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Abstract. To avoid the deformation of spicules surrounding pulmonary nod-
ules caused by the classic rubber band straightening transform (RBST), we
propose a novel RBST technique to extract spicules-based features. In this
paper, the run-length statistics (RLS) features are extracted from the RBST
image, in which a smooth circumference with a suitable radius inside the nodule
is proposed as the border of transformed object. An experimental sample set of
814 images of pulmonary nodules was used to verify the proposed feature
extraction technique. The best accuracy, sensitivity and specificity achieved
based on the proposed features were 79.4%, 66.5%, 89.2%, respectively, and the
area under the receiver operating characteristic curve was 87.0%. These results
indicate that the proposed method of feature extraction is promising for classi-
fying benign and malignant pulmonary nodules.

Keywords: Pulmonary nodules � Feature extraction � The rubber band
straightening transform � Spicules-based features

1 Introduction

Since spiculation is one of the most important medical signs for the clinical diagnosis
of benign and malignant pulmonary nodules (potential manifestation of lung cancer at
early stage [1]), extraction technique of spicules-based features based on computed
tomography (CT) scans has been widely studied [2–5]. The RBST technique intro-
duced by Sahiner et al. [6] is an effective way to analyze the spiculation of nodules.
According to the RBST technique, spicules that grow out radially from nodules can be
transformed along approximately straight lines in the vertical direction and be tiled
perfectly [6–8]. Therefore, it has to result in the deformation of the spicules, because of
the rough borders of the transformed objects.

In order to suggest a solution for the deformable problem of spicules caused by the
rough object border, we propose a novel RBST algorithm able to extract spicules-based
features, in which the border of the transformed object is set to a smooth circumference
with a suitable radius inside nodules.
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2 Methods

In this section, we introduce the proposed spicules-based feature extraction method-
ology based on a novel RBST technique. The flow diagram is presented in Fig. 1.
There are four details to be improved during this process: the determination of the
object border, computation of normals, computation of pixel values, and the deter-
mination of well-suited sampling interval. Finally, the RLS analysis is done in order to
extract features from the RBST image.

2.1 Determine the Border of the Transformed Object

It is important to determine a suitable object border, because the inclusion of the RBST
image will be determined by the object border. We consider a circumference with a
suitable radius inside the nodule as the object border in this paper. There are two
advantages: (1) avoiding the deformation of the spicules caused by the rough border;
and (2) simplifying the calculation of normal vectors. The location and the radius of the
circumference, which play an important role in deciding whether all of spicules can be
included into the RBST image, are determined by the following strategies: firstly, the
centroid of the circumference denoted by (X, Y) is considered as the center of the
nodule to locate the position of the circumference; secondly, we set the circumference’s
radius denoted by r as the minimum value of the distance denoted by d from the
centroid of the nodule to the surface of the nodule, in case the loss of spicules occurs, as
illustrated in Fig. 2(a). However, when the length of spicules is too jagged, it is
possible to include too much non-spicules region into the RBST image if the minimum
d is equal to the r.

For this problem, we set experimentally the r as the half of the average of the d
when the length of spicules is too jagged, as illustrated in Fig. 2(b). The jagged degree
of spicules is measured by the standard deviation of the d and it is found experimentally
that when the standard deviation of the d is equal to 3 mm, not only a number of
non-spicules region can be removed from the RBST image, but also spicules can be
included as many as possible. Therefore, the value of the r is determined finally
according to the Eq. (1). Let (xj, yj) denote the position of the border pixel j on the
original image, and the xj and yj can be calculated by Eq. (2), where the hj denotes the
deviating degree on the Cartesian plane.

Compute pixel values 
of the RBST image

Extract the RLS 
features

Compute normals of 
border pixels

The RLS features

CT scans
Determine the border 

of the transformed 
object

Determine the 
sampling interval

 

Fig. 1. The flow diagram of extracting features
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2.2 Compute Normal of Border Pixels

Since the object border in this paper is a circumference as mentioned above, the normal
direction to the object actually is equal to the direction from the border pixel to the
centroid of the circumference. For a given border pixel which places the xj and yj
coordinates on the original image, the normal direction n(j) through the pixel j can be
calculated by Eq. (3).
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2.3 Compute Pixel Values of the RBST Image

Afterwards, the value of each pixel on the RBST image is calculated by linear inter-
polation algorithm in this paper. For the pixel point (i, j) which places the ith row and
the jth column on the RBST image, its normal line n(j) on the original image is through
the border pixel j, and let P(x, y) denote the pixel value which places the x and y co-
ordinates on the original image. The value denoted by p(i, j) at the pixel point (i, j) is
calculated according to the closest pixel on the original image, as presented in Eq. (4),
where the Dxj and Dyj denote the sampling intervals of the normal direction n(j) in the
horizontal and vertical direction, respectively.

p i; jð Þ ¼ P xj þ Dxj � i� 1ð Þ	 

; yj þ Dyj � i� 1ð Þ	 
� �

: ð4Þ
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Fig. 2. Examples of the object borders inside the nodules
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Two examples of the original images and their RBST images about benign and
malignant nodule were presented in Fig. 3.

2.4 Determine the Sampling Intervals

It is necessary to decide appropriate sampling intervals Dxj and Dyj. In this paper, the
Dxj and Dyj are determined by the pixel spacing of the RBST image, which is denoted
by PX. For the circle object whose normal direction through the border pixel j is n(j),
the sampling intervals along the normal direction n(j) (Dxj and Dyj) are calculated by
Eq. (5). In addition, the number of sampling points on the circumference denoted by
N and the hj mentioned above are also determined by PX, as presented in Eqs. (6), and
(7). The number of the columns of the RBST image and PX are adjusted in this paper
for the best values.

Dxj
Dyj

� �
¼ PX � n jð Þ: ð5Þ

N ¼ 2pr
PX

: ð6Þ

hj ¼ j � 2p
N

: ð7Þ

2.5 Extract the RLS Features

Eleven RLS features [9, 10] are extracted in this paper according to the method pre-
sented by Way T.W. et al. [8], including gray-level uniformity (GLN), high gray-level
run emphasis (HGRE), low gray-level run emphasis (LGRE), long run emphasis
(LRE), long run high gray-level emphasis (LRHGE), long run low gray-level emphasis
(LRLGE), run length non-uniformity (RLN), run percentage (RP), short run emphasis
(SRE), short run high gray-level emphasis (SRHGE), long run low gray-level emphasis

( a) ( b)

( c)

( d)

Fig. 3. The RBST images of benign and malignant nodules: in (a) and (c), the red line represents
the circumference inside the nodule, and the blue one represents the nodule’s boundary.
The RBST image of (a) with the spicules was presented in (c), while the RBST image of
(b) without the spicules was presented in (d). (Color figure online)
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(SRLGE). In the paper, the runs which are sets of consecutive pixels with the same
gray-level intensity along the vertical direction represent either the spicules or the
background surrounding the nodule. Feature extraction algorithm proposed in this
paper is outlined in Algorithm 1.

Algorithm1. Feature Extraction Based on the RBST technique

1) Input the image of candidate nodule in the middle layer.
2) Set parameters PX (increases from 0.05mm to 0.5mm) and the number 

of the columns of the RBST image (increases from 20 to 60).
3)  Calculate the centroid of the circumference according to the center of 

the nodule.
4) Calculate the radius of the circumference according to the Equation (1).
5) Get the number of sampling points in the circumference according to 

the Equation (6).
6) Calculate the position of each sampling point according to the Equation 

(2), (7). 
7) Calculate the normals of sampling points according to the Equation (3).
8) Calculate the pixel values of interpolating points along assigned nor-

mals according to the Equation (4), (5).
9) Extract 11 RLS features from the RBST image.

3 Results and Discussion

In this section, the classification results which were obtained by using Linear Dis-
criminant Analysis (LDA) classifier and Random Forest (RF) classifier are presented to
evaluate the proposed method. In order to assess the performance of the proposed
method, some compared classifications [7, 8, 11] which were using the same sample
were carried out in this paper. Four common evaluation measures were employed:
Accuracy (ACC), Sensitivity (SE), Specificity (SP) and the receiver operating char-
acteristic curve (ROC) listed separately for the following results because of its
description based on two-dimensional. We collected a total of 814 lung nodules (462
benign cases and 352 malignant cases) from the Lung Image Database Consortium and
Image Database Resource Initiative (LIDC-IDRI) public database [12, 13]. It may be
not enough to validate the effectiveness of the proposed approach when sample size is
insufficient. Therefore, we applied 10-fold cross-validation method to validate the
classification performance in order to make full use of these 814 samples. All classi-
fications were based on the MATLAB 2014 platform.

3.1 The Results Under Different Parameters

The classification was performed based on the RLS features described in Sect. 2 and its
area under the ROC curve (AUC) under the different parameters is presented in Fig. 4.
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The effect of two parameters on classification results was explored in this study.
The one was the pixel spacing of the RBST image and the other one was the number of
the columns of the RBST image denoted by NC. We adjusted the former ranging from
0.05 mm to 0.5 mm, and adjusted the latter ranging from 20 to 60. From these clas-
sification results presented in Fig. 4, we observed that the results are considerately
different when setting different parameters. When it comes to features of GLN, HGRE,
LGRE, LRHGE, LRLGE, RLN, RP, SRHGE, SRLGE, the value of AUC decreased
either when the pixel spacing and the width of the band being too small or when the
both being too large. It is because that it is bad for these features that too less spicules
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Fig. 4. The AUC values of 11 RLS features under the different parameters
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or too much background are included into the RBST image. If the value of the pixel
spacing and the number of the columns of the RBST image are too large, the RBST
image will not only lose some details of spicules, but also include much useless
background. On the contrary, if these both parameters are too small, then the RBST
image may be not enough to include too much details. Besides, we observed that the
AUC values of LRE and SRE features are irregularly with the pixel spacing and the
number of the columns changing. The reason causing this may be their calculations
which are according to the length of the runs. Since the short runs and the long runs
complement each other in the same column of the RBST image, as a result, the
calculation of these two features are affected by the complementary relationship
between the short runs and the long runs. Each of the RLS feature with the maximum
AUC value whose parameters were recorded in Table 1 was used to classify the
nodules in the following experiments.

3.2 Comparisons of the Proposed Features with Others

The proposed features were compared with other relevant features [7, 8, 11], and the
classification results obtained by using LDA classifier and RF classifier were presented
in Table 2. Meanwhile, the performance on the two classifiers is displayed by the ROC
curves, as shown in Fig. 5. For the proposed features, the LDA classifier achieved an
accuracy of 79.4%, and the RF classifier achieved an accuracy of 80.7%. Besides, by
analyzing area under ROC curves, we find that the proposed features are better, no
matter what classifiers are used. These results indicated that the proposed features are
more promising to distinguish malignant pulmonary nodules from benign ones. It is
because that the improved RBST technique in this paper is capable of avoiding the
deformation of the spicules occurred during the classic RBST technique. At the same
time, the RLS statistics has a more powerful ability to analyze all kinds of streaky
structures on the image. Although the proposed spicules-based feature extraction
method is effective to classify pulmonary nodules, its limitations still exist. For
example, there features are extracted from 2-dimensional slice images, so that they
cannot characterize all of spicules growing in 3-dimensional space. Therefore, pro-
moting the proposed method to 3-dimensional space should be well considered and
studied in our further study.

Table 1. The maximum AUC values and the relative parameters of 11 RLS features

Features AUC (%) Parameters Features AUC (%) Parameters
PX (mm) NC PX (mm) NC

GLN 81.1 0.1 30 RLN 86.3 0.2 25
HGRE 68.6 0.3 20 RP 86.0 0.4 20
LGRE 63.3 0.1 20 SRE 68.6 0.55 60
LRE 62.3 0.1 30 SRHGE 70.3 0.1 55
LRHGE 69.2 0.25 25 SRLGE 62.7 0.15 20
LRLGE 63.4 0.1 30
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4 Conclusions

In this study, we have developed spicules-based features based on the improved RBST
algorithm. The results obtained were evaluated by the accuracy, sensitivity, specificity
and the area under the receiver operating characteristic curve, and their values obtained
were respectively 79.4%, 66.5%, 89.2%, and 87.0%. The comparisons with other
reports indicate that the proposed features are beneficial to improve the classification
performance of benign and malignant pulmonary nodules.

Acknowledgments. This work was partially funded by the National Natural Science Foundation
of China under Grant (No. 60972122) and the Natural Science Foundation of Shanghai under
Grant (No. 14ZR1427900).

Table 2. The classification results obtained by using LDA and RF classifiers

Classifiers Features ACC (%) SE (%) SP (%) AUC (%)

LDA The proposed 79.4 66.5 89.2 87.0
Reference [7] 77.0 63.3 86.5 86.0
Reference [8] 71.6 58.0 77.9 82.1
Reference [11] 73.3 65.1 80.0 80.5

RF The proposed 80.7 76.1 84.2 86.9
Reference [7] 76.1 76.4 83.3 85.9
Reference [8] 75.2 68.8 80.1 80.6
Reference [11] 72.5 65.9 77.5 79.3
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