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ABSTRACT Solitary pulmonary nodules (SPN) in digital radiography (DR) images often have unclear
contours and infiltration, which make it a challenging task for traditional segmentation models to get
satisfactory segmentation results. To overcome this challenge, this paper has proposed an adaptive SPN
segmentation model for DR images based on random walks segmentation and sequential filter. First, the
SPN image is decomposed to get the cartoon component, which is used to acquire a set of seeds. Second, the
seeds selection tactic is employed to optimize the scope of walking pixels and reduce the number of seeds,
which could reduce the computational cost. Finally, we incorporate the sequential filter and construct the
new representation of the weight and the probability matrices. In this paper, by using a data set of 724 SPN
cases, the proposed method was tested and compared with four different models, and five kinds of evaluation
indicators were given to evaluate the effect of segmentation. Experimental results indicate that the proposed
method performs well on the blurred edge, as it could get relatively accurate results.

INDEX TERMS Image segmentation, random walks, sequential filter, digital radiography, solitary
pulmonary nodule.

I. INTRODUCTION
Lung cancer ranks first in the death of malignant tumor as
reported by the World Health Organization [1]. Therefore,
early detection and treatment are important to reduce the
mortality of lung cancer. Solitary Pulmonary Nodule (SPN)
is one of the important characteristic of early lung cancer. The
location, the size and the rate of the growth are important indi-
cators for diagnosis [2]. The accuracy of SPN segmentation is
essential to judge the real condition. The correct segmentation
results are the premise of feature extraction and character
analysis [3]. Due to unique noise characteristics in medical
images we do not have common techniques suitable for all
segmentation problems.

Digital Radiography [4], Computerized Tomography [5],
Magnetic Resonance Imaging [6] (abbreviated as DR, CT,
MRI, respectively) are medical imaging techniques used in
lung imaging in recent years. Researchers have done a lot
of work on CT pulmonary nodules segmentation, and several
lung CT image databases were built. But there are still seldom

researches on DR images. The DR technology performs bet-
ter than CT and MRI in terms of the equipment cost and the
skill requirements of operating personnel [7]. It is widely used
in economical and medical backward areas [8]. Therefore,
it is of great practical significance to reduce the mortality of
lung cancer in remote area.

Unlike CT images, DR images lack of tomography
information [9]. It is represented as just one image. In gen-
eral, the center of the SPN is characterized as high bright-
ness, and tissues near the margin of the lesion often show
as fuzzy thin shadow. In most images, the edges of SPN
are blurred even missing [10]. The fuzzy clustering [11]
method is widely employed in medical image processing.
Too many improvements have been made to adapt to lesion
segmentation. The lung parenchyma is divided into several
clusters, and different processing methods were constructed
to get the region of interest. Claus’ [12] clustering algo-
rithm can handle the vessel, crossing point and the soli-
tary nodule. But it mainly focuses on detecting nodules for
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CAD systems, and does not care other features. Besides, the
complex clustering brings much time consumption. Genetic
Algorithm TemplateMatch [13] (GATM)was also employed,
different size of Gauss templates were selected to implement
fast template matching. Ozekes [14] did the further study,
where the improved algorithm can automatically process the
image, which is suitable for CAD system, yet the results
are still unsatisfactory. Besides, the geometric active con-
tour models perform well on topological deformation [15],
such as merge and split, so it was widely introduced to
deal with the medical images. Chan and Vese [16] algorithm
can segment the objects by the regional information, which
doesn’t rely on boundaries defined by gradients. Neverthe-
less, the difference of nodules’ surrounding region is quite
small, and surrounding tissue has a smooth gray change.
There is often over-segmentation when segmenting the
DR nodules.

Overall, the classical algorithms, such as clustering, tem-
plate match and region-based active contour algorithm,
cannot handle the structure characteristics of nodules.
Grady [17] proposed the random walks image segmentation
method, which is an interactive image segmentation method
based on graph theory. Image to be segmented is transformed
into a weighted undirected graph. The segmentation result is
affected by the definition of weight, and finally determined
by the pre-labeled pixels (referred to as seeds). The method
is insensitive to noise and could suppress the influence of
the boundary deletion [18]. However, it is obvious that man-
ually labeling the seed point is the short board and easily
affected by uncontrollable conditions. Hao [19] proposed an
automatic method which was specially designed for mammo-
grams. The differences of histopathologic structures decide
that it is not suitable for DR pulmonary nodules segmentation,
and the method incorporates CV algorithm which is time-
consuming.

In this paper, we analyze the structure of the DR pulmonary
nodules, and present an improved adaptive random walks
segmentation which integrates sequential filter. Firstly, the
original SPN image is decomposed into texture and cartoon
components which is used to get the seeds. Secondly, based
on the seeds, the walker pixels and seeds selection tactic
are employed to reduce the computational overhead. Then,
we incorporate the sequential filter to random walks, and
define the improved weight representation and probability
matrices. Finally, the proposed method is exploited to get the
segmentation results. The proposedmethod has the properties
as below:

1. The fast seeds acquisition method that is based on the
cartoon component could fast and effectively get the seeds
without iteration.

2. Seeds selection tactic optimally selects the walking pix-
els and reduce the number of seeds. This tactic could avoid
contour leaking and reduce computational cost at the same
time.

3. Its combination with the sequential filter could
smooth the inhomogenous region and avoid over-smoothing.

The newly defined weight representation and probability
matrices could improve the segmentation.

4. The proposed method could ensure the precise segmen-
tation results even the image definition is poor.

II. PREVIOUS WORK
A. THE SEQUENTIAL FILTER
The Gaussian smoothing is the isotropic point diffusion.
The smoothing ability of the Gaussian function relies on the
parameter σ [20]. If the parameter σ is larger, the smoothing
ability of the function is stronger, the local minimum of
the edge indicator function is small. The remnants of noise
and texture are less in the smoothed image. But the edge is
severely blurred when the Gaussian smoothing is employed
with the larger parameter σ . It causes over-convergence in
image segmentation. If the parameter σ is small, the remnants
of noise and texture are more in the smoothed image, and the
local minimum of the edge indicator function is large.

The basic idea of the sequential filter is by using small
filtering parameter to replace the larger filtering parameter.
This can effectively avoid severely smoothing of the edges.
Assuming the image u is smoothed using the sequential
Gaussian filter with the different parameter, respectively
σ1, σ2, the smoothed image ũ is:

ũ = u∗g(σ1)∗g(σ2) = u∗(g(σ1)∗g(σ2)) (1)

Given:
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Observed the (2), the effect of smoothing which using the
sequential filter with the parameter σ1, σ2, is equal to that
with the parameter σ3.

σ3 =

√
σ 2
1 + σ

2
2 (3)

Especially, when σ1 = σ2 = σ , the parameter σ3 =
√
2σ .

The relationship between the filtering times and equivalent
variance is shown in Fig.1.

B. THE RANDOM WALKS
Random walks algorithm is an interactive image segmenta-
tion that is based on graph theory. Image to be segmented
was firstly converted to the weighted undirected graph. Then,
according to the texture, luminance, and chroma information,
the weight of the edge is designed. The weight describes
how similar the nodes are. Grady uses Gaussian weighting
function to describe the edge weights as given by:

wij = exp[−β(hi − hj)2] (4)
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FIGURE 1. The relationship between the filtering times and equivalent
variance . On solid curve σ = 1.5 and on dash dot curve σ = 0.3.

Where, wij is the edge weight, hi and hj are the intensity of
pixel i and j, and β is the adjustable parameter as described
in [17].

The probability matrix is introduced, for every free pixel
i (unlabeled) , the matrix Pforeground stores the probability
of i reach the foreground seed. Similarly, Pbackground is also.
When there are only two kinds of seeds in experiments, the
Pforeground and Pbackground have the following relationship:

Pforeground
= 1− Pbackground

(
0 ≤ Pforeground ,Pbackground ≤ 1

)
(5)

As for pulmonary nodule segmentation, traditional ran-
dom walks algorithm asks the users to manually mark the
seeds (the foreground seeds and the background seeds).
Then, according to the discrete theory, the pulmonary nodule
could be segmented. This method is insensitive to noise and
performs well on weak edge. It has satisfactory time con-
sumption for small size images, but with the image pixels
increasing, the time consumption becomes larger.

III. SEGMENTATION OF SOLITARY PULMONARY NODULE
To implement the SPN segmentation of DR, the proposed
method needs to undergo following steps: Firstly, after simple
preprocessing procedures, the original image is decomposed.
By using the boundary estimation and the curve transforma-
tion, the set of seeds will be acquired. Then, our proposed
selection tactic is employed to reduce the computational cost.
Lastly, random walks algorithm which integrates sequential
filter is used to segment the SPN.

A. FAST AND ADAPTIVE SEEDS SELECTION TACTIC
Random walks is a semi-supervised algorithm, and it needs
the users to mark the seeds manually, which is not suitable
for computer-aided diagnosis (CAD) system. To overcome
this, scholars have done a lot of researches on automatic
seeds selection. The [19] gives a solution which focus on
mammograms mass. This method needs several rounds of
iteration and estimation, it leads to logically complex and
time-consuming algorithm. In this paper, we give a clear and
time-saving solution.

FIGURE 2. SPN image decompositions (a) original pulmonary nodule
image (b) the cartoon component of (a) (c) the texture component of (a).

The imaging characteristic of the nodule is: the intensity
is relatively high in center and decreases with the outward
extension. The intensity changes slowly at the edge, and
the segmentation is easily affected by the infiltrate tissue,
texture and so on. More often, the nodules are embedded
in the surrounding tissues, which makes it difficult to fix
the position of edges. To get the effective seeds, inspired by
Meyer’s texture retention model [21], original image I (x, y)
is decomposed into the cartoon and the texture components,
as:

I (x, y) = u(x, y)+ v(x, y) (6)

Where u(x, y) is the cartoon component, and v(x, y) is the tex-
ture component. The cartoon component (as Fig.2.b shows)
contains the main structure of the image and the slow vari-
ation parts. And the texture component (as Fig.2.c shows)
includes small scale details and random noise.

The [22] proposed an effective edge method for the blurry
images. This method can extract the thin edge and remove
the false edge which is suitable for the SPN images. In this
paper, to get the seeds, firstly, we use the edge detection
method in [22] to achieve the quasi edge points, as shown in
Fig.3.a. Then, the ellipse fitting method is employed to get an
ellipse which is as close as possible to the quasi edge points,
as shown in Fig.3.b. In this step, accurate nodule boundary
is not a must. Finally, shrinking the above fitting curve by
half, which guarantees the points of the deformed ellipse all
locates in the lesions area. The points of the deformed curve
are labeled as foreground seeds, as the yellow curve shown in
Fig.3.c. The dilation operation of mathematical morphology
is utilized on the fitted ellipse, a disk of 15 pixels is selected
by experiment to make the new curve covers SPN, the green
curve shown in Fig.3.c are the background seeds.

Hong [23] and Grady [17] found that the background seeds
which surround the region of interest (ROI) can avoid the
walkers outside the curve walking into it. Obviously, it guar-
antees the effective of the accuracy of segmentation. From
the seeds labeling in Fig.3c, a large amount of seeds have
been selected. There is no doubt that it brings computing cost.
To solve this, firstly, we draw the inscribed circle of the fore-
ground curve and the circumcircle of the background curve.
Secondly, we divided the structure into several equal sections.
In this paper, sixteen sections was selected to ensure the seeds
relatively uniformly distributed. Finally, from each section,
a certain number of foreground and background seeds were
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FIGURE 3. Get the foreground and background seeds (a) Boundary
estimate (b) Ellipse fitting (c) foreground seeds (yellow curve) and
background seeds (green curve).

FIGURE 4. The sketch map of the seeds and walker pixels selection tactic.

FIGURE 5. The effect of filtering times on segmentation results (a)the
ground truth (b)-(f) 5,15,30,40,60 times filtering, respectively.

randomly selected. In this paper, we set the number of seeds
as four by experiment. For better understanding, the sketch
map is shown as Fig.4. The gray area represents the SPN,
the green and yellow curve are the curve of background and
foreground seeds, respectively. Two red circles are inscribed
and circumscribed circle. In addition, the pixels outside the
background curve (green curve) and inside the foreground
curve (yellow curve) could be marked as background and the
pulmonary nodule, respectively. Only the pixels in area with
slant lines (seen Fig.4.) will be taken into the computation,
which makes the walking algorithm speed up.

B. IMPROVED ADAPTIVE RANDOM WALKS
SEGMENTATION WITH SEQUENTIAL FILTER
In our previous work [24], the sequential filter was intro-
duced into active contour models. It performs well on natural
images, but badly on DR pulmonary nodule, especially on
nodules with obscure edge. Unlike active contour models,
random walks algorithm has advantage on medical images.

FIGURE 6. Comparison of the segmentation method on homogenous
image with clear margin (a) the ground truth (b) the proposed method
(c) CV (d) IMST (e) SFAC (f) ITV.

FIGURE 7. Comparison of the segmentation method on homogenous
image with obscured margin (a) the ground truth (b) the proposed
method (c) CV (d) IMST (e) SFAC (f) ITV.

It can handle the smoothly varying characteristics of the edge,
even the partial edge deletion. The [17] provides the demon-
stration response to the partial edge deletion. And the [19]
shows the application on mass segmentation of mammogram
in which there exist smoothly varying edges.

As in equation (3), the effect of the sequential filter with
small variance and that of the Gauss filter with large vari-
ance are almost identical. This inspires us, the random walk
which incorporates sequential filter can suppress the effect of
surrounding structure and avoid over-smoothing. Traditional
random walking runs just one round which is easily affected
by the uncertainty factors, such as redundant texture, noise,
ill-defined tissues. Sequential filter could handle the texture
and noise, avoid over-smoothing, but needs several rounds
running. To copewith this, we incorporate the sequential filter
theory into the adaptive randomwalkingmodel, and construct
a novel model for DR SPN segmentation, as defined by:

In = In−1∗g(σ )

wij = exp(−β
(
hni − h

n
j

)2
)

PF =
1
n

n∑
t=1

Ptforeground , PB = 1− PF

(7)
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FIGURE 8. Comparison of the segmentation method on image with
texture (a) the ground truth (b) the proposed method (c) CV (d) IMST
(e) SFAC (f) ITV.

Where In is the image after the nth filtering, and hni is
the intensity of pixel i after the nth filtering. PF and PB are
the proposed method’s probability matrices, Ptforeground is the
foreground probability matrix of the t th filtering.

The proposed segmentation is described as follows:
program Image Segmentation (Output)
{Initial: k and I0 = I }
n is the number of the sequential filter and random walking
k is the terminal condition of n
Begin
Decomposing the original ROI In into cartoon component

u(x, y) and texture component v(x, y);
Estimating the boundary on the cartoon component

u(x, y);
Ellipse fitting based on the previous step, shrinking and

dilating the fitting ellipse.
Section based seeds selection tactic
n := 0;
Repeat
Sequential filtering applied to In;
Adaptive seeds selection Random Walking on the result of

the previous step, computing newly defined edge weights wij,
probability matrixs PF and PB uses:

wij = exp[−β(hi − hj)2] (8)

and

PF = 1
n

n∑
t=1

Ptforeground

PB = 1− PF
//definition see formula (7)

Until
n ≥ k //The terminal condition:
Output: the result of segmentation.
End

IV. EXPERIMENTAL RESULTS
The experiments are conducted using MATLAB on the
PC with Intel-Core i5 CPU 3.20GHz and 2GB of RAM
without any particular code optimization. The DR pulmonary
nodule images shown in this paper are from the Japanese

FIGURE 9. Comparison of the segmentation method on blurred image
(a) the ground truth (b) the proposed method (c) CV (d) IMST (e) SFAC
(f) ITV.

Society of Radiological Technology database (JSRT) and
the ‘‘National Twelfth Five-Year Plan’’ Sichuan Province
Major Infectious Disease Special Demonstration Project-
Tuberculosis database. These two databases are cover-
ing extensively, includes lung cancer, pulmonary nodule,
emphysema and so on. In our study, we collected 724 cases
of SPN from a total of 2664 lung DR images.

A. EVALUATION METRICS
Common evaluation metrics such as precision, recall and
F-measure are universally agreed on, standard, and easy-to-
understand measures for evaluating a segmentation model.
The precision focus on the proportion of the real target area in
the segmentation results. The recall focus on the proportion
of the proper segmentation region in the region of concern.
Precision and recall reflect the relationships between ground
truth and segmentation regions. However, precision and recall
indicators sometimes show contradictory situation. So the
F-measure is proposed as a weighted harmonic average of
them.precision =

|Mask ∩ GT |/|Mask|
recall = |Mask ∩ GT |/|GT |
F-measure=2× precision× recall/(precision+recall)

(9)

WhereMask is the binary mask which covers the segmen-
tation region of the object, and GT is the ground-truth.

B. DISCUSSION
In the algorithm description (at the end of section III B),
we give a parameter k which is the terminal condition of
parameter n. In our proposed model, the image is smoothed
using sequential filter, and smoothing performance depends
on the number of filtering. To analyze the relationship
between filtering times n and segmentation performance,
a 300∗224-pixel SPN image with infiltrated boundary and
fog-like texture is smoothed with different times of filtering,
and partial results of segmentation are shown in Fig.5. .When
n is small, the SPN region is inhomogeneous, the intensity of
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FIGURE 10. Comparison of the segmentation methods on image with noise (a) the ground truth (b) the proposed method (c) CV
(d) IMST (e) SFAC (f) ITV. Row 1: the original image; row 2-3: image with Gaussian noise, the PSNR are 37.9406 and 31.4725,
respectively; row 4-5: image with salt-and-pepper noise, the PSNR are 35.9302 and 30.8374, respectively;

the center region is higher than the boundaries, and the texture
around SPN structure is clear. The first arrival probabilities
which from pixels around the boundaries to background seeds
are higher. This leads to the poor results, as shown in Fig.5.b.

When n is large, the edge of the SPN is severely blurred which
will cause the over-segmentation results, as Fig.5.f shows.
The evaluation metrics of segmentation with different param-
eters n are listed in Table I. From Table I, the precisions are
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TABLE 1. Evaluation metrics of image segmentation with filtering
number (n).

TABLE 2. CPU time and score of segmentation comparison of
Fig.6.-Fig.9.

almost identical. When n = 15, the recall and F-measure are
higher, as the bold numbers in Table I; and the segmentation
result is the closest to the ground truth, as Fig.5.c. In order to
get better segmentation results, we suggest to choose n = 15
as the terminal condition of parameter n.

C. SEGMENTATION ALGORITHMS COMPARISON
To test the segmentation performance using the proposed
method on SPN images, in this section, the experiments are
carried on to compare with other four methods as below. The
choice of these algorithms is motivated by the following rea-
sons: Janakiraman [25] proposed a segmentation algorithm
that used the improved minimum spanning tree (abbreviated
as IMST). IMST and the proposed method are both based
on graph theory. Our previous work [24] is an algorithm
of active contour segmentation method, and it also employs
the sequential filter (abbreviated as SFAC). He’s model [26]
employs the improved total variation algorithm (abbrevi-
ated as ITV), which could smooth the inhomogeneous sub-
regions and preserve edge. It performs well on objects with

obscure edges. Beside these three new algorithms, we also
choose a traditional and effective segmentation algorithm,
Chan and Vese [15] active contour model (abbreviated as
CV). The effects of the five algorithms on the homogenous
SPN image are shown in Fig.6-7. In Fig.6, background and
object region are homogenous, the SPN shows a relative
clear margin, but the intensity difference between the object
and the background is not significant. The CV and IMST
method are under-segmentation, the evolution curve of the
CV doesn’t converge to the object boundary, IMST views
partial background as the target region and adds the wrong
pixels into the spanning tree (see Fig.6.c-d). The results of
other models are similar, but the proposed method is better
(see Fig.6.b,e,f). The mean of F-measures and the F-measure
of the proposedmethod are 0.752 and 0.930, respectively. The
CPU time of the proposed method in Fig.6. (300∗224-pixel)
and Fig.7. (480∗320-pixel) are 9.672 and 30.84, as shown in
Table II.

The texture is a key factor to that will affect the segmen-
tation performance. To test if this algorithm could handle
texture, the result of segmentation using a 320 × 221-pixel
image is shown in Fig.8.. At the lower left part of the lesion,
there exists weak edges. The back ground is full of texture
and the intensity is inhomogeneous. The locations of contour
with CV model are far away from the true boundaries. The
evolution curve of ITV converge to the inner of SPN. The
mean of F-measures, the F-measure of the proposed method
and IMST are 0.752, 0.945 and 0.898, respectively.

Moreover, poor image definition is one of the problems to
be faced in DR image processing. Fig.9. is a blurred image
where the SPN is affected by rib. Segmentation result of the
IMST is poor, even worse in CV. Due to the vague margin,
SFAC and ITV have varying degrees of over-segmentation.
The proposedmethod is closer to the ground truth than others.
The mean of F-measure and the F-measure of the proposed
method are 0.710, 0.942, respectively.

Compared to the other four models, most of the seg-
mentation accuracy of the proposed method is better and
closer to the ground truth. By looking at smoothing number,
CV model does not smooth, whilst IMST model only needs
one time of Gaussian smoothing. The proposed method,
SFAC and ITV models use iteration smoothing to achieve
better result. Therefore, these three methods are time-
consuming. Both the proposed method and the IMST model
are based on graph theory, the size of image also affects the
CPU-time. Table II shows the difference of CPU-time with
different segmentation models.

To test if the proposed method is insensitive to noise,
two common kinds of noise, the Gaussian noise and salt-
and-pepper noise, were employed. The experiments on the
degraded image are conducted and compared with CV, IMST,
SFAC and the ITV models, as shown in Fig.10.. With the
decreasing of the PSNR, IMST wrongly added some noise
pixels into the minimum spanning tree, which causes the
results contain the prominent structure, especially when
the PSNR is lower, as the 3rd and 5th row in Fig.10..
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TABLE 3. Scores of segmentation models on noisy images (the Pre and F-M denote precision and F-measure, G and SP denote Gaussian noise and
salt-and-pepper noise, respectively. N is the name of noise).

TABLE 4. The score of the evaluation metrics based on The data set (the
Pre, Rec and F-M denote precision, recall and F-measure, respectively).

SFAC with the variable Gauss kernel function is better than
the CV model, however, the noise blurs the edge of the ROI,
the level set curve cannot locate accurately. ITV employs the
improved anisotropic smoothing and total variationmethod to
keep relatively stable results. Nevertheless, when the PSNR
is low, the nodule in object regions was separated. In the
proposed method, the background seeds prevent the walkers
from walking outside, which guarantees positional accuracy,
and the sequential filtering removes the noise of images. The
scores of different models with different PSNR and noise are
shown in Table III.

From Table III, the precision and the F-measure of these
five models keep the downward tendency with the PSNR
decreasing. The mean of F-measure in the proposed method,
CV model, the IMST model, the SFAC model and the ITV
model are 0.953, 0.782, 0.874, 0.89 and 0.935, respectively.
Higher mean of evaluation metrics give better results, and
lower standard deviation means more stable performance.
The mean of F-measure in the proposed method is the highest
compared to others. Meanwhile, the standard deviation of
the F-measure are 0.018č0.005č0.037 and 0.02, respectively.
The standard deviations of CV and the proposed method are
lower, however, the mean of the CV model is just 0.782. The
proposed method performs better than other four methods on
noisy images.

The experimental data set in our study consists of 724 cases
of SPN. Based on this data set, we give the statistical results
on precision, recall, F-measure, mean and standard deviation,
as shown in Table IV. The mean of the F-measure in the

proposed method is higher, that is 0.922 as shown in bold.
It means that the proposed method gets better results than
others. The lower standard deviation the methods gets, the
more stable performance the methods achieve. The standard
deviation of the F-measure in the proposed method and IMST
are almost the same, those are both 0.038. However, the mean
of F-measure in IMST is 0.882. From the statistics of our
comparison analysis, our proposed method have attained a
better and relatively stable segmentation result.

V. CONCLUDING REMARKS
In order to achieve an automatic segmentation of SPN in
DR images, a new image segmentation model is proposed.
By comparison analysis above, the proposed method have
attained more accurate results and dealt inhomogeneous sub-
regions. However, the CPU-time of the proposed method is
higher, which caused by the times of smoothing and walking.
So, in our further study, we plan to optimize parameters
of smoothing and discuss the relationship between filtering
and walking techniques. Moreover, split Bergman method is
effective method which could be introduced to improve the
performance of the sequential filtering in the future.
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