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Abstract: '®F-fluorodeoxyglucose integrated positron emission tomography and computed tomography (PET/CT)
have been extensively used for evaluation of lung tumor. Traditional lung segmentation algorithm have not
considered the detection of juxta-pleural nodules or large mass sufficiently and have segmented lung inaccurately.
In this study, we developed a novel fully automated lung segmentation and lung tumor extraction algorithm for
BF_FDG PET/CT images in patients with lung cancer. The algorithm consisted of initial lung segmentation,
adaptive maximum intensity projection, tumor extraction, and optimal lung segmentation. The validation of the
algorithm was accomplished by comparing automated analysis results to the manual analysis results. The dice
similarity coefficient, Jaccard index and accuracy of lung segmentation performance were 98.2 %, 96.6 % and
99 %, respectively. In extraction of lung tumor, sensitivity, specificity and accuracy were 87.9 %, 89.9 % and
88.5 %. Our automated algorithm for '®F-FDG PET/CT images performed lung segmentation and lung tumor
extraction effectively in patients with lung cancer.

Keywords: Lung segmentation, Lung tumor extraction, Adaptive maximum intensity projection, Seed-based

region growing.

1. Introduction

Lung cancer deaths constitute the largest portion of
all deaths in Korea and have been further increasing
year by year [1]. Mortality from lung cancer is one of
the highest mortality rates among cancer related death
[2]. The cure rate for lung cancer is relatively high if
it is detected early and surgery is performed, and
therefore early detection of lung cancer is crucial.

Non-invasive diagnostic imaging tests commonly
used for diagnosis of lung cancer include computed
tomography (CT) and positron emission tomography
(PET). In particular, the diagnostic yield of cancer has
been greatly improved since the introduction of
PET/CT scanner, which combines CT and PET
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scanners to provide the body’s anatomic and metabolic
information [3-5]. With increased amount of PET/CT
imaging, however, imaging analysis workload for
physicians is growing and cases of nondetection,
misdetection, and misinterpretation are increasing. To
address these problems, computer aided detection
(CADe) and computer aided diagnosis (CADx)
technologies may be used. CADe and CADx
technologies not only reduce image interpretation time
but also enhance consistency of analysis and aid
doctors make the final diagnosis through quantitative
analysis results. In recent years, studies of CADe and
CADx technologies, with the aim to assist doctors
interpret images and make decisions, are continuously
being reported [6-8].
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However, CADe and CADx technologies
developed up to now had inaccuracy issues, and
interpretation results varied depending on the
physician’s condition or proficiency in many cases [9].
In addition, CADe and CADx showed limitations in
detecting juxtapleural or relatively large lung tumors
[10]. Thus, our study aimed to develop a fully
automated lung segmentation and lung tumor
extraction algorithm for '8F-FDG PET/CT images.

2. Materialsand Methods
2.1. Patients

Twenty patients who underwent '*F-FDG PET/CT
for staging prior to surgery at our institution were
retrospectively reviewed. Patients with history of
cancer (other than lung cancer), anatomical
abnormalities of the chest, pneumonectomy, or
pulmonary inflammatory lesion, as well as patients
who underwent lung surgery or received radiotherapy
or cancer therapy prior to PEC/CT scan were excluded
from the study. This study was approved by the
institutional review board of our institution.

2.2. PET/CT Image

All patients fasted for at least six hours, were
adequately hydrated (approximately 1 L), and normal
blood glucose levels (less than 180 mg/dL) were
confirmed before undergoing PET/CT (Biograph
mCT-64, Siemens Healthcare, Knoxville, TN)
imaging.  Sixty minutes after intravenous
administration of "®F-FDG (4.0 MBq per kg), CT
transmission scan was acquired first, followed by PET
emission scan with acquisition time of 2 minutes per
bed position. The PET images were reconstructed
using the OSEM algorithm (4 iterations, 8 subsets) and
corrected for attenuation using the CT images.
PET/CT images at five to six bed positions covering
the area from the base of the cranium to femoral
middle of the thigh were acquired. The CT and PET
images used had the same slice thickness and
resolutions of 512x512 and 128x128, respectively.

PET/CT images were interpreted independently by
two experienced nuclear medicine physicians and the
results with consensus reading of the two physicians
were analyzed. The results of a fully automated lung
tumor extraction algorithm were compared with the
manually identified positions of the lung tumors by the
nuclear medicine physicians.

2.3. Image Preprocessing Steps

When reconstructing CT images, the intensity
value of the void space in an image is not 0 and creates
noise, and the table supporting the patient is present in
the image. The noises are processed as 0 intensity by

thresholding and the thin table supporting the patients
is removed using the predefined location data of
the table. The Fig 1 shows the diagram.
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Fig. 1. Diagram of entire process. CT, computed
tomography; PET, positron emission tomography; AMIP,
adaptive maximum intensity projection; SUV, standardized
uptake value.

2.4. Threshold-based Initial Lung
Segmentation

For initial lung segmentation, a median filter size
of 5 was applied, and then pixels were assigned a
binary value using the Otsu algorithm with the
threshold value of 0.2 (Fig. 2).

Fig. 2. The threshold-based lung segmentation.
(A) Original the computed tomography image,
(B) result of initial lung segmentation.

The constructed binary image of initial lung
segmentation was used to calculate the adaptive
maximum intensity projection (AMIP) and define
initial seed points for the seed-based region
growing algorithm, which is used for optimal
lung segmentation.
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2.5. Adaptive Maximum Intensity Projection

In '8F-FDG PET images, high standardized uptake
values (SUV) are observed in not only lung tumors but
also other organs. In this study, we devised an adaptive
maximum intensity projection (AMIP) technique in
order to accurately extract lung tumor candidates.
Conventional maximum intensity projection (MIP) is
a technique that projects the three-dimensional volume
data with maximum intensity onto a horizontal two-
dimensional plane. Here, from the given frame (n), the
binarized initial lung segmentation of other frames
(n-3, n-2, n-1, n, nt+1, n+2, nt+3) was projected onto
the horizontal two-dimensional plane. The result
image on the horizontal two-dimensional plane is used
for extracting lung tumor candidates from the *F-FDG
PET images. When optimal lung segmentation is
completed in the given frame, the result image is used
as the previous frame (n-1) in the AMIP calculation
step of the next frame (n+1). AMIP results in two-
dimensional images onto which optimal lung
segmentation results are repeatedly obtained (Fig. 3).
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Fig. 3. Diagram of AMIP processing. The diagram is
configured as two process blocks. The first block is AMIP
processing of initial lung segmentation. The second block is
process of optimal lung segmentation. The I(n) is input
image, the AMIP(n) is result of AMIP processing in the
current frame, and the L(n) is result of optimal lung
segmentation. The L(n) is fed back to the first block and the
next frame (n+1) is processed. AMIP, adaptive maximum
intensity projection; I, input image; L, result of optimal
lung segmentation

2.6. Lung Tumor Candidate Extraction
from PET/CT Images

Standardized uptake value (SUV) is a value that
quantitatively represents the amount of glucose uptake
of cancer cells after '®F-FDG distribution in "*F-FDG
PET image [11]. In addition, SUV represents the ratio
of radioisotope uptake of a tumor tissue to the
radioisotope uptake of normal tissues and may be used
to distinguish between benign and malignant nodules.
It is defined as expression (1).
radiactivity concentration per gram of tumor (mTCl)

dose(mCi) )
patientbodyweight 9

SUV =

(1

total injected

Tumors have relatively higher SUVs on *F-FDG
PET images. In this study, we calculated SUVs from
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BE_FDG PET images in order to extract lung tumor
candidates and used the Otsu algorithm with threshold
of 0.75 for binarization of the pixels. However, in
addition to tumors, relatively high SUVs were also
observed in the liver and heart.

Lung tumor candidates were identified from the
binarized SUV results by using jaccard index between
the binarized SUV results and AMIP. Here, jaccard
index represents the degree to which the binarized
SUV results overlap with the AMIP region. Jaccard
index values greater than 0.85 were defined as the final
lung tumor candidates. The expression for jaccard
index calculation is defined as (2).

Ji- (AMIP n BR)

R ,if JI > 0.85, BR is Candidate  (2)

here, JI is the jaccard index, AMIP is the adaptive
maximum intensity projection, and BR is the binarized
SUV result value. We compared the AMIP region with
the CT and '8F-FDG PET images (Fig. 4).

Fig. 4. The comparison results between PET/CT
image and AMIP. (A) PET/CT image, (B) Threshold-
based tumor candidate extraction, (C) comparison
result between CT and AMIP (yellow), (D)
comparison result between SUV and AMIP (yellow).
PET/CT, '8F-fluorodeoxyglucose integrated positron
emission tomography and computed tomography; CT,
computed tomography; AMIP, adaptive maximum
intensity projection; SUV, standardized uptake value.

The shapes of lung tumor candidates extracted
based on the SUV threshold value do not include the
anatomical structure characteristics. In order to detect
the accurate shape of tumors, the positional
information of the lung tumor candidates were set as
seed points and seed-based region growing was
performed in the AMIP region of the CT images, with
1.5 times the major axis defined as the maximum
growing distance from the initial seed points.
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2.7. Optimal Lung Segmentation

For accurate segmentation of lung and lung cancer,
seed-based region growing algorithm was used. When
employing the region growing method, initial seed
points, threshold value, and maximum distance from
the initial seed points are specified by the user and the
regions are grown to adjacent regions depending on
those initial criteria. In order to perform region
growing automatically, pixel values similar to the lung
region in the binarized initial lung segmentation were
randomly sampled and coordinates of those pixels
were extracted. The extracted coordinates were
defined as initial seed points.

When performing region growing on images
where tumors are present in the lung, the lung region
is incompletely segmented due to the differences in
pixel value between the lung region and tumor. In
order to overcome this issue, tumors were extracted
from the CT images first, and the pixels of the
extracted tumors were changed to the values similar to
those of the lung region before performing region
growing (Fig. 5).

Fig. 5. The result of optimal lung segmentation.
(A) Delineation result of tumor segmentation (red) and
initial lung segmentation (blue), and the yellow arrow
is boundary of two contours. (B) Result of optimal
lung segmentation (yellow) wusing seed-based
region growing.

2.8. Algorithm Verification

In this study, we calculated and compared the dice
similarity coefficient (DSC), jaccard index, and
accuracy (AC) between the segmentation results of the
fully automated lung segmentation algorithm and
manual analysis in order to assess the performance of
the fully automated lung segmentation. Closer the
values of DSC, JI, and AC are to 100%, more similar
the results of automated lung segmentation and
manual lung segmentation. Here, the DSC is defined
as expression (3).

lAnM|
DSC=2—

lAl+IMP 3)
here, A indicates the automated segmentation result,
while M indicates the manual segmentation result. In
order to calculate the accuracy, a method designed by

Udupta, et al. was used [11]. Accuracy, true positive
(TP), true negative (TN), false positive (FP), and false
negative (FN) are defined as expression (4).

TP = |AnM|
M|
oy =1auM]
1] = M|
|M — Al
FP = —— , 4
=1 @
FN = [M — Al
M
(TP +TN)
Accuracy =

(TP + FP + TN + FN)

here, A indicates the automated segmentation results,
B indicates the manual segmentation results, and I
indicates the size of the image. In order to assess the
performance of the lung tumor extraction result, two
experienced nuclear medicine physicians
independently interpreted the images, and the
manually identified lung tumor positions, which were
based on consensus reading of the two physicians,
were compared to the positions of tumors extracted by
fully automated lung tumor extraction algorithm. For
the comparison, the sensitivity, specificity, positive
predictive value, negative predictive value, and
accuracy of the two approaches were calculated using
confusion matrix and were presented in a diagram.

3. Reaults

In order to develop a fully automated lung
segmentation and lung tumor extraction algorithm for
PET/CT images, we selected final lung tumor
candidates from the initial lung segmentation by
comparing AMIP with lung cancer candidates using
the jaccard index and extracted lung tumors using
seed-based region growing. We successfully
developed an optimal lung segmentation and lung
tumor extraction algorithm by changing the pixels of
the extracted lung tumors to pixel values similar to
those of the lung region and performing a seed-based
region growing again in the lung region.

We compared the manual lung segmentations of
the 264 frames of '8F-FDG PET/CT images obtained
from 20 patients with lung cancer with the results of
the automated lung segmentation. The comparison
showed DSC of 98.2 %, JI of 96.6 %, and AC of 98.8 %
(Table 1).

Table 1. Performance of lung segmentation algorithm.

DSC | JI TP | TN | FP | FN | AC
982 | 96.6 | 97.8 | 99.9 | 0.08 | 2.0 | 98.8
(£0.8) | (£1.5) [ (£1.7) | (£0.1) | (£0.1) | (£1.7) | (£0.8)

DSC, dice similarity coefficient; JI, jaccard index; TP,
true positive; TN, true negative; FP, false positive; FN,
false negative; AC, accuracy.
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In order to evaluate the lung tumor extraction
performance, the 933 frames of PET/CT images
obtained from 20 patients with lung cancer were used
for performance comparison analysis. The analysis
showed that the fully automated approach had
specificity of 89.9 %, sensitivity of 87.9 %, positive
predictive value of 75.9 %, negative predictive value
0f 95.3 %, and accuracy of 88 % (Table 2).

Table 2. Confusion matrix of tumor extraction algorithm.

Prediction
n=933 Positive | Negative Measure
True 250 28 Specificity=88 %
s
Reality i/?lse 79 576 |Sensitivity=90 %
sii PPV=76 %[NPV=95 %| Accuracy=89 %

NPV, negative predictive value; PPV, positive predictive
value; n, total frames.

Fig. 6 sequentially depicts the lung tumor
extraction and lung segmentation result of the PET/CT
image of an individual.

Fig. 6. The result of optimal lung segmentation.
(A) Delineation result of tumor segmentation (red) and
initial lung segmentation (blue), and the yellow arrow
is boundary of two contours. (B) Result of optimal
lung segmentation (yellow) using seed-based region
growing.

4. Discussion

In this study, we proposed a fully automated lung
segmentation and lung tumor extraction algorithm.
Traditional lung segmentation approaches had an issue
of incomplete lung segmentation due to presence of
juxtapleural tumors. This issue was resolved by using
8F-FDG PET images to extract lung tumor candidates
and AMIP in CT images. A SUV threshold was used
for the '8F-FDG PET images to acquire a binary image,
from which lung tumor candidates were extracted. The
final lung tumor candidates were selected by
calculating jaccard index between the extracted tumor
candidates and AMIP results of CT images. The
shapes and positions of the lung tumors in the AMIP
region of CT images were extracted through seed-
based region growing by using the positions of the
final lung tumor candidates in the "F-FDG PET
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images [13]. The shape of tumors extracted from the
CT image were changed into pixel values similar to
those of the lung region and seed-based region
growing was applied again for the optimal lung
segmentation. The accuracy of lung segmentation and
lung cancer extraction of this study’s fully automated
algorithm was 98.8 % and 88.5 %, respectively,
demonstrating that this algorithm is highly effective.

PET/CT is of value in differentiating the
malignancy and benignity of lung nodule or mass
when solitary lung nodule or mass without
calcification are observed on chest x-rays or CTs.
8F-FDG PET has a very high sensitivity (97 %) and
moderate specificity (78 %) for differential diagnosis
of lung nodules or masses [14]. If a patient with lung
tumor has a positive PET/CT result, tissue biopsy or
pneumonectomy is performed, while patients with
negative PET/CT result are clinically followed-up. In
the diagnosis process for patients with lung cancer,
advanced medical imaging technologies, such as CT,
MRI, or PET, have been used historically. However,
the medical imaging is becoming increasingly more
complex, making it difficult to make accurate
diagnosis of patients using the conventional approach.
Moreover, physicians’ interpretation varied for
patients with the same disease depending on the
physician’s image interpretation skill. With the recent
advances in scientific techniques, there have been
many attempts of employing computer aided diagnosis
for interpreting medical data, such as CT, MRI, and
BF-FDG PET images [15-16]. These CADe and
CADx technologies may aid radiologists or nuclear
medicine physicians in interpreting CT or '*F-FDG
PET images. The use of CADe technology for the
diagnosis of PET/CT images of patients with lung
cancer not only helps to make accurate diagnosis and
decisions of treatment course but also is expected to
be of significant socio-economic value.

In order to evaluate the fully automated lung
segmentation  algorithm, the automated lung
segmentation was compared with results obtained by
manual lung segmentation from two experienced
nuclear medicine physicians. The jaccard index was
96.6 %, dice similarity coefficient was 98.2 %, and
accuracy was 98.8 %. The comparison analysis results
showed that the jaccard index, dice similarity
coefficient, and accuracy were close to 100 %,
indicating the results of manual lung segmentation and
automated lung segmentation are substantially similar.

The performance of the automated lung cancer
extraction algorithm was assessed by comparing a
total of 933 frames of PET/CT images with the results
of lung tumor positions extracted by two nuclear
medicine physicians. The comparison showed that
250 frames were true positives, 28 frames were true
negatives, 79 frames were false positives, and
576 frames were false negatives. It is speculated that
the main reason for true negatives was that the lung
tumor candidates were not accurately extracted during
the threshold-based tumor candidate extraction
process as the SUV of the lung tumors was relatively
too low compared to those of other tissues in the
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BF_FDG PET images. The main reason for false
positives is thought to be due to the failure of
extracting lung tumors accurately from the jaccard
index between the AMIP and lung tumor candidates.
A number of studies have been reported that
investigated CT image-based segmentation of the
lungs with tumors in the lung region or shallowly
attached juxtapleural tumors [17-20]. In addition, most
of the studies on PET/CT imaging are focused on
extraction of lung nodules or tumors using SUVs of
BF_FDG PET images [6, 21]. However, almost no
studies have investigated the use of PET/CT images
for lung segmentation for cases where large lung
tumors, are attached to the pleuraec and make it
difficult to delineate the boundaries of the lungs. The
jaccard index reported in the studies by Wei et al. and
Shen et al., which investigated lung segmentation
methods that include juxta-pulmonary nodules, was
95.24 % and 97.3 %, respectively. Although the
jaccard index of our study (96.6 %) is similar to the
two previous studies, our algorithm has strength that it
may be used for optimal lung segmentation in cases
where large lung tumors are attached to the pleurae.
There are two limitations to this study. First, this
study verified data from a small number of patients.
Second, as the lung tumor extraction is entirely
dependent upon SUVs of PET images, tumors fail to
get extracted if SUV is not observed in the
corresponding tumors that are detected in the CT
image. In future studies, we aim to optimize the
algorithm proposed in this study to reduce the false
positive rate of lung tumor extraction and apply it to
more PET/CT datasets to confirm statistical
significance with manual segmentation results.

5. Conclusion

In this study, we developed a fully automated lung
segmentation and lung tumor extraction algorithm for
PET/CT images. Traditional lung segmentation
approaches had an issue of incomplete lung
segmentation due to presence of juxtapleural tumors.
In order to overcome this issue, we proposed an
algorithm that employs the AMIP and seed-based
region growing methods. The DSC between the results
from the proposed algorithm and manual segmentation
was 98.2 %, demonstrating the algorithm is highly
effective. We expect this algorithm to aid physicians
in interpreting images and making decisions by
providing real-time, fully automated interpretation of
lung segmentation and lung tumor position.
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