. [28] and Wang et al. [31], approaches achieved higher
F-Measure and MCC value ranging between 87.56%–90.56% as compared
to others. The methods developed by Zheng et al. [18] and Cao et al. [63]
tends to achieve the highest FPR and FNR value ranging between 49.65% to
60.52%. Nithila et al. [37] and Qin et al. [53] approaches achieved an FPR
and FNR value ranging between 35.65%–42.15%, which is better than Zheng
et al. [18] and Cao et al. [63].

From the Performance Comparison of the selected works we can infer that
all the methods are yet to achieve 100% accuracy. Performance metrics such
as Specificity, Sensitivity and False positive reduction need to be improved
further.

5 Conclusion

Detection of lung nodules has become essential for early diagnosis and
medical management of lung cancer to avoid deaths. In this paper, recently
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developed deep learning methods were analysed and examined in detail,
highlighting their advantages and drawbacks by dividing the approaches
into five groups, namely, segmentation-based classification methods, fea-
ture extraction-based methods, multi-step automated detection methods,
automated detection methods and deep convolutional neural-network based
detection methods. It can be inferred that the automated multi-step processing
of the nodule may be capable of obtaining a better detection rate of lung
nodules. Although various methodologies have been developed, there is still
a need for innovative methodologies to overcome the drawbacks highlighted
in this paper. CNN’s have been shown to outperform other methods used for
identifying lung nodules, so much of the research is focused on improving
CNNs. An accuracy of 100% is yet to be achieved. To enhance the accuracy of
lung cancer identification, additional patient details such as previous medical
records and genetic profiles can be processed and blended with the intense
features mined from CT images. Most of the approaches have been validated
on datasets that are publicly available. These approaches need to be evaluated
on real-time medical databases and this is a significant issue in medical
research. Most researchers restricted their work to detecting lung nodules
and their classification. it is possible to use DL techniques to automate lung
cancer staging to get the severity levels of the cancer. Even though several
investigators have used numerous DL models to increase the accuracy of lung
nodule classification, there is still room for advancement in overcoming the
above difficulties to identify malignant tumours at an early level.
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[44] Erdal Taşcı and Aybars Uğur, “Shape and texture based novel features
for automated juxtapleural nodule detection in lung CTs”, Journal of
Medical Systems, vol. 39, no. 5, pp. 1–13, 2015,

[45] Furqan Shaukat, Gulistan Raja, Rehan Ashraf, Shehzad Khalid, Mudas-
sar Ahmad and Amjad Ali, “Artificial neural network based classifica-
tion of lung nodules in CT images using intensity shape and texture



446 P. Kumar Illa et al.

features”, Journal of Ambient Intelligence and Humanized Computing,
vol. 10, no. 10, pp. 4135–4149, 2019.

[46] Syed Muhammad Naqi, Muhammad Sharif and Arfan Jaffar, “Lung
nodule detection and classification based on geometric fit in parametric
form and deep learning”, Neural Computing and Applications, vol. 32,
no. 9, pp. 4629–4647, 2020.

[47] Changmiao Wang, Ahmed Elazab, Jianhuang Wu and Qingmao Hu,
“Lung nodule classification using deep feature fusion in chest radiogra-
phy”, Computerized Medical Imaging and Graphics, vol. 57, pp. 10–18,
2017, 10.1016/j.compmedimag.2016.11.004.

[48] Giovanni Lucca França da Silva, Thales Levi Azevedo Valente,
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