
Chapter 4

Automated matching of lung nodules
on follow-up CT scans

Automated matching of lung nodules is another important function required for a chest

CAD system. This chapter introduces a novel method for automated matching of lung

nodules that are segmented from follow-up chest CT images by the method introduced

in chapter 3. The proposed nodule matching method is based on rigid and non-rigid reg-

istration techniques and a similarity calculation procedure. The similarity calculation

procedure includes three patterns for similarity measurements based on the considera-

tion of nodules with temporal changes in follow-up CT images.

4.1 Purpose

The observation of small pulmonary nodules on follow-up CT images is an important

approach for the malignancy diagnosis of SPN and the effective analysis of treatment.

However, the observation of nodules on follow-up CT images takes greatly burdens on

physicians. This is because thin-section CT images often have a large number (typically

300-500) slice images of 1mm section, and the lesions usually attach to anatomic struc-

tures such as vessels, the heart and diaphragm. Especially, in the case of metastatic

lung cancer, hundreds of nodules may exist in follow-up CT images. Furthermore, the

different poses of a patient on the CT table and the effects of heartbeats and respiratory
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Automated matching of lung nodules on follow-up CT scans

Figure 4.1: The problems in the nodule matching and the solutions of the proposed
method

motion usually cause both inelastic and elastic deformations in follow-up CT images.

To lighten such burdens, the development of automated nodule matching methods for

assisting the observation of nodules on follow-up CT images is required.

However, to find the corresponding nodules in follow-up CT images suffers the fol-

lowing problems (Fig. 4.1):

(1) Inelastic and elastic deformations are usually caused due to the different poses of

a patient on the CT tables, the effects of heartbeats, and respiratory motion. Such

deformations have to be compensated for the corresponding nodule finding.

(2) It is difficult to avoid the false matching of actual nodules and FPs, when the

automatic nodule segmentation results include many FPs.
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4.2 Methods

(3) Due to the growth of nodules and the effects of treatment, the merger (two sep-

arated nodules in a past CT image merge to be one nodule in current CT image),

separation (one nodule in a past CT image separates to be two nodules in current

CT image), and appearance (a new nodule generated in current CT image), dis-

appearance (a nodule in a CT image disappears in current CT image) of nodules

may occur. To match such temporal changed nodules is challenge.

To deal with the above problems, we will introduce the following three solutions

(Fig. 4.1):

(1) Utilization of a landmark-based global transformation, the affine registration and

the non-rigid registration scheme to co-register follow-up CT scans for compen-

sating lung deformations.

(2) Calculations of the similarities between two nodules based on feature vectors in-

cluding the information of position, size, and average intensity of each nodule.

The previous method [158] only used the nodule position to calculate the similar-

ities; however, if an FP in the past (current) CT images is located near an actual

nodule in current (past) CT images, the false matching could easily occur when

only considering their positions. The proposed method utilizes the information of

nodule size and average intensity to restrict the similarity calculation.

(3) Consideration of three patterns for similarity calculation, which correspond to the

matching of nodules without temporal changes (normal nodules), merged/separated

nodules, and appeared/disappeared nodules, respectively.

4.2 Methods

4.2.1 Overview

Figure 4.2 shows a flowchart for the proposed method. The proposed method consists

of four main procedures : (a) preprocessing, (b) registration of follow-up CT images,
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Automated matching of lung nodules on follow-up CT scans

Figure 4.2: Flowchart of the proposed methods.

(c) similarity calculation and (d) corresponding nodules finding from every two regis-

tered CT images. In step (a), a smoothing process and the extraction of lung regions is

performed for each input chest CT image. Then, the nodule candidates are segmented

by the automated nodule segmentation method introduced in Chapter 3 in this disserta-

tion. In Step (b), the initial scan is considered the reference scan, and all follow-up CT

images are registered to it. The registration procedure includes two rigid registrations

a the non-rigid registration. Finally in Step (c), we find corresponding nodules from

every two registered CT images by calculating the similarity of nodules. We define the

same nodules that are matched in all the CT images of one patient as “same nodule

group”, and the nodules belonging to a “same nodule group” is marked by the same ID.

4.2.2 Preprocessing

For each input 3D chest CT image, a preprocessing procedure is performed first. Four

processes are implemented in turns as following:

74



4.2 Methods

(a) Carina (b) Ribs

Figure 4.3: Landmark segmentation. (a) Carina point, and (b) Rib bones (marking in
green)

(1) Smoothing: A median filter whose mask size is 3×3×3 voxel is utilized to remove

the image noise.

(2) Extraction of lung area: The lung region extraction method introduced by Kitasaka

et al. [141] is utilized to extract lungs area Rlung from each CT image.

(3) Segmentation of lung nodules: Our automatic lung nodule segmentation method

introduced in Chapter 3 is applied to segment the nodules from each lungs area

Rlung.

(4) Segmentation of carina and ribs: We detect the carina point and ribs region as the

landmarks of registration process from each input CT image (Fig. 4.3). The carina

is detected by the method reported in [140]. The ribs are extracted by a single

thresholding procedure.

4.2.3 Registration of CT images

The different poses of a patient on the CT table, the effects of heartbeats, and the

respiratory motion usually cause the inelastic and elastic deformations in follow-up CT

images. To find the corresponding nodules, the registration of all follow-up CT images
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Automated matching of lung nodules on follow-up CT scans

of a patient is required. We consider the first scan as a reference image, so that all the

later scans (registered scan) are co-registered to the first scan. However, the registration

procedure is only applied inside the lung regions Rlung. Our registration consists of three

steps:

(1) A global landmark-based transformation is performed to roughly compensate the

deformation. The carina point detected from each input CT image is utilized

as a landmark (Fig. 4.3(a)). Each registered scan is transformed to match the

reference scan by the positions of their carina points.

(2) An affine registration is performed to compensate for global motion such as rota-

tion, translation, scaling and shearing of the lung. The extracted rib regions (Fig.

4.3(b)) are utilized as landmarks for transformation, since the ribs generally move

together with the lungs during respiration or heartbeats.

(3) An improved non-rigid registration model [162] using a discrete Markov Random

Field objective function is applied to compensate for the elastic deformation of

lung area due to respiration and heartbeats of the patient.

By performing these registration processes, anatomical objects inside the lung areas

such as blood vessels and lung nodules in different CT images are accurately aligned for

further analysis.

4.2.4 Similarity calculation of nodules

4.2.4.1 Similarity measure

The corresponding nodules are found from all of the automatically segmented nodules

of every two follow-up CT images. Figure 4.4 shows an example of nodule matching

of two CT images (Ia and Ib). The corresponding nodules are found via a similarity

measure based on features that include the coordinates of centroid (g), diameter (d),

and average intensity (I) of a nodule.
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(a) Ia (b) Ib

Figure 4.4: Examples of two CT images for nodule matching. The nodule ”1” in Ia

should match to the nodule ”A” in Ib. The nodules ”3” and ”4” in Ia should integrate
and match to the nodule ”C” in Ib.

The previous nodule matching method [158] only used the coordinates of the cen-

troids of two nodules to measure their similarity. However, if an FP in a past (current)

CT image is located near an actual nodule in a current (past) CT image, the false match-

ing might easily occur only considering their positions. By utilizing the features of d and

I, although an actual nodule and a FP are located closely in two CT images, if their sizes

and average intensities are differ completely, they will not be considered as correspond-

ing nodules. The nodule “2” in Fig. 4.4(a) and the nodule “B” in Fig. 4.4(b) show

an example of this case. Suppose to match the nodules i(i = 1, .., M) in CT image Ia

to nodules j(j = 1, .., N) in another CT image Ib, M and N are the numbers of seg-

mented nodules from Ia and Ib, respectively. We assign the coordinates of the centroids

of nodules i and j as ga
i and gb

j, respectively. Other features including diameter and

average intensity are assigned as vectors f
(a)
i = [d

(a)
i , I

(a)
i ] and f

(b)
j = [d

(b)
j , I

(b)
j ], respec-

tively. Then, the vectors g and f are combined as new high dimensional feature vectors

n
(a)
i = [g

(a)
i , f

(a)
i ] and n

(b)
j = [g

(b)
j , f

(b)
j ]. A feature vector space Ω is constructed using the

feature vectors n of all the segmented nodule candidates. Then, the similarity of two

nodules i and j are measured by the distance of their feature vectors in the space Ω.

Since the feature vector n consists of two components including the coordinate of
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Automated matching of lung nodules on follow-up CT scans

centroid and the features f , we define the distance measure as

A =

[
I 0

0 ωΣ

]
, (4.1)

where I is a 3 × 3 identity matrix. This matrix is used to calculate the distance of the

centroids of two nodules. Σ is a covariance matrix of the feature vectors f in Ω, which

is calculated by

Σ =
1

M + N

(
N∑

i=1

(f
(a)
i − µ)(f

(a)
i − µ)T +

M∑
j=1

(f
(b)
j − µ)(f

(b)
j − µ)T

)
, (4.2)

where µ indicates the mean of the feature vectors f in Ω. µ is calculated by

µ =
1

M + N

(
N∑

i=1

f
(a)
i +

M∑
j=1

f
(b)
j

)
. (4.3)

ω(0 < ω < 1) is a parameter that is utilized to control the magnitude of the distance

measure. Then, the distance of the two nodules (i and j) on the feature vector space Ω

can be calculated as

d(i, j) = (n
(a)
i − n

(b)
j )T A−1(n

(a)
i − n

(b)
j ). (4.4)

If nodules i and j are corresponding nodules, then the distance d(i, j) decreases in size.

Hence, this distance can be utilized as a similarity measure of two nodules.

4.2.4.2 Similarity calculation patterns

We calculate the similarity of nodules i(i = 1, .., M) in image Ia and the nodules j(j =

1, .., N) in image Ib. To match the nodules with temporal changes in follow-up CT

images, we consider three patterns for similarity calculations. The first pattern is the

similarity calculation between two nodules from two CT images (Pattern 1: 1 to 1) (Fig.

4.5). This pattern corresponds to the most common matching pattern of two nodules.

The second pattern in terms of the similarity calculation between one merged nodule in

scan Ia and another nodule in scan Ib (Pattern 2: 2 to 1) (Fig. 4.6). We aim to match
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Figure 4.5: Illustration of matching pattern 1. Nodule “1” in image Ia matches nodule
“A” in image Ib. However, although nodule “2” and nodule “B” exist nearly, they will not
be considered as corresponding nodules, since their shapes are differ completely.

the merged/separated nodules by this pattern. Pattern 3 aims to find nodules which

do not have a match (non-corresponding nodule). This is in terms of the matching of

appeared or disappeared nodules. As shown in figure 4.7, since the nodule “5” in Ia

disappeared in Ib, nodule “5” is considered as a non-corresponding nodule. The details

of these three matching patterns of similarity calculations are described as follows:

Pattern 1 [1 to 1].

The likelihood of nodule i in image Ia and nodule j in image Ib to be corresponding

nodules depends on their distance d(i, j). The nodule “1” in Fig. 4.5(a) and the

nodules “A” in Fig. 4.5(b) may be the corresponding nodules since they have small

distance d(1, A). Although the nodules “2” and “B” are located closely, their shapes

are completely different. This causes the feature vectors f of nodules “2” and “B”

to be very different, so that the distance d(2, B) increases. Hence, nodules “2” and

“B” will not be considered as corresponding nodules. We calculate the similarity
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Figure 4.6: Illustration of matching Pattern 2. The nodule “3” and “4” in image Ia

merge together and match to the nodule “B” in image Ib.

p(i, j) of each pair of nodules from two CT images by the equation:

p(i, j) =
1

(2π)
df+3

2 |A| 12
× exp

[
−1

2
d(i, j)

]
. (4.5)

This equation is defined following Gaussian distribution, where df indicates the

number of dimensions of feature vector f ,

Pattern 2 [2 to 1].

Due to nodule growth or the effect of treatment, some nodules merge together

to become one nodule, or one nodule may separate to become two nodules in

progress. Figure 4.6 illustrates this pattern. The nodule ”3”, ”4” in Ia merge

together and match to the nodule “B” in Ib. In order to describe such case, we

combine two nodules i1 and i2 in image Ia to be a new nodule i, and calculate

the feature vector n
(Ia)
i = [g

(Ia)
i , f

(Ia)
i ] of this consolidated nodule i. Then, the

similarity of nodule i and another nodule j in image Ib is calculated by the Eq.

(4.5).
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Figure 4.7: Illustration of matching Pattern 3. The nodule “5”in image Ia has no corre-
sponding nodule in Ib, which is considered as non-corresponding nodule.

Pattern 3 [non-corresponding nodule].

Due to metastasis or the effect of treatment, the appearance and disappearance

of a nodule may occur. Hence, a nodule in the current CT image may have no

corresponding nodule in another CT image. We consider such nodule as a non-

corresponding nodule (see the nodule “5” in Fig. 4.7). To investigate whether

a nodule i is a non-corresponding nodule, the similarity of nodule i and the

appeared/disappeared nodules is calculated. Since the appeared/disappeared

nodule usually has a small volume, we choose the 5 smallest nodules from all

of the segmented nodules of a patient as the appeared/disappeared nodules:

Sk(k = 1, ..., 5). In this pattern, only the feature vector f (without the g) is utilized

to calculate the similarity measure as

p(i, Sk) = Pisolate
1

(2π)
df
2 |rΣ| 12

× (4.6)

exp

[
−1

2
(f

(Ia)
i − fs)

T (rΣ)−1(f
(Ia)
i − fs)

]
,
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Figure 4.8: Illustration of Constraint 1. The distance between centroids of nodule “1”
in image Ia and nodule “A” in image Ib is larger than 15mm. The similarity calculation
of these two nodules is skipped.

where Pisolate is a weight parameter. Since the appearance and disappearance of

nodules rarely occurs, Pisolate is used to make the likelihood of p(i, Sk) smaller

than p(i, j) (in Eq. (4.5)). In this case, the position of nodules is not used for

similarity calculations. Hence, we utilize rΣ instead of A as the distance measure,

and r(0 < r < 1) is a parameter. The vector fs indicates the average feature vector

f calculated from the small nodules Sk. p(i, Sk) indicates the likelihood of nodule

“i” whether is a non-corresponding nodule.

4.2.4.3 Constraints of similarity calculations

During the similarity calculation, if we consider the above three patterns for all of the

nodules i(i = 1, .., M) in Ia and nodules j(j = 1, .., N) in Ib, a large number of impossible

patterns of similarity calculation may be executed. This is time consuming and may lead

to an insufficient matching result. To avoid the inadequate calculations, we implement

three constraints for similarity calculations.
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Figure 4.9: Illustration of Constraint 2. The distance between centroids of nodules “3”
and “4” in image Ia is apparently lager than the sum of their radius. These two nodules
are not considered to merge together and match to the nodule “C” in another image.

Constraint 1 [Constraint for Pattern 1 ]

If the distance between the centroids of nodule i in Ia and j in Ib is very large, they

should not be a pair of corresponding nodules. Figure 4.8 illustrates an example

of this case. The distance of nodule “1” and nodule “A” is too large, the similarity

calculation of them will be skipped. Hence, we only calculate the similarity of

nodules i and j, which satisfy the following equation:

dcentroids(i, j) = (g
(a)
i − g

(b)
j )T (g

(a)
i − g

(b)
j ) < 15[mm], (4.7)

where dcentroids(i, j) indicates the distance between centroids of nodule i and nod-

ule j.

Constraint 2 [Constraint for Pattern 2 ]

Generally, Pattern 1 [1 to 1] is the most common pattern for nodule matching.

Only if two nodules are located closely in a CT image, they may merge together to

become one nodule (or separated from one nodule) in another CT image. Hence,

for the nodules i1 and i2 in image Ia, if the distance between their centroids
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(dcentroids(i1, i2)) is apparently larger than the sum of their radii, we do not com-

bine them and implement the similarity calculation of Pattern 2 of them (see the

nodules “3” and “4” in Fig.4.9(a)). We only implement the similarity calculation

Pattern 2 for two nodules in a same CT image that satisfy the following equation:

dcentroids(i1, i2) ≤ 2(ri1 + ri2), (4.8)

where ri1 , ri2 indicate the radius of nodule i1 and i2 , respectively．

Constraint 3 [Constraint for Pattern 3 ]

The generation of new nodules (appeared nodule) due to the growth and the

elimination of nodules (disappeared nodule) due to the effects of treatment do

not occur in every CT image. We assume that the possible existence of such ap-

peared/disappeared nodules depends on the change rate of the nodule numbers

of two CT images. If the numbers of segmented nodules from images Ia and Ib

are similar, then the possible existence of appeared or disappeared nodules may

be close to 0. In the case of no appeared or disappeared nodules occurring in

CT image, the calculation of pattern 3 may incorrectly determine a small nodule

which has a corresponding nodule to be a non-corresponding nodule. Here, we

only apply the similarity calculation of Pattern 3 when the change rate γ of the

nodules in two CT images satisfies

γ = |NIb
− NIa|/(NIa + 1) > β. (4.9)

NIa and NIb
indicate the number of nodules that segmented from image Ia and

image Ib, respectively．β is a threshold value．

By implementing the above three constraints, the similarity calculation can be per-

formed much more effectively and correctly.
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(a) Matching combination 1

(b) Matching combination 2

(c) Matching combination 3

Figure 4.10: Examples of matching combinations. Combination 3 (Fig. 4.10(c)) is
considered as the matching results of Ia and Ib.
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4.2.5 Corresponding nodule finding

After the similarity calculation for nodules i in image Ia and nodule j in image Ib, we

combine every matching pattern and obtain a number of matching combinations. Every

matching combination has a matching likelihood that is obtained from the similarity

calculation. Figure 4.10 shows several examples of matching combinations of two CT

images. The final nodule matching result is found as the matching combination which

has a maximum likelihood.

Suppose the matching candidates of nodule i in image Ia are j
(t)
i (j

(t)
i = 0, 1, 2..., Sk)

and the matching candidates of nodule j in image Ib are i
(t)
j (i

(t)
j = 0, 1, 2..., Sk), the

likelihood P (t) of combination t can be calculated as

P (t) =
N∏

i=1

p(i, j
(t)
i ) ∗

M∏
j=1

p(i
(t)
j , j), (4.10)

where p(i, j) is the similarity between the nodules i and j. However, in the case of (i =

i
(t)
j and j = j

(t)
i ), we only calculate p(i, j

(t)
i ) to avoid the repetition of calculation. The

combination which has the maximum likelihood will be selected as the final matching

result. In Fig. 4.10, the combination 3 (shown in Fig. 4.10(c)) may have the maximum

likelihood, and will be considered as the matching result of Ia and Ib.

Finally, we assign an unique ID to each pair of corresponding nodules. The same

matching process is implemented to every two CT images for a patient.

4.3 Experiment and results

4.3.1 Materials and parameter estimation

We tested the proposed methods by using the chest CT images of three patients. These

three serials of CT images include 8(A), 4(B),and 2(C) follow-up CT images, respec-

tively. The acquisition parameters of CT images are shown in Table 4.1. The ground

truth data of the nodule segmentation and matching were identified by physicians. In

the ground truth data, 216 small lung nodules with diameters from 3.75[mm] to 27[mm]
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Table 4.1: Acquisition parameters of chest CT images
Image size 512 × 512 voxels
Number of slices 185 − 246 slices
Pixel spacing 0.523 − 0.684 mm
Slice spacing 1.25 mm
Slice thickness 2.5 mm

Figure 4.11: Change of the numbers of nodule in follow-up CT images of three patients.

were identified. Our automated nodule segmentation method (introduced in Chap-

ter 3) detected 95.8%(207/216) nodules with about 15 FPs per case. 37 “same nodule

groups” (174 in individual) were found from the detected 207 nodules by physicians.

The “same nodule group” means a group of matching nodules along all the CT images

of a patient, but not only from two follow-up CT images. However, due to the appear-

ance and disappearance, there is no guarantee that a corresponding nodule in a “same

nodule group” occurs in the all CT images of a patient. Among these 37 “same nod-

ule group” groups, 3 groups include the merged nodules. The appeared or disappeared

nodules were found from every two follow-up CT images. The curves in Fig. 4.11 shows
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Table 4.2: The nodule matching results of the proposed method

Method Matching rate of False matched Missed matching Matching
merged nodule (group) (group) rate

Proposed
with β = 0.2 100% (3/3) 1 1 94.6% (35/37)

the number of nodules of each CT image of these three patients. The straight lines and

dashed lines indicate the nodule numbers obtained from the ground truth data and au-

tomatic segmentation results, respectively. Figure 4.11 demonstrate that two follow-up

CT images may have the same number of nodules, the appeared or disappeared nodules

do not occur in such cases. We found 102 appeared/disappeared nodules candidates

from the automatic segmentation results of all the 14 CT images. However, only 45

appeared/disappeared nodule candidates were actual nodules, the others were FPs.

To evaluate the matching results, we computed the matching rate as

Matching rate =
NMatched

NAll(= 37)
, (4.11)

where NMatched indicates the number of correctly matched “same nodule groups” by the

proposed method, and NAll indicates all the 37 “same nodule groups”. The proposed

method obtained the best results as 94.6% (35 groups /37groups) matching rate with

all the merged nodules matched correctly, when setting the parameters as : P = 0.05，

r = 0.25，w = 0.1, β = 0.2 (Table 4.2). Figure 4.12 shows some examples of successfully

matched nodules. Figure 4.12 (a) and (b) show two corresponding nodules that were

matched by Pattern 1, Figure 4.12 (c) shows an example of merged nodules that was

matched by Pattern 2. Figure 4.13 shows three examples of correctly matched nodules

in the view of volume rendering.
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(a)

(b)

(c)

Figure 4.12: Examples of matching results. (a) and (b) show the examples of two nor-
mal corresponding nodules that are matched by Pattern 1, and (c) shows an example
of merged nodules that are matched by Pattern 2. The nodules in the left image are
combined and match to the nodule in the right image.
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Figure 4.13: The examples of correctly matched nodules shown by volume rendering
on follow-up CT images.

Table 4.3: Comparison of the proposed nodule matching method to the previous method

Method Matching rate of False matched Missed matching Matching
merged nodule (group) (group) rate

Proposed
with β = 0.2 100% (3/3) 1 1 94.6% (35/37)
Previous ([158]) 0% (0/3) 5 2 81.1% (30/37)
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4.3.2 Comparison with previous methods

Table 4.3 summarizes the comparison results of the proposed method and the previous

method [158] using the same CT images. The previous method obtained 81.1% (30

groups/37 groups) matching rate, and failed to match all the merged corresponding

nodules (Table 4.3)．Since the previous automated nodule matching methods [154,

157, 159] have not reported the matching rate, we cannot compare the performances

of these methods and the proposed method directly. The semi-automated method pro-

posed by Cheng et al. [150] reported a 92.7% matching rate. However, this method

belongs to Category 1 and requires the manually detection of nodules by mouse click.

Since all of these previous methods only aim to find the corresponding nodules of

Pattern 1 ([1 to 1]), these methods are limited to match the nodules without tem-

poral changes. Furthermore, they were only tested for matching the actual nodules

without FPs.

4.4 Discussion

4.4.1 Effectiveness of proposed method on

reducing false matching

As shown in Table 4.3, the proposed method significantly improved the matching rate

of nodules from the previous method [158]. The main reason for this improvement is

in terms of the reduction of false matching.

(1) The previous method [158] utilized only the coordinate of centroid of a nodule

as the feature vector and considered only a single matching pattern (Pattern 1)

for similarity measurement. However, if an actual nodule and a FP are located

closely in two follow-up CT images, only consider the position of their centroids

for matching may cause the false matching of them. The proposed method addi-

tionally considers the diameter and average intensity values of nodule candidates

to avoid such false matching. Although an actual nodule and an FP may be lo-
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Table 4.4: Comparison of the proposed nodule matching methods to the method with-
out the consideration of Pattern 3

Method Matching rate of False matched Missed matching Matching
merged nodule (group) (group) rate

Proposed
with β = 0.2 100% (3/3) 1 1 94.6% (35/37)
Proposed
without
Pattern 3 100% (3/3) 4 1 86.5% (32/37)

cate closely, if their sizes and average intensities differ completely, they will not be

considered as a pair of corresponding nodules.

(2) To match nodules that have temporal changes due to their growth or the ef-

fect of treatment, the proposed method considered three patterns for similar-

ity measuring. This enables us to match the temporally changed nodules such

as merged, separated or appeared, disappeared nodules. Particularly we imple-

mented the similarity calculation of Pattern 3 to match the appeared/disappeared

nodules (non-corresponding nodules), and correctly recognized all of the 45 non-

corresponding nodules. This can avoid such non-corresponding nodules to be

matched to the FPs incorrectly. The matching results of the proposed methods

without the implementation of Pattern 3 are shown in Table 4.4. The results

show that without the similarity calculation of Pattern 3, the matching rate de-

creases significantly. These results confirmed that the consideration of Pattern 3

is necessary.

4.4.2 Effectiveness of the similarity calculation of Pattern 2

We implemented the similarity calculations of Pattern 2 to match the merged/separated

nodules. Since the previous methods only consider the normal matching patterns

(Pattern 1), all of the three merged nodules have not been recognized (Table 4.3).
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Figure 4.14: The false merged nodule. In the right image, a nodule was incorrectly
merged with a FP. The merged nodule was considered to correspond to the nodule in
the left image.

Two of these three merged nodules were incorrectly determined as non-corresponding

nodules, another one was incorrectly matched to an FP. The proposed method correctly

matched all the merged nodules by considering the similarity calculation of Pattern 2.

However, one nodule was incorrectly merged with a FP (Fig. 4.14), and incorrectly

matched to another nodule. This leads to false matching in the results shown in Ta-

ble 4.3 and 4.4. To solve this problem, the implementation of a new constraint for the

volume of merged nodule into Pattern 2 is considerable. This is because the volume of

merged nodule is commonly larger than the nodules before merging.

4.4.3 Effectiveness of Constraint 3

The experimental results confirmed that the implementation of Constraint 3 is neces-

sary ( Table 4.5). In an early report of our research, we proposed a nodule matching

method without the implementation of Constraint 3 (Chen et al. [160]). This previous

method generated many missed corresponding nodules (see the results in Table 4.5:
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Table 4.5: Comparison of the proposed nodule matching method to the method without
consideration of Constraint 3

Method Matching rate of False matched Missed matching Matching
merged nodule (group) (group) rate

Proposed
with β = 0.2 100% (3/3) 1 1 94.6% (35/37)
Proposed
without
Constraint 3 100% (3/3) 1 5 83.8% (31/37)

Figure 4.15: The change of matching rate with different settings of β. The best result
was obtained when setting β to 0.2.

Proposed without Constraint 3).

The results in Fig. 4.11 confirmed that the generation of new nodules and the elim-

ination of nodules does not occur in every CT image. In such cases, the calculation of

Pattern 3 may incorrectly determine a small nodule which has a corresponding nodule

to be a non-corresponding nodule. In the proposed method, we applied Constraint 3 for

the similarity calculation of Pattern 3. Hence, the similarity calculation of Pattern 3 can

only be implemented when the change rate γ of the nodule numbers segmented from
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two follow-up CT images satisfies the Eq. (4.9). This significantly reduced the number

of missed corresponding nodules, which confirmed that Constraint 3 is required ( Table

4.5).

Figure 4.15 shows the different matching results obtained by the different settings

of parameter β in the Constraint 3. The best result was obtained when β = 0.2.

4.4.4 Limitations

The automated nodule matching method proposed in this chapter provided good per-

formance for finding corresponding nodules. The experimental results also confirmed

that the proposed method is robust to the temporal changes of nodules. However, this

method still has some limitations.

First, the performance of the proposed nodule matching method depends on the nod-

ule segmentation results. Although the proposed method showed good performance for

avoiding the false matching of an actual nodule and an FP, if the segmentation results

includes too many FPs, the generation of such false matching may become unavoid-

able. On the other hand, the false negatives in the segmentation result cause the missed

matching of proposed method.

Second, the implementation of Constraint 3 significantly reduced the generation of

missed corresponding nodules. However, if the number of appeared nodules is same

as the number of disappeared nodules in two CT images, then the change rate of the

number of nodules becomes zero. In this case, the similarity calculation of Pattern 3

will be skipped because of Constraint 3. This may be because the proposed method

cannot recognize the non-corresponding nodules.

Third, the existences of other lesions in lungs may potentially influence the matching

performance. The lung lesions such as pneumonia and emphysema usually cause lung

tissue to differ from normal lungs. This may decrease the registration accuracy of two

CT images, and finally influence the nodule matching performance of the proposed

method.
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4.5 Conclusions

In this chapter, we have proposed a novel automated nodule matching method. The

proposed method can automatically find the corresponding nodules for the nodules

that are segmented from follow-up chest CT images.

To compensate for lung deformations the proposed method utilizes rigid registra-

tions and a non-rigid registration processes to co-register follow-up CT images. By

considering the temporal change of nodules, we implement three patterns for the sim-

ilarity calculation of nodules. These three patterns correspond to the matching of nor-

mal nodules, the merged/separated nodules, and the appeared/disappeared nodules,

respectively. The similarity calculation is based on the features including the position of

centroids, diameter, and average intensity of nodules.

The experimental results confirmed that the proposed method is robust to temporal

changes in nodules such as the appearance/disappearance or the merger/separation,

and the proposed method significantly improved the performance of nodule matching

from the previous methods. This enables clinicians to diagnosis nodules by the growth

or assessing the effect of treatment on metastatic lung nodules.

Future work includes (1) further discussion of Pattern 3 to avoid the incorrect

merger, and (2) evaluation by a large number of cases and different nodule segmenta-

tion results.
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Chapter 5

Conclusions and future work

This chapter concludes the accomplishments that have been discussed in this disserta-

tion. The benefits and limitations of the proposed methods are discussed in section 5.2.

and we will also discuss some promising directions for future work to further address

the development of the chest CAD system.

5.1 Summary

This dissertation introduced an automated segmentation method for both solitary

pulmonary nodules (SPNs) and pulmonary vessels. An automated nodule matching

method for assisting the observation of segmented lung nodules was also proposed.

The functions derived from the proposed methods are integrated into our chest CAD

system.

(1) This dissertation has described a Hessian and level set-based methodology for seg-

mentation of both SPNs and vessels (Chapter 3). The proposed method incorpo-

rates the enhancement results of Hessian-based LSE and BSE filters into a level

set scheme to improve the segmentation performance of both nodules and blood

vessels. The previous nodule segmentation methods have good performance in

detecting lung nodules, but usually generate many false positives (FPs). The main

goal of the proposed method is to provide a low number of FPs per case while

keeping high sensitivity. Since the FPs mainly occur in blood vessel regions in the
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initial nodule candidate detection process, the key-point is how to discriminate

between the blood vessels and nodules, especially the vessel-attached nodules. To

deal with such problem, the proposed method incorporates the initial vessel re-

gions and nodule candidates into the front surface propagation (FSP) procedure

to make the front surface cover only the blood vessels with suppression of nod-

ules. Consequently, the regions covered by the front surface are considered as

pulmonary blood vessels, whereas the nodule detection result is obtained by re-

moving nodule candidates covered by the front surface. The results using clinical

chest CT images (40 CT images contains 416 SPNs) showed that the proposed

method functions sufficiently in a chest CAD system.

(2) This dissertation has described a novel method for the automated matching of seg-

mented nodules from follow-up chest CT images (Chapter 4). The proposed auto-

mated nodule matching method can handle the matching of nodules which display

temporal changing, such as merged/separated nodules and appeared/disappeared

nodules. By considering such temporal changes, the proposed method applied

three patterns of similarity calculation, which are utilized to match the normal

nodules, integrated/separated nodules, and appeared/ disappeared nodules, re-

spectively. To compensate for both the inelastic and elastic deformations of follow-

up CT images, the proposed method employed rigid registrations and improved

non-rigid registration procedure. Furthermore, to avoid the incorrect matching

of actual nodules and FPs existing closely in CT images, the proposed method

also utilized the features of average intensities and diameters of nodules for the

similarity measure in addition to position information. Consequently, two nodule

candidates exist closely in CT images, they will not be considered as a matched

pair if their features are totally different. By applying the proposed methods to 14

CT images, very promising nodule matching results were obtained.
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5.2 Benefits and limitations

5.2.1 Benefits

(1) Segmentation of SPNs and blood vessels:

This work for the first time introduces a method that incorporates the enhance-

ment results of Hessian-based LSE and BSE filters into a level set scheme to

improve the segmentation performance of both nodules and blood vessels. The

proposed method can finely separate and segment the SPNs and pulmonary blood

vessels from chest CT images. This enables us to perform further analysis of lung

nodules and vessels, such as matched nodules finding, the analysis of the relation

of nodules and vessels. Also, the segmentation results can be utilized to perform

the surgical navigation. The medical image processing techniques of segmentation

that are developed in this dissertation can be applied to other CAD systems for the

segmentation of tumors, vasculatures, and organs such as liver tumors, vessels,

and airways.

(2) Nodule matching:

This work for the first time introduces a nodule matching method that can ad-

dress the matching of temporarily changed nodules, such as merged/separated

nodules and appeared/disappeared nodules. The experimental results confirmed

that the proposed nodule matching method has a good performance in finding

corresponding nodules, and is robust enough to handle the temporal changes in

nodules. This enables the further analysis of lung nodules, such as malignancy

analysis of lung nodule, effect analysis of treatment based on the nodule growth.

Also, the matching results can be utilized to assist various clinical applications,

such as surgical planning, therapy planning and treatment. The techniques of

nodule matching developed in this dissertation can be applied to match and ob-

serve the other tumors and structures such as liver tumors, lymph nodes, and so

on.
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5.2.2 Potential limitations

Although the proposed methods introduced in this dissertation provide various signifi-

cant improvements over previous methods, both the segmentation method and match-

ing method have their own limitations.

5.2.2.1 Limitations of segmentations

The proposed segmentation methods have three main limitations as follows:

(1) The performance of nodule segmentation depends on the pulmonary vessel seg-

mentation results, and vice versa. The proposed segmentation method aims to

improve the segmentation accuracies of both SPNs and blood vessels by incor-

porating the information of their initial segmentation results. However, if the

segmentation of blood vessels fails, the accuracy of nodule segmentation declines.

(2) The performance of both pulmonary nodule segmentation and blood vessel seg-

mentation depends on the lung extraction accuracy. Since the segmentation pro-

cedures are applied inside the lung areas, the segmentation results of SPNs and

blood vessels will worsen if lung extraction result is insufficient.

(3) The proposed nodule segmentation method is unable to reduce the number of

FPs that are generated in other organs such as bones, chest walls, cardiac area.

Since the proposed method focuses on separating the nodules and blood vessels to

improve the segmentation performance, the FPs generated in blood vessel regions

can be removed. However, several FPs may occur at the bones, chest walls and

cardiac region. The proposed method cannot reduce such FPs.

5.2.2.2 Limitations of nodule matching

The proposed nodule matching method have several potential limitations as follows:

(1) The performance of nodule matching method depends on the segmentation re-

sults. Although the proposed method has good performance in reducing the false
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matching of an actual nodule and an FP, if the segmentation results includes too

many FPs, the generation of such false matching may become unavoidable. On

the other hand, the false negative in the segmentation result may cause the missed

matching of the proposed method.

(2) If the number of appeared nodules is equal to the number of disappeared nodules

in two CT images, the change rate of the number of nodules may become zero.

In this case, the similarity calculation of Pattern 3 (See section 4.2.4.3) will be

skipped. This causes the proposed method to be unable to recognize the non-

corresponding nodules, so that finally leads to the decreasing of nodule matching

rate.

(3) The existences of other lesions in the lungs may potentially influence matching

performance. The other lung lesions such as pneumonia and emphysema usually

causes lung tissue differ from normal lungs. This may decrease the registration

accuracy of two CT images, and finally influence the nodule matching result.

5.3 Future work

5.3.1 Improvement of proposed methods

To solve the limitations described in section 5.2.2, we discuss several promising ideas

in the following:

(1) Improvement of lung extraction:

Both the proposed segmentation and matching methods have to extract lungs

from input chest CT images as a preprocessing. Their performances depend on

the extraction accuracy of the lungs. The current lung extraction method [142]

is widely used for the rough extraction of lungs, but usually insufficient to extract

the edges of the lungs near the chest walls and hilar. Utilization of some precise

structure extraction methods such as graph cuts-based method, level set-based

method may be the good solution for such problem.
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(2) Reduction of the FPs at non-vessel regions of the nodule detection method:

One of the approaches to reduce the FPs generated at non-vessel regions such as

the chest wall and other cardiac regions is to improve the extraction accuracy of

thelungs, which was presented above. Other solutions may focus on the further

reduction of FPs. Utilization of the feature-based machine learning approach or

observation of neighborhood regions of nodule candidates may be sensitive.

(3) Development of a neighborhood features-based FP reduction method:

Since the performance of our proposed nodule segmentation method depends on

blood vessel segmentation, development of a much more robust method is re-

quired. By observing the neighborhood regions of an actual nodule and an FP,

we found that they show totally different profiles. To develop a neighborhood

features-based FP reduction method is desirable.

(4) Precise segmentation of nodule margins:

The proposed method can segment the nodule regions finely. However, in order

to perform the further analysis of nodules, such as the observation of growth rate,

the analysis of malignancy, the precise segmentation of nodule margin regions is

required. Such precise segmentation can be performed by level set-based meth-

ods, water shade-based methods, and so on.

(5) Validation of the proposed methods by a large chest CT database:

Although the proposed methods in this dissertation provides significant improve-

ments over the current methods, further validations by using a larger database

are required. The new experiment results would represent some new problems of

proposed methods, as well as provide new solutions for current problems.

5.3.2 Further development of chest CAD system

For a chest CAD systems, which focus on the computer aided detection and diagnosis

of lung nodule (or lung cancer), the automated segmentations of lung nodules, lung

tissues (blood vessels) and automated nodule matching are very important. However,
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the development of a state-of-the-art chest CAD system, several other functions are also

required.

(1) Segmentation of Ground Glass Opacity (GGO):

Some researches have suggested that the GGO are more likely to be malignant

than the solitary nodule [163]. Hence, to segment and analyze the GGO in the

chest CT image is required for a chest CAD system.

(2) Classification and labeling of pulmonary blood vessels:

The relation of the nodules and blood vessels provides very useful information for

the diagnosis of lung cancer. Benign lung nodules can be caused by blood vessel

abnormalities. Different types of lung cancer may attach to different pulmonary

vessels (e.g.,the adenocarcinoma is usually observed attaches to pulmonary vein).

Furthermore, to understand the anatomic name of the blood vessels that locate

near the lung cancer is important during the surgery. Hence, the classification of

the pulmonary artery and vein, the labeling of each vessel branch are desirable for

the aided diagnosis of lung cancer.

(3) Malignancy analysis of nodule:

Malignancy analysis of lung nodule is very important in the diagnosis of lung can-

cer. By the observation of nodules in CT image, the malignant likely nodule will be

further diagnosed via biopsy. The nodules that are likely benign will be observed

in follow-up CT images, and the ones that have not changed over a period of a

few yeas can be left alone. CAD system that can support the malignancy analysis

of nodule is desirable for lightening the burden of radiologists. Generally,to ana-

lyze the shape, opacity and growth of nodules may provide several advices for the

malignancy analysis.

(4) Quantitative analysis of the treatment effect for lung cancer:

A chest CAD system that can provide the analysis results of treatment effect is

required for treatment planning. Such analysis can be executed by considering
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the relation of the growth, the treatment cycle, and the treatment step of lung

cancer.

(5) Metastatic situation analysis:

Lung cancer tends to spread or metastasize very early, to analysis its metastatic

situation is important. Since lung cancer usually spreads to the lymph nodes or

through the bloodstream to other parts of body [15, 16] the automated segmen-

tation and analysis of lymph nodes is a promising direction for understanding the

metastatic situation.

5.3.3 Other applications

Although the main purpose of our system is to aid in the diagnosis of lung nodules (or

lung cancer), to extent the functions of the developing system to the field of computer

aided surgery (CAS) of lung cancer is also required.

During the lung cancer surgery, visualization of the lesions and lung tissues is help-

ful for the surgeon to perform the surgery much more efficiently and safely. Besides,

during a bronchoscopy, to navigate the the doctors by visualizing the insertion path,

the distance between lesions and the current position of the tip of bronchoscope are

required. This can led to a smooth treatment, reducing the burden on physicians to per-

form the bronchoscopy, and reducing the burden on patients by shortening the time re-

quired for the bronchoscopy. The researches on the visual bronchoscopy and navigated

bronchoscopy have been developed for a long period in our laboratory [164, 165, 166],

and significantly improved in recent years [167, 168]. We confirm that a much more

efficient and effective system can be developed by combining such researches and our

developing chest CAD system.

In the future, we think our developed CAD system will be a multifunctional CAD

system that can be used to diagnose a large number of target organs and diseases. We

believe that our CAD system will be utilized by physicians to provide technical support

during diagnosis and treatment. Also, in the absence of a doctor, our system will allows
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for the automated identification and possible emergency treatment of life-threatening

symptoms. These are quite important for the improvement of the quality of life (QOL)

and make social contributions.
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