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A B S T R A C T

It is difficult to obtain an accurate segmentation due to the variety of lung nodules in computed tomography (CT)
images. In this study, we propose a data-driven model, called the Cascaded Dual-Pathway Residual Network
(CDP-ResNet) to improve the segmentation of lung nodules in the CT images. Our approach incorporates the
multi-view and multi-scale features of different nodules from CT images. The proposed residual block based
dual-path network extracts local features and rich contextual information of lung nodules. In addition, we de-
signed an improved weighted sampling strategy to select training samples based on the edge. The proposed
method was extensively evaluated on an LIDC dataset, which contains 986 nodules. Experimental results show
that the CDP-ResNet achieves superior segmentation performance with an average DICE score (standard de-
viation) of 81.58% (11.05) on the LIDC dataset. Moreover, we compared our results with those of four radi-
ologists on the same dataset. The comparison shows that the CDP-ResNet is slightly better than human experts in
terms of segmentation accuracy. Meanwhile, the proposed segmentation method outperforms existing methods.

1. Introduction

Lung cancer is a relatively common and fatal cancer. At present, the
mortality rate of all cancers is 19.5% [1,2], of which the incidence of
lung cancer accounts for 66.67%, and the 5-year survival rate is 18%
[3]. The use of computed tomography (CT) images for analysis and
diagnosis is an essential strategy for early lung cancer diagnosis and
survival time improvement [4]. It is worth noting that the nodule size is
an important factor in the volumetric analysis of lung nodules [5]. In
the clinics, the degree of malignancy of the nodules is related to their
size. Non-calcified nodules larger than 20mm in diameter are more
likely to be cancerous (more malignant) than the smaller nodules [6]. In
addition, with the increasing number of CT images of lung nodules, the
development of a robust automatic segmentation model has out-
standing clinical significance.

Specifically, due to the similar visual characteristics between no-
dules and their surroundings, this is very disadvantageous for the de-
velopment of a superior segmentation model. As shown in Fig. 1, we
divided the lung nodules into six types. Through the analysis of Fig. 1,
we found that the contrast between the juxtapleural nodules (Fig. 1(b))
and the small nodules (Fig. 1(f)) and the surrounding background is
low, especially the juxtapleural nodules, which are almost the same as

the intensity of the lung wall; the intensity of each part of the cavitary
nodule (Fig. 1(c)) has a large difference, and the intensity of the central
region is generally small; the intensity of the ground-glass opacity no-
dules (Fig. 1(d)) and calcified nodules (Fig. 1(e)) exhibit a state of
polarization. These challenges have made the traditional intensity-
based segmentation method unable to adapt to all types of nodules.

Due to the heterogeneity of lung nodules on CT images, it has been
difficult to obtain an attractive segmentation performance. These
methods can be generally divided into non-machine learning methods
and machine learning methods.

Non-machine learning methods for lung nodule segmentation are
generally based on morphological operations [7–9], region growing
[10,11], and energy optimization [12–18]. Among them, Kubota et al.
use morphological and convex models to segment different types of
lung nodules, the problem of which is that it is difficult to find mor-
phological templates suitable for nodules of various sizes and types. For
the region growing method, the common challenge is the selection of
seed points and the setting of convergence conditions. Especially for
various irregularly shaped nodules, even if shape constraints are used, it
is still difficult to handle such nodules well. In addition, energy-opti-
mized methods convert nodule-segmentation tasks into energy-mini-
mization tasks, which differs significantly from the principles of the
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region growing methods. However, such algorithms are often very
sensitive to low-contrast nodules, particularly ground-glass nodules and
juxtapleural nodules, which is similar to the region growing method
[11].

Typically, in machine learning methods, researchers combine clas-
sification models with high-level features to segment lung nodules
[19–22]. For example, Wu et al. proposed a stratified statistical learning
approach to characterize voxels. Then, based on the probability co-
occurrence maps, a conditional random field (CRF) model was trained
for voxel classification [23]. Moreover, to segment lung nodule, Hu
et al. first segmented the lungs, then performed vascular feature ex-
traction based on the Hessian matrix to obtain the mask of the lung
blood vessels which can be removed from the lung mask. The artificial
neural networks were then used for classification [24]. Wang et al.
proposed a semi-automatic central focused convolutional neural net-
work [25] and a multi-view deep convolutional neural network [26].
They can better segment juxtapleural nodules, but there is still room for
improvement in performance, especially for small nodule segmentation
performance. For another, the fully convolutional networks (FCN) [27]
is another trend of biomedical image segmentation. For example, the U-
Net model [28] proposed by Ronneberger et al. for segmentation of the
neuron structure. As well as, the V-Net model [29] proposed by Mill-
etari et al. for the prostate segmentation in MRI.

To address the problems faced by the above six types of nodules
(Fig. 1), we propose a cascaded dual-pathway residual network (CDP-
ResNet), which is suitable for various types of lung nodule segmenta-
tion.

The lung nodule segmentation technique proposed in this paper has
the following three innovations:

(1) For small nodules and juxtapleural nodules, the proposed CDP-
ResNet model can achieve attractive segmentation performance
(Table 6).

(2) The multi-view and multi-scale features of lung nodules were ex-
tracted by cascading two different-scale image patches containing
multiple contiguous slices (Fig. 2).

(3) A dual-pathway architecture based on the residual block was pro-
posed, which can extract local texture feature and richer context
information of lung nodules (Section 2.1.2).

(4) Based on the sampling strategy proposed by Wang et al. [23], we
further propose an improved weighted sampling strategy that can
adequately sample small nodules according to the number of voxels
located at the nodule edge (Section 2.2).

2. Methods and materials

We will describe our theoretical method in detail below. The
method is roughly divided into four sections. Section 2.1 describes
network architecture. Section 2.2 describes the proposed dual-pathway
architecture. Section 2.3 introduces an improved weighted sampling
strategy. Section 2.4 presents the initialization and post-processing
approach. Section 2.5 describes our analysis of the data. The last sub-
section describes the evaluation criteria.

2.1. Network architecture

The cascaded dual-pathway residual network utilizes two different-
scale image patches (each image patch contains three contiguous slices)
for segmentation of lung nodules. Given a voxel in the CT image, we
extract two different-scale image patches containing multiple slices as
the input to the CDP-ResNet model, and then output the probability
that this voxel belongs to the nodule. Fig. 2 shows the architecture of
the proposed cascaded dual-pathway residual network. Table 1 shows
the corresponding network parameters.

The network contains two dual-pathway residual networks that
share the same structure, but the image patches used for training are
different. The two dual-pathway residual networks contain 57 con-
volutional layers (Table 1) and two max pooling layers (Fig. 2, MP1 and
MP2). It should be noted that all convolution operations and pooling
operations have a stride of one and the padding mode are all “valid”.
The 57 convolution layers in the CNN are divided into four categories,
the first is a residual block cluster consisting of three residual blocks
[30], the second is a residual block cluster consisting of one residual
block, the last two residual block clusters consisting of six and nine
residual blocks respectively. To speed up the convergence of the model,
each convolutional layer is batch-normalized [31]. After each con-
volution layer, a parametric rectified linear unit (PReLU) is used as an
activation function [32].

We first feed the larger-scale image patch (65×65×3) to the first
dual-pathway residual network that is labeled in Fig. 2. Then, its output
(35×35×5) and the smaller-scale image patch (35×35×3) are
concatenated and submitted to the second dual-pathway residual net-
work (labeled as in Fig. 2) to obtain multi-scale and multi-view features
of a lung nodule. The average pooling is then applied to the output of
the second dual-pathway residual network (5× 5×5). Finally, a fully-
connected layer is used to capture the correlation of the features pro-
duced by these two dual-pathway residual networks.

The goal of network training is to maximize the probability of the
correct class. We achieve this by minimizing the cross-entropy loss of
each training sample. For a given input patch belonging to {0, 1}
Section 2.2 describes the proposed dual path architecture., assuming
that yn is a true label, then the loss function is defined as shown in Eq.
(1):
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Among them, yn represents the prediction probability of CDP-
ResNet, and N is the number of samples.

In the experiment, we used the Stochastic Gradient Descent (SGD)
algorithm [33] as a model update method. The SGD optimizer has
several parameter settings: the initial learning rate is 0.001, and then
the learning rate is decreased by ten percent in every five epochs. In
addition, the momentum setting is 0.9. However, due to the limitations
of GPU memory, only a batch size of 32 samples are used. In addition,
to avoid overfitting during the training process, we adopted the early
stopping training strategy [34]: if the performance is not further im-
proved, it will stop with an extra training of 10 epochs. The number of

Fig. 1. Example image of a heterogeneous lung nodule in CT image. Note that (d) GGO in sub-figure (d) represents a ground-glass opacity nodule, and sub-figure (f) is
a small nodule having a diameter of less than 4.4mm.

H. Liu, et al. Physica Medica 63 (2019) 112–121

113



training epochs of CDP-ResNet model is 20.

2.2. Dual-pathway architecture

The proposed dual-pathway residual network architecture consists
of upper and lower pathways: one is a 7×7 pathway used in
ResBlock_1 in Fig. 2 with a smaller receptive field, and the other is a
13×13 pathway used in ResBlock_3 in Fig. 2 with a larger receptive
field. We refer to these two pathways as the local pathway and the
global pathway. The motivation for designing this architecture is that
we try to predict each voxel by two types of features: 1) the detailed
features around the voxel, and 2) the richer contextual information.

The complete architecture is shown in Fig. 2 and Table 1. To fuse
the features extracted by two pathways, we add a residual block (Res-
Block_2) after the first residual block cluster (ResBlock_1) of the local
pathway. Although this makes the effective perception field of the top
layer features of each pathway to be the same, the global pathway can
more directly and flexibly simulate the features of the same region. The
feature map of these two pathways is then stacked and fed to the fourth
residual block cluster (ResBlock_4).

There are two types of inputs for the dual-pathway residual network
architecture. One is three large-scale image patches taken from three
image slices, and the other is eight smaller-scale image patches.
Specifically, given a voxel, we extend the current, previous, and sub-
sequent slices centered on this voxel to extract image patches of two
different scales (see Fig. 2).

In addition, we integrate the residual learning structure into our
proposed segmentation network to further improve the segmentation
performance of the model. Moreover, the original residual learning
structure is discarded, the residual mechanism of the bottleneck struc-
ture is used, its head and end are 1× 1 convolutions (to reduce and
restore size), and the middle is 3×3 convolution, this structure can
increase network depth while reducing network parameters [30].

2.3. Improved weighted sampling

In general, for segmentation problems, the edge voxel points of the
target are critical because they usually reflect the overall characteristics
of the target. If the edge voxels of the lung nodule are well recognized,
even if the internal segmentation of the nodule is incomplete, a com-
plete nodule mask can be obtained by simple morphological operations.
Based on this idea, when sampling the voxels of the P class (a set of
voxel points belonging to the lung nodules), we consciously pay at-
tention to the voxel points on the edge of the lung nodules. That is, the
corresponding sampling weight (the probability that the voxel point is
sampled) is set based on the minimum distance between each voxel
point and the edge voxel point of the lung nodule, and the smaller the
distance, the larger the weight [25]. In addition, to make the voxel
points near the center of the nodule have a chance to be sampled, we
use the radius of the lung nodule as an adjustment factor to suppress the
polarization of the sampling weight.

The formula for calculating the voxel point sampling weight of the P

Fig. 2. Illustration of the proposed CDP-ResNet architecture. Among them, Concate, BN, AP and MP represent the concatenate operation, batch normalization
operation, average pooling operation, and max pooling operation, respectively. The architecture diagrams of the residual block correspond to the bottom
(ResBlock_N) of Fig. 2. The parameters m and n indicate the number of channels, and the detailed parameter information is shown in Table 1.

Table 1
Network parameters of the Dual-pathway architecture. Building blocks are shown in brackets with the numbers of blocks stacked. Downsampling is performed by
ResBlock_1 and ResBlock_2 with a kernel size of 4×4, 2× 2 respectively. Please note that 57 convolutional layers are calculated as
3 * 3+ 3 * 1+ 3 * 6+3 * 9= 3 * (3+ 1+6+9)= 3 * 19= 57.

Layer name ResBlock_1 ResBlock_2 ResBlock_3 ResBlock_4

Parameters 1 1, 32
3 3, 32
1 1, 64

3
×
×
×

×
1 1, 64
3 3, 64
1 1, 64

1
×
×
×

×
1 1, 80
3 3, 80
1 1, 160

6
×
×
×

×
1 1, 10
3 3, 10
1 1, 5

9
×
×
×

×
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class is shown in Eq. (2).

PW k Pexp
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t E
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t E
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=

(2)

where PWk represents the sampling weight of the k-th voxel in the P
class; E represents the set of voxels belonging to the edge of the lung
nodule; d(k,t) represents the Euclidean distance between the k-th voxel
in P and the t-th voxel in E, and r represents the radius of the lung
nodule.

For the sampling of voxel points of the N class (a set of voxel points
that are not part of the lung nodules, such as blood vessels, lung walls,
lung parenchyma, etc.), we consider their corresponding intensity in-
formation to calculate their sampling weights. This is mainly because

Fig. 3. Post-processing segmentation procedure. The bounding box only needs to be specified in one of the slices and then iteratively applied to the previous and next
slices. The number on the right side of each slice is the intersection area of the current slice and the upper slice nodule mask, counted in voxels. The left column shows
the original CT slice and the middle column displays the results of the CDP-ResNet model, where the red regions represent nodules, the region marked by the dark
blue box represents the noise region. The right column shows the 3D visualization of the final segmentation result.

Table 2
Characteristic distributions of the LIDC training, validation, and testing sets.
Values are shown in mean ± standard deviation.

Characteristics Training set
(n=391)

Validation Set
(n= 56)

Testing set
(n= 539)

Diameter (mm) 8.30 ± 4.72 8.12 ± 4.63 7.93 ± 4.15
Sphericity 3.80 ± 0.58 3.84 ± 0.62 3.85 ± 0.58
Margin 4.07 ± 0.73 4.08 ± 0.82 4.10 ± 0.79
Spiculation 1.60 ± 0.78 1.53 ± 0.70 1.57 ± 0.74
Texture 4.56 ± 0.83 4.46 ± 0.98 4.56 ± 0.80
Calcification 5.65 ± 0.79 5.68 ± 0.78 5.66 ± 0.81
Internal structure 1.01 ± 0.16 1.03 ± 0.20 1.01 ± 0.08
Lobulation 1.73 ± 0.72 1.74 ± 0.74 1.70 ± 0.71
Subtlety 3.99 ± 0.78 3.89 ± 0.74 3.95 ± 0.75
Malignancy 2.94 ± 0.91 2.87 ± 0.77 2.92 ± 0.91

Note: The range of all characteristic values except diameter, internal structure,
and calcification is 1–5, wherein the internal structure and calcification range
from 1 to 4, 1 to 6, respectively. Margin indicates the clarity of the nodule edge.
Spiculation and lobulation represent the amount of these shapes. Texture is a
statistic of the distribution properties of the local gray information of nodules.
Internal structural represents the internal composition of the nodule.
Malignancy, calcification, and Sphericity indicate the possibility that the nodule
is such a feature. Subtlety describes the contrast of the nodule region and its
surrounding region. The characteristics of the three sets are without significant
statistical difference.

Fig. 4. DSC and ASD distributions of the LIDC testing set.

Table 3
Mean DSCs (%) of consistency comparison between CDP-ResNet and each
radiologist, where R1 to R4 represent four radiologists.

R1 R2 R3 R4 Average

R1 – 82.61 82.47 82.49 82.66 ± 0.48
R2 82.61 – 83.72 82.36
R3 82.47 83.72 – 82.32
R4 82.49 82.36 82.32 –
ours 82.92 83.11 82.79 81.93 82.69 ± 0.45

H. Liu, et al. Physica Medica 63 (2019) 112–121

115



the higher intensity of the lung wall and blood vessels is more similar to
the pulmonary nodules than the lung parenchyma and air. Especially
for lung nodules that adhere to the lung wall, the intensity of the lung
wall is almost the same as the intensity of the lung nodules. Hence,
these high-related background voxels should be given a larger sampling
weight. The corresponding sampling weight calculation formula is as
shown in Eq. (3). It should be noted that the sampling region corre-
sponding to the voxel of N classes is a local region other than the
pulmonary nodule, and the size of this local region is determined by the
circumscribed rectangle “Rect” and diameter “D” of the lung nodule.

NW I

I

i Nexp

exp

,i
i

i

j E
d i j

j E
d i j

min ( , )

r

min ( , )

r

=

(3)

where NWi represents the sampling weight of the i-th voxel in the N
class; d(i,j) represents the Euclidean distance between the i-th voxel in
N and the j-th voxel in E; Ii represents the intensity value of the i-th
voxel in the N class; r represents the radius of the lung nodule.

Finally, we also need to determine the number of voxel points
sampled for each lung nodule. To adequately sample nodules of various
sizes without introducing too many redundant samples, we only use the
number of voxel points on the nodule edge as the reference, instead of
taking all voxel points corresponding to the nodule. In the specific ex-
periment, we set the number of sampling points to twice the number of
voxel points at the edge of the nodule. To ensure that the model does
not bias towards a certain class during training, we set the proportion of
P class and N class samples to 1:1.

2.4. Initialization and post-processing

Since the method proposed in this paper is a semi-automatic seg-
mentation model, it is necessary to give the volume of interest (VOI)
where the nodule is located before segmentation. However, since the
nodules are usually distributed over multiple CT slices, it is tedious to
manually specify the region of interest (ROI) in which the nodules are
located, layer-by-layer. To facilitate the doctor's operation, we per-
formed the following post-processing operation, that is, it is only ne-
cessary to manually designate a bounding box called a starting slice on
one CT slice.

The same bounding box is then applied repeatedly to the previous
and next slices until the following experimental conditions are met: the
nodule intersection area of the current slice and the previous slice is less
than 30% of the previous slice area. For instance, slices S3 and S7 in
Fig. 3 are eliminated. This is because the nodule intersection area of
slice S3 and the previous slice (slice S2) is zero, and the nodule inter-
section area of the slice S7 and the previous slice (slice S6) is only 14
voxels, which is only 13.08% of the nodule area of the previous slice.

To eliminate the noise region, we performed the following con-
nected region selection: 1) When noise occurs in the starting slice, we
select the isolated region closest to the center of the bounding box as
the nodule mask for the current slice, and 2) when the noise occurs in
other slices, we select the connected region where the overlap [35] of
the current slice and the previous slice nodule mask is the largest. For
example, in the slice S5, it is assumed that the two candidate regions
segmented by CDP-ResNet are R1 and R2 as shown in Fig. 3. The
overlap ratio of these two regions with the previous slice (slice S4) is
denoted as O1 and O2. Since O1 is larger than O2, we reserve the region
R1 and remove the region R2 (noise).

2.5. Data and analysis

A public dataset from the Lung Image Database Consortium (LIDC)
and Image Database Resource Initiative (IDRI) was used in the experi-
mental evaluation [36–38]. In this study, we studied 986 nodule sam-
ples annotated by four radiologists. Due to the differences in labeling
between the four radiologists, the 50% consistency criterion [10] was
used to generate the ground-truth boundary. All nodules are randomly
divided into three subsets, corresponding to the training set, the vali-
dation set, and the testing set. The number of nodules contained in each
subset was 391, 56, and 539, respectively. The statistical distribution of
the three subsets is shown in Table 2, and it can be seen that they have
similar data distributions.

2.6. Evaluation criteria

To evaluate the segmentation results of the CDP-ResNet model, we
used the average surface distance (ASD) and dice similarity coefficient
(DSC) as the primary evaluation criteria [39–41]. Moreover, to ensure
the robustness of the evaluation, we also use the positive prediction
value (PPV) and sensitivity (SEN) as auxiliary evaluation parameters.

Table 4
Mean P-Value of consistency comparison between CDP-ResNet and each radi-
ologist, where R1, R2, R3, and R4 represent four radiologists.

R1 R2 R3 R4 Average

R1 – 0.0101 0.414 0.1454 0.1120
R2 0.0101 – 0.0754 4.93E-05
R3 0.414 0.0754 – 0.022
R4 0.1454 4.93E−05 0.022 –
R* 0.3473 2.21E−05 0.03896 0.3595 0.1864

Table 5
The DSC average values on different nodule groups.

Characteristics Characteristic scores

1 2 3 4 5 6

Malignancy 76.67 [44] 80.33 [141] 82.98 [203] 82.75 [135] 78.51 [16] –
Sphericity – 81.69 [13] 79.07 [95] 81.75 [389] 85.65 [42] –
Margin – 73.30 [33] 81.37 [61] 81.41 [277] 83.57 [168] –
Spiculation 82.24 [296] 80.65 [191] 83.03 [24] 79.36 [26] 84.67 [2] –
Texture 63.49 [7] 77.03 [22] 75.95 [8] 82.10 [117] 82.13 [385] –
Calcification – – 78.92 [23] 78.06 [39] 81.34 [30] 82.04 [447]
Internal structure 81.67 [536] 66.20 [3] – – – –
Lobulation 81.46 [232] 81.85 [247] 79.60 [39] 83.43 [21] – –
Subtlety 63.62 [1] 75.88 [28] 81.64 [87] 80.82 [304] 84.97 [119] –

Table 6
Evaluation results of the proposed method on the LIDC test set.

LIDC testing set LIDC testing set

Attached Non-attached Diameter < 6mm Diameter≥6mm
(n=130) (n= 409) (n=236) (n= 303)

DSC (%) 78.10 82.69 79.61 83.11
ASD (mm) 0.37 0.21 0.17 0.31
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The four formulas are defined as shown in Eqs. (4)–(7).

DSC V Gt Seg
V Gt V Seg
2 ( )

( ) ( )
= ×

+ (4)

ASD mean min d i j mean min d i j1
2

( ( , ) ( , ))i Gt j Seg i Seg j Gt= + (5)

SEN V Gt Seg
V Gt

( )
( )

=
(6)

PPV V Gt Seg
V Seg

( )
( )

=
(7)

Among them, “Gt” represents the result of expert labeling, “Seg”
represents the segmentation result of CDP-ResNet model, V represents
the volume size calculated in voxel units and d (i, j) represents the
Euclidean distance between the voxel i and voxel j measured in milli-
meters.

3. Results

This section is divided into two subsections, Section 3.1 describes
the overall performance of our method, and Section 3.2 introduces the
robustness of the proposed segmentation model.

3.1. Overall performance

To better observe the performance of the proposed method in the
testing set, we plot the histogram between the DSC value (blue mark)
and the ASD value (green mark) and the number of nodules, based on
all samples in the testing set, as shown in Fig. 4. As can be seen from
Fig. 4, most nodules have DSC values above 0.8.

To see if the segmentation results of our proposed method are
comparable to those hand-labeled by human experts, we performed a
consistency comparison between CDP-ResNet and four radiologists, as
shown in Table 3. Our results show that the stability of CDP-ResNet is
slightly better than that of four different radiologists. Meanwhile, the
DSC between CDP-ResNet and each radiologist is 82.69% on average,
which is slightly higher than the average inter-radiologist variability of
82.66%.

In addition, to quantify the difference between our segmentation
result R* and the radiologists’ labeled results, we calculate the P-Value.
Specifically, we use the mask generated by 50% criterion as the gold
standard GT and use it as a benchmark for calculating the P-Value. In
other words, we first need to obtain five sets of data by calculating the
DSC between GT and R1, R2, R3, R4 and R*. Then based on these five
sets of data, we calculate the P value between them to reflect the sta-
tistical difference between our segmentation results and the radi-
ologists' labeled results. Details on the P-Value are shown in Table 4.

We know that the smaller the p-value, the greater the statistical
difference. From the analysis of Table 4, the difference between our
segmentation results and the fourth radiologist is significantly smaller
than those of other radiologists, and the P value between R* and R1 is
ranked as the second highest among all the four P values. Although the
P value between R2 and R* is the smallest, it is also very different from
the other three radiologists, especially the difference between R2 and
R4. In addition, as can be seen from the last column of Table 4, the
average P value between the four radiologists is 0.1120; the average P
value between our segmentation method and the four radiologists is
0.1864, which reflects in a certain extent that our segmentation results
are closer to the GT than those of the radiologists' results.

Table 7
Evaluation results corresponding to different levels of Gaussian noise added to the CT image, where m represents the mean and s represents the standard deviation.

Category DSC ASD SEN PPV Parameter

Gaussian 81.69 ± 10.74 0.23 ± 0.31 87.32 ± 14.13 79.63 ± 13.01 m=0, s= 0.02
Gaussian 81.56 ± 10.63 0.23 ± 0.27 87.20 ± 14.33 79.63 ± 12.97 m=0, s= 0.05
Gaussian 81.34 ± 11.13 0.24 ± 0.26 86.89 ± 15.49 78.84 ± 12.69 m=0.05, s= 0.05
Ours 81.58 ± 11.05 0.25 ± 0.40 87.30 ± 14.30 79.71 ± 13.59 *

Table 8
Evaluation results corresponding to different types of noise added to the CT image. Where a, b represent the parameters for determining the shape and rate of the
gamma distribution, respectively, and the parameter p represents the probability of setting the intensity of voxel to 255.

Category DSC ASD SEN PPV Parameter

Gamma 81.56 ± 10.63 0.23 ± 0.27 87.20 ± 14.33 79.63 ± 12.97 a=25, b=3
Uniform 81.30 ± 11.47 0.24 ± 0.35 86.98 ± 15.01 79.57 ± 13.02 U(−0.05, 0.05)
impulse 81.04 ± 11.80 0.24 ± 0.34 86.12 ± 15.56 79.77 ± 12.50 p=0.01
Ours 81.58 ± 11.05 0.25 ± 0.40 87.30 ± 14.30 79.71 ± 13.59 *

Table 9
Mean ± standard deviation of the results for various segmentation methods. Note that, “RS” represents the Random Sampling strategy; “WS” represents the
Weighted Sampling strategy proposed in [25]; “IWS” represents the Improved Weighted Sampling strategy proposed in this paper. The performance of our method is
marked in bold. Note that CDP-ResNet elsewhere in the paper represents CDP-ResNet+ IWS in Table 9.

Network Architecture DSC (%) ASD (mm) SEN (%) PPV (%)

CF-CNN [25] 78.55 ± 12.49 0.27 ± 0.35 86.01 ± 15.22 75.79 ± 14.73
MC-CNN [42] 77.51 ± 11.40 0.29 ± 0.31 88.83 ± 12.34 71.42 ± 14.78
MV-CNN [43] 75.89 ± 12.99 0.31 ± 0.39 87.16 ± 12.91 70.81 ± 17.57
MV-DCNN [26] 77.85 ± 12.94 0.33 ± 0.36 86.96 ± 15.73 77.33 ± 13.26
MCROI-CNN [44] 77.01 ± 12.93 0.30 ± 0.35 85.45 ± 15.97 73.52 ± 14.62
FCN-UNet [28] 77.84 ± 21.74 1.79 ± 7.52 77.98 ± 24.52 82.52 ± 21.55
FCN-VNet [29] 79.59 ± 23.00 1.55 ± 7.56 79.37 ± 24.20 83.04 ± 22.38
CDP-ResNet+RS 79.72 ± 12.10 0.27 ± 0.38 85.13 ± 14.93 77.52 ± 13.62
CDP-ResNet+WS 80.33 ± 11.61 025 ± 0.34 86.05 ± 14.93 78.20 ± 13.58
CDP-ResNet+ IWS 81.58 ± 11.05 0.25 ± 0.40 87.30 ± 14.30 79.71 ± 13.59
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3.2. Robustness of segmentation

To prove the robustness of the proposed method, we base the nine
characteristics corresponding to each nodule as the benchmark, and
divide the testing set into different groups according to the character-
istic scores of the nodule. Table 5 lists the DSC average values of dif-
ferent nodule groups. As can be seen from Table 5, our method can
handle all types of nodules with similar performance, which reflects the
segmentation robustness of CDP-ResNet.

Meanwhile, we have collated the evaluation results of challenging
small nodules and attached nodules. The relevant results are shown in
Table 6. According to the experimental results in Table 6, it is not
difficult to see that our segmentation method is independent of the
attached conditions of nodules, and the size of the nodule.

To further evaluate the robustness of the proposed method, we
evaluated our model by adding different levels of noise (Table 7) and
different types (Table 8) of noise to the CT image. The data and ex-
periments are shown in Tables 7 and 8.

From the observations of Tables 7 and 8, it can be seen that the
noise has a certain degree of influence on our model, but this is within
an acceptable range. Specifically, after we added different levels of

noise and different types of noise to CT images, although DSC, SEN, and
PPV showed slightly decreasing in the accuracy, the magnitude of the
decline was very small. In addition, we can see that the ASD metrics
used is still good when the proposed segmentation method is applied to
the CT images with noise. This shows that our proposed method is ro-
bust to noise.

4. Discussion

This chapter is divided into two subsections, Section 4.1 presents
the experimental comparison with other methods below, and Section
4.2 discusses the characteristics and limitations of the proposed seg-
mentation method.

4.1. Experimental comparison

To verify the superiority of the proposed method, we conducted the
following experimental comparisons, namely comparison with various
different types of segmentation methods proposed recently. According
to the experimental data shown in Table 9, the proposed method is
superior to the existing segmentation method.

Fig. 5. Segmentation results visualization. From top to bottom: nodule with ground truth, CF-CNN segmentation, MC-CNN segmentation, MV-CNN segmentation,
MV-DCNN segmentation, MCROI-CNN segmentation, FCN-UNet segmentation, FCN-VNet segmentation, and CDP-ResNet segmentation. L1-L6 are nodules of dif-
ferent types from the LIDC testing set.
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Table 9 shows the quantification results for the different types of
segmentation methods. The data format is “mean ± standard devia-
tion”. To ensure the fairness of the comparison, the methods compar-
ison with CDP-ResNet in Table 9, except that the network structure is
different, other conditions are consistent with CDP-ResNet, including
sampling strategy and post-processing methods. For “CDP-Re-
sNet+RS” and “CDP-ResNet+WS”, only the sampling method is
different, and other conditions are the same. In addition, by comparing
the last three rows of Table 9, we can find the effect of the proposed
improved weighted sampling strategy.

It should be noted that the reason why the performance of the CF-
CNN method we implemented differs from the original paper is that the
size of the dataset used is different. Wang et al. used the dataset pub-
lished by LIDC before 2015 (there are 893 data, which cannot be
found). In recent years, due to the continuous updating of data, the
current dataset size is 986. Similarly, for the other comparison methods
in Table 9, the author did not publish the source code for various
reasons. Therefore, we can only re-implemented as much as we can
according to the description in the paper, and then evaluate on the
same training set, validation set and testing set to ensure the fairness of
the comparison.

Moreover, we also visually compare the segmentation results of
different methods. We selected six representative nodules from the
LIDC testing set for visual comparison. L1–L6 shown in Fig. 5 corre-
spond to the isolated nodule, juxtapleural nodule, cavitary nodule,
calcific nodule, ground-glass opacity nodule, and small nodule less than
6mm in diameter. From the visual comparison in Fig. 5, it can be seen
that the overall performance of the MV-CNN method is slightly inferior
to other methods, especially for cavitary nodules and GGO nodules. For
isolated nodules, MC-CNN and MCROI-CNN methods performed
slightly worse. MCROI-CNN method is slightly less effective for

juxtapleural nodules. For central calcified nodules, the segmentation
results of the MV-DCNN method are incomplete. For small nodules, CF-
CNN method is less adaptable. For ground-glass opacity nodule, U-Net
and V-Net performed poorly. In contrast, CDP-ResNet is still robust for
segmenting these nodules, which verifies its significant feature-learning
capability.

Fig. 6 shows the segmentation results of CDP-ResNet for juxta-
pleural nodules and small nodules cases from the LIDC testing set. This
comparison shows that our segmentation results are largely overlapping
with ground truth.

4.2. Characteristics and limitations

The segmentation method we proposed is unique in terms of net-
work architecture and sampling methods. On the network architecture,
we extract the local texture information and richer context information
of the nodule by designing the dual path structure based on the residual
mechanism. At the same time, to extract the multi-scale and multi-view
features of the nodules, we cascaded the image blocks of two different
scales with multiple views.

In the sampling method, to further improve the robustness of the
model, we improve the weighted sampling strategy proposed by Wang
et al. [25]. In other words, we use the nodule boundary voxel as the
benchmark to fully sample the small nodules, which better alleviates
the imbalance of training labels.

In the clinical application, lung nodule segmentation is an important
practical application. Specifically, the doctor needs to perform texture
analysis and morphological feature comparison based on the segmented
nodules to more accurately judge the benign and malignant nodules.
Moreover, if the patient has a history test record, it can be inferred
whether it is in a deterioration stage by the change in the size of the

Fig. 6. Segmentation results of CDP-ResNet on
juxtapleural nodule (J1–J13) and small nodule
with a diameter of 4.7mm (S1–S8) from the
LIDC testing set. The red and yellow contours
represent the ground truth and the segmentation
results of CDP-ResNet, respectively. The red vo-
lume data and the yellow volume data corre-
sponding to the 3-D renderings of the ground
truth and the CDP-ResNet, respectively. The
number in the upper left corner of each image
represents the slice number where the nodule is
located.
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nodule. In addition, lung nodule segmentation is also an important step
in the lung cancer CAD system and a prerequisite for judging its benign
and malignant. In other words, the CAD system usually determines
whether the texture features and morphological features meet the
characteristics of malignant nodules based on the results of the nodule
segmentation. Hence, the proposed algorithm can assist the doctor in
the diagnosis of benign and malignant.

However, our segmentation method also has certain limitations.
Specifically, our segmentation method is a semi-automatic segmenta-
tion method. Although it is not necessary to specify the location of the
nodule in all layers, it is still necessary to give the ROI of a certain layer
where the nodule is located. In doing so, our segmentation method can
automatically segment the lung nodules based on this layer.

5. Conclusion

In this work, we proposed a CDP-ResNet model for lung nodule
segmentation to extract features by cascading two dual-pathway re-
sidual networks. In addition, we compared our proposed method with
the existing methods for lung nodule segmentation. As can be seen from
Table 9, the CDP-ResNet model showed excellent performance in terms
of segmentation accuracy with 81.58% DSC. In particular, our method
can successfully segment challenging cases as shown in Table 9.
Meanwhile, we compared the results of CDP-ResNet with the inter-
radiologists consistency on LIDC testing set. The results show that CDP-
ResNet not only performs slightly better than radiologists in terms of
DICE scores but also has a slight advantage in terms of stability as
shown in Table 3.

In the future work, we plan to develop an algorithm for the lung
nodule detection, and then combine it with our method to implement a
fully automated system for the lung nodule segmentation. Moreover,
we intend to integrate the cascading architecture into the FCN network
to speed up the network training and prediction process.
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