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Abstract
Lung cancer is considered as a deadliest disease worldwide due to which 1.76 million deaths occurred in the year 2018. Keeping
in view its dreadful effect on humans, cancer detection at a premature stage is a more significant requirement to reduce the
probability of mortality rate. This manuscript depicts an approach of finding lung nodule at an initial stage that comprises of three
major phases: (1) lung nodule segmentation using Otsu threshold followed by morphological operation; (2) extraction of
geometrical, texture and deep learning features for selecting optimal features; (3) The optimal features are fused serially for
classification of lung nodule into two categories that is malignant and benign. The lung image database consortium image
database resource initiative (LIDC-IDRI) is used for experimentation. The experimental outcomes show better performance of
presented approach as compared with the existing methods.
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Introduction

During the normal growth in humans, new cells are cre-
ated by following a regular pattern of dividing and dying.
The uncontrolled cells growth, however, leads to cancer

[1, 2]. In lung cancer, the growth rate of abnormal cells
increases rapidly and creates a lump in the inner portion
of lung called lung nodule. Lung nodules are in the form
of spherical abnormal tissues with a 30 mm diameter ap-
proximately [3]. Lung nodule detection is essential for the
patient’s treatment [4]. Due to smaller size and complex
pattern, it becomes a challenge to spot lung nodule at an
initial phase. Lung cancer is more fatal as compared to
other types of cancers [5]. Various medical scans are used
to diagnose the lung cancer such as magnetic resonance
imaging (MRI) [6–9], computed tomography (CT) [10]
and positron emission tomography (PET) [11]. Among
all these, CT scan is cost effective to diagnose lung nod-
ule more precisely. The fast multi-detector row CT scan-
ner scans the whole chest within a few seconds. This also
generates high quality scans with isotropic voxels. CT
scan shows a clear difference between normal and abnor-
mal tissues and makes it possible to visualize the low or
small opacity nodules that are hardly seen in other tradi-
tional medical imaging modalities [2, 12]. In the process
of CT scan, more than one hundred slices are generated
for a single case of a patient. Manually analyzing all
slices and identifying the affected region is more time
consuming and error prone task for the radiologists. The
machine learning methods are there for lung nodules de-
tection that provides help to radiologists for more accurate
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diagnosis [13, 14]. The major contribution of this manu-
script is defined below:

I. Otsu algorithm is applied using the morphological opera-
tion for lung nodule segmentation.

II. The handcrafted (geometrical, texture) and deep features
are extracted using a visual geometry group (VGG-19).
Then, the optimal feature set is obtained using the PCA,
which is further serially fused for classification

Related work

Several existing computer-aided diagnosis (CAD) methods are
used to segment and predict lung [15]. The precise segmentation
is an important and complicated task [16]. A number of

segmentationmethods are used to segment the lung nodules such
as template matching [17, 18], watershed [19], vector levels of
quantization [20], k-means clustering [21], lung wall template
matching (LWTM) [22], Graph cuts with Gaussian mixture
models [23], region growing [24], 3D template matching [25],
thresholding [26, 27] and adaptive fuzzy thresholdingwith active
contour [28].

The core of the classification process is the provision of
discriminative features, which enhances the model learning to
unseen data. Few of the state-of-art feature descriptors are 3D
local geometry, statistical intensity [29], geometric, texture [30],
shape [31, 32] and intensity [33, 34]. All these handcrafted
features are commonly utilized for the prediction of lung nod-
ule. Similarly, deep features have been extracted from each CT
image using deep residual, curriculum and transfer learning
architectures [35], multi-level 3Dconvolutional neural network
(CNN) [36], CNN [12, 15], deep Boltzmann machine (DBM),
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Fig. 1 Block diagram of proposed approach which shows lesion
enhancement, segmentation, feature extraction and classification (where
median filter is used for image smoothing, binarization is applied for lung
volume extraction, Otsu threshold is utilized to segment actual lung

nodule, segmented region is mapped, geometrical and texture (LBP)
and deep learning features (VGG 19) are extracted and fused serially,
PCA is applied to select optimal features and final fused vector is fed to
classifiers to classify the benign and malignant images)

Fig. 2 Lesion Enhancement a
input image b grayscale c median
filter
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autoencoder and reinforcement [37] models for nodule predic-
tion. The combination of handcrafted and deep features is also
used for lung nodule prediction [38, 39].

Motivation

The proposed approach is motivated by lung cancer detection
approach presented by Fernandes et al. [40]. In [40], the wavelet
transform features were extracted from test data and local binary
patterns (LBP) for quality assessment. They have used content
supported medical image retrieval approach which is considered
as best genetic optimization technique. The authors in [40] have
also analyzed existing techniqueswhich includeK-nearest neigh-
bor (KNN) [41], Naive-Bayes [42], Support Vector Machine
(SVM) [43], bagging [44] and AdaBoost [45]. Their in-depth
analysis is deliberated as a foundation in this field. Hence, in this
article, the authors used decision trees (DT) [46], SVM, ensem-
ble, KNN and softmax for classification.

Proposed approach

The lung CT images contain two regions of low and high in-
tensity. For lung nodule, it is essential to isolate lung area from
low intensity sections. As lung nodule has a complex structure,
it is very much difficult to segment lung nodule more accurate-
ly. In this manuscript, median filter as an initial phase [47]. Otsu
threshold and morphological erosion are used for lung nodule
segmentation [48]. In the classification phase, deep features
(VGG-19 model) along with handcrafted features are extracted.
All these feature vectors are then fed to PCA for optimization
and then serially fused [49]. The fused feature vector act as
input for softmax layer to classify lung nodule. Fig. 1 depicts
the proposed model overview.

Lesion enhancement and segmentation

Lesion enhancement is a vital step to boost the eminence of an
input imageφ(x, y), it helps to segment the particular area. 3D

Fig. 3 Lung nodule segmentation
a binarization b lung nodule c
mapping

Fig. 4 Proposed model for
feature extraction and fusion
process for classification (FV
denotes feature vector)
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volume of lung slices is converted into grayscaleφ(x, y)g for
fast processing. The median filter φ(x, y)mwith 10 × 10 win-
dow size is used to smooth the input images as shown in
depicted (Fig. 2).

The binarization is performed for the extraction of lung
volume. The segmentation methods divide the image into
separate regions φ(x, y)s having a homogeneous group of
pixels which help to segment the lung nodule [50]. The
lung nodule segmentation is carried out using thresholding.
The threshold is optimized using Otsu method to maximize
variance between the classes (σB).

φ x; yð ÞsσB k*ð Þ ¼ max
0≤ k≤ l−1

σB kð Þð Þ ð1Þ

In Eq. (1),0 ≤ k ≤ l− 1 represents gray levels and k* denotes the
optimal value of threshold. Moreover, morphological erosion
with 10 arbitrary shape structuring elements is used to refine
the segmented images as presented in Fig. 3.

ð2Þ

In Eq. (2), E represents an integer grid and B denotes the
structuring element.

Feature extraction

In machine learning domain, extraction of features is an im-
portant task, which significantly effects the classification ac-
curacy. Feature fusion method is used to create a new vector
that contains more information as compared to a single feature
vector. This manuscript highlights a hybrid/fused feature vec-
tor formed by the concatenation of geometrical, texture and
deep learning features to provide better classification results.
In the proposed method, 59 LBP, 05 geometrical and 4096
deep features are extracted, optimized and serially fused
[51–53] as shown in Fig. 4.

Table 1 Performance metrics

Performance
measure

Equation

FNR FNR ¼ FN
FNþTP

FPR FPR ¼ FP
FPþTN

PPV PPV ¼ TP
TPþFP

SE SE ¼ TP
TPþFN

SP SP ¼ TN
TNþFP

ACC Accuracy ¼ TPþTN
TPþFNþFPþTN

AUC AUC ¼ ∫−∞∞ TPR Tð ÞFPR0
Tð ÞdT

Fig. 5 Potential lung nodule on LIDC a input images b lung volumes
corresponding to input image c lung nodule detection corresponding to
input image

Table 2 Classification results
using Texture features Classifier Kernel SE% SP% PPV% FPR FNR ACC% AUC

Softmax Linear 0.93 1.00 1.00 0.00 0.06 0.95 0.92

Tree Medium 0.93 0.50 0.82 0.50 0.06 0.81 0.83

Coarse 0.75 1.00 1.00 0.00 0.24 0.80 0.79

SVM Linear 0.77 0.83 0.93 0.16 0.22 0.79 0.84

Quadratic 0.75 0.83 0.93 0.16 0.25 0.76 0.78

Cubic 0.93 0.90 0.96 0.09 0.06 0.93 0.94

Coarse Gaussian 0.93 0.76 0.90 0.23 0.06 0.88 0.87

KNN Fine 0.96 1.00 1.00 0.00 0.03 0.97 0.96

Cosine 0.93 0.83 0.93 0.16 0.06 0.90 0.92

Cubic 0.84 0.44 0.67 0.55 0.16 0.67 0.69

Ensemble Boosted 0.62 0.81 0.90 0.18 0.37 0.67 0.68

Subspace 0.66 0.81 0.85 0.18 0.33 0.72 0.73
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Geometrical features

The geometrical [54] features are extracted fromφ(x, y)Erosion
including area, perimeter, eccentricity and diameter.
Circularity is a useful feature because lung nodule appears in
a circular shape. The extracted features are defined from Eq.
(3) to Eq. (7).

Φ x; yð ÞErosion AreaRð Þ ¼ ∑xþwidth
i¼x ∑yþheight

j¼heightSR I; jð Þ ð3Þ

Φ x; yð ÞErosion perimeterð Þ ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi

x2−x1ð Þ2 þ y2−y1ð Þ2
q

ð4Þ

φ x; yð ÞErosion Circularityð Þ ¼ 4*Area*πð Þ
perimeter2
� � ð5Þ

φ x; yð ÞErosion Eccentricityð Þ ¼ 1

L1

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi

L12 þ L22
� �

q

ð6Þ

φ x; yð ÞErosion diameterð Þ

¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi

diameterL þ diameterSð Þ* diameter2L þ diameter2S
� �

3

q

4

ð7Þ

Texture features

The texture features are more successfully used to detect le-
sion region because of encoding pixel wise texture pattern that
provides more texture information. LBP texture feature with
dimension 1 × 59 is extracted from φ(x, y)Erosion on which
serial based feature subset selection method [53] is applied
to select maximum 18 features by using PCA.

LBP ϕ x; yð Þ
P
^
;R
¼ ∑P

^−1
i¼0 s gi−gcð Þ2i ð8Þ

where

s xð Þ ¼ 1 x≥0
0 x < 0

�

In Eq. (8), P̂ denotes neighboring pixels, R depicts radius,
gidenotes intensities of neighborhood pixels and gc represents
central pixel values.

Table 3 Classification results
using Deep features Classifier Kernel SE% SP% PPV% FPR FNR JSI DSC ACC% AUC

Softmax Linear 1.00 0.50 0.57 0.50 0.00 0.57 0.72 0.70 0.68

Tree Medium 0.72 0.81 0.80 0.18 0.27 0.61 0.76 0.77 0.79

Coarse 0.87 1.00 1.00 0.00 0.12 0.87 0.93 0.90 0.93

SVM Linear 0.80 0.80 0.57 0.20 0.20 0.50 0.66 0.80 0.79

Quadratic 0.77 1.00 1.00 0.00 0.22 0.77 0.87 0.80 0.82

Cubic 0.85 0.66 0.85 0.33 0.14 0.75 0.85 0.80 0.82

Coarse Gaussian 0.85 0.77 0.75 0.22 0.14 0.66 0.80 0.81 0.83

KNN Fine 1.00 0.60 0.71 0.40 0.00 0.71 0.83 0.80 0.72

Cosine 0.87 1.00 1.00 0.00 0.12 0.87 0.93 0.90 0.89

Cubic 1.00 0.75 0.85 0.25 0.00 0.85 0.92 0.90 0.86

Ensemble Boosted 0.66 0.75 0.80 0.25 0.33 0.57 0.72 0.70 0.67

Subspace 0.87 0.75 0.87 0.25 0.12 0.77 0.87 0.83 0.79

Table 4 Classification results
using fused features Classifier Kernel SE% SP% PPV% FPR FNR JSI DSC ACC% ROC

Softmax Linear 0.93 1.00 1.00 0.00 0.06 0.93 0.96 0.95 0.94

Tree Medium 0.96 0.98 0.97 0.00 0.03 0.94 0.97 0.97 0.98

Coarse 0.89 0.99 0.97 0.00 0.10 0.87 0.93 0.95 0.93

SVM Linear 0.99 1.00 1.00 0.00 0.009 0.99 0.99 0.99 0.97

Quadratic 0.99 1.00 1.00 0.00 0.009 0.99 0.99 0.99 0.99

Cubic 0.99 1.00 1.00 0.00 0.009 0.99 0.99 0.99 0.98

Coarse
Gaussian

0.98 1.00 1.00 0.00 0.018 0.98 0.99 0.98 0.99

KNN Fine 0.98 0.98 0.96 0.01 0.011 0.95 0.97 0.98 0.98

Cosine 1.00 0.88 0.93 0.11 0.000 0.93 0.96 0.95 0.96

Cubic 0.99 1.00 1.00 0.00 0.009 0.99 0.99 0.99 0.99

Ensemble Boosted 0.98 1.00 1.00 0.00 0.018 0.98 0.99 0.98 0.97

Subspace 0.99 1.00 1.00 0.00 0.009 0.99 0.99 0.99 0.99
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Deep learning features

VGG-19 is a CNN based model trained on Image Net dataset
[55]. The segmented images are provided to this model to learn
features automatically. To perform classification, softmax layer is
used. The model consists of 19 layers including the input layer
240 × 240 × 1, 05 convolutional, 05Rectified linear unit (ReLU),
05 max-pooling and 02 fully connected layers. The deep feature
vector length is 1 × 4096.

Fused feature vector

The extracted features including deep features, LBP, geometric
have total number of features are 4096, 59 and 5 respectively.

Before fusing all these features, the PCA is applied on the
respective feature sets with certain condition. This condition is
to extract optimal features 177 out of 4096 from deep features,
18 out of 59 from LBP and all geometric features, which is then
followed by fusion process. The fusion process have the final
stage vector with the length 1 × 200.

Results and discussion

For classification, multiple classifiers are used including
tree (medium, coarse) [46], SVM (linear, quadratic, cubic)
[56–59], ensemble [60] (boosted, subspace), KNN [41]
(fine, cosine, cubic) and softmax (linear) [61]. The
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Fig. 6 Classification of lung nodule on texture features a classifiers accuracy b classifiers AUC
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proposed work is implemented with MATLAB version
2018b on Intel 3.5 GHz with 32 GB RAM desktop com-
puter. The benchmark dataset LIDC–IDRI is selected for
the detection of lung nodule [62]. The dataset contains 1018
slices of 1010 cases of lung CT, where 777 scans of lung nodule
and remaining non-nodule are utilized in this work because
ground truth of these scans is available in XML sheet provided
by the trained radiologists.

The performance evaluation is performed using accuracy
(ACC), sensitivity (SE), specificity (SP), area under the curve
(AUC), false negative rate (FNR), false positive rate (FPR)
and positive predictive value (PPV). Table 1 mathematically
depicts these evaluation measures.

TN, TP, FN, and FP represent true negative, true positive,
false negative and false positive respectively. The proposed seg-
mentation outcomes using LIDC–IDRI are presented in Fig. 5.

Experimentation

In this work, two different experiments are conducted to eval-
uate the results of this work. In the first experiment,
handcrafted (geometrical, texture) and deep learning features
(using VGG-19) are extracted from the segmented images.
Then softmax and other state-of-the-art classifiers are consid-
ered to judge the nodule and non-nodule images.

(a)                          

(b)
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Fig. 7 Classification of lung nodule on deep features a classifiers accuracy b classifiers AUC
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In the second experiment, deep learning models (Alex net
[55], Google net [63], VGG-19 [64], residential energy ser-
vices network (ResNet)-50 [65], dense convolutional network
(Dense net-201) [66]) are applied to input lung images (with-
out segmentation) for feature extraction. Afterwards, softmax
is used to perform predictioln. For this, the transfer learning
models are trained on 40 epochs. Although these models be-
come stable most of the times after 30 epochs.

Experiment #1 (Classification with segmented images)

The results of proposed method using handcrafted texture and
deep features are given in Tables 2 and 3 respectively.

Whereas Table 4 presents the results of a fused feature vector
that is combination of handcrafted and deep features.

On texture features, KNN classifier with fine kernel
achieves 0.97 ACC and KNN with cubic and an ensemble
with boosted kernel obtain 0.67 ACC. The maximum 0.96
AUC is achieved on a fine kernel of KNN and 0.94 AUC on
a cubic kernel of SVM. The minimum 0.68 AUC is obtained
on boosted kernel of ensemble classifier. Fig. 6 presents tex-
ture features results to evaluate accuracy and AUC.

On deep features, 0.90 ACC is achieved with KNN classifier
(cosine and cubic) kernel whereas softmax with linear kernel and
ensemble with boosted kernel obtain 0.70 ACC. The coarse ker-
nel shows maximum AUC that is 0.93 on tree, 0.89 on KNN
classifiers and minimum 0.67 on boosted kernel of ensemble
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Fig. 8 Classification of lung nodule on the ensemble of texture and deep features a classifiers accuracy b classifiers AUC
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classifier. The proposed approach results using deep features in
terms of accuracy and AUC are shown in Fig. 7.

The evaluation depicts that fused features obtained greater
classification accuracy when evaluated with individual feature
vector in which KNN classifier with cubic kernel and ensemble
with subspace kernel shows 0.99 ACC. The softmax obtains
1.00 SP and PPVusing linear kernel. The maximum 0.99 AUC
is attained using gaussian, quadratic kernels of SVM, cubic
kernel of KNN and subspace kernel of ensemble classifiers.
The presented method outcomes via a fusion of deep and tex-
ture features in terms of accuracy and AUC are shown in Fig. 8.

Fig. 9 presents the segmentation results evaluated on real
patient images collected from Chang Bing Show Chwan

Memorial Hospital (RD106070) and China Medical
University Hospital (DMR-107-058) [67].

The proposed approach is assessed on separately extracted
features that is texture, geometrical and deep features (using
VGG 19) and fusion of these features. The experimental re-
sults demonstrate highest classification results on fused fea-
ture vector in comparison with individual features
classification.

The presented method is also compared with existing
methods (see Table 5) including ResNet [35] and 3D CNN
[36], optimal threshold, seed growing, texture features, SVM
[68], optimal threshold, hybrid features and a stacked
autoencoder [69] for classifying the lung nodule. The compar-
ison with current approaches presents the robustness of meth-
od presented in this manuscript.

Experiment #2 (Classification without segmentation)

In the second experiment, input images (without segmenta-
tion) act as an input to deep learning models so as to evaluate
the results of classification. Alex net, Google net, Dense net
201, ResNet 50 and VGG-19 models are utilized for feature
extraction and further fused with handcrafted features. The
final fused vector is fed to softmax layer for classification
(see Table 6).

Fig. 9 Segmentation results using
real patient images a input images
b lung volume c lung nodule d
mapping

Table 5 Proposed method comparison with existing approaches

Ref Year Dataset ACC % SE% SP%

[35] 2017 LIDC–IDRI 0.89 0.91 0.88

[36] 2017 LIDC–IDRI – 0.90 –

[68] 2018 LIDC–IDRI 0.99 0.98 0.98

[69] 2018 LIDC–IDRI 0.96 0.95 0.97

[70] 2019 LIDC–IDRI 0.84 – –

Proposed results LIDC–IDRI 0.99 0.99 1.00

Table 6 Classification results on transfer learning models (fusion of handcrafted and deep features)

Deep learning models SE% SP% PPV% FPR FNR ACC% AUC

Classification (without segmentation) Alex net 0.87 0.66 0.77 0.33 0.12 0.78 0.86

Google net 0.77 0.50 0.70 0.50 0.22 0.66 0.71

Dense 201 net 0.75 0.85 0.75 0.14 0.25 0.81 0.80

ResNet50 0.87 0.50 0.87 0.50 0.12 0.80 0.88

VGG 19 0.76 0.74 0.81 0.25 0.23 0.75 0.70

With segmentation VGG 19 0.76 0.74 0.81 0.25 0.23 0.75 0.70
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It is evident from the above Table 6 that Densenet 201 net
scores maximum 0.81 ACC while Google net shows mini-
mum 0.66 ACC in classification without segmentation.
Further, VGG-19 achieves an accuracy of 0.95 on the seg-
mented images and 0.75 without segmentation. Overall, none
of the models have attained maximum accuracy when com-
pared to classification results based on segmentation.

Conclusion

This work used Otsu method using with the morphological
operation to segment the lung nodule. In addition, texture,
geometrical and deep features are extracted for optimization
using PCA. The optimized feature vectors are serially fused
for classifiers. This strategy works robustly to enhance the
learning of classier when employed on unseen data. To con-
clude this work, the foremost objective is to reduce FP by
preserving sensitivity. The results reflects that proposed tech-
nique on LIDC dataset obtains 0.99 SE with 0.01 FPR.

Future work

The proposed method classifies the lung nodule and non-nodule
using Otsu segmentation and fusion of handcrafted and deep
learning features. However, in future, semantic segmentationwill
be utilized for this purpose and results will be evaluated on real
patient data that is helpful for the radiologists in the detection of
lung nodule. This work can also be extended to other types of
lung diseases by identifying disorders in tissue patterns for ex-
ample unbalanced wall thickening of lung bullae.
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