Lung nodule detection on thoracic computed tomography images:
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We are developing a computer-aided diagn6GiaD) system for lung nodule detection on thoracic
helical computed tomograph{T) images. In the first stage of this CAD system, lung regions are
identified by ak-means clustering technique. Each lung slice is classified as belonging to the upper,
middle, or the lower part of the lung volume. Within each lung region, structures are segmented
again using weightedk-means clustering. These structures may include true lung nodules and
normal structures consisting mainly of blood vessels. Rule-based classifiers are designed to distin-
guish nodules and normal structures using 2D and 3D features. After rule-based classification,
linear discriminant analysisLDA) is used to further reduce the number of false positive)
objects. We performed a preliminary study using 1454 CT slices from 34 patients with 63 lung
nodules. When only LDA classification was applied to the segmented objects, the sensitivity was
84% (53/63)with 5.48 (7961/1454)FP objects per slice. When rule-based classification was used
before LDA, the free response receiver operating characte(lFROC) curve improved over the
entire sensitivity and specificity ranges of interest. In particular, the FP rate decreased to 1.74
(2530/1454)0bjects per slice at the same sensitivity. Thus, compared to FP reduction with LDA
alone, the inclusion of rule-based classification lead to an improvement in detection accuracy for
the CAD system. These preliminary results demonstrate the feasibility of our approach to lung
nodule detection and FP reduction on CT images.2@2 American Association of Physicists in
Medicine. [DOI: 10.1118/1.1515762]
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I. INTRODUCTION computer-aided diagnosi€AD) can increase the sensitivity

of breast cancer detection in a clinical settthgz’AD may

Lur_]g cancer is the leading cause O_f cancer deaths in thglso be a viable alternative to double reading for detection of
United States.The overall 5-year survival rate for lung can- lung cancer on CT images

cer is 14%. The survival rate increases to 49% if it is local- Because of the potential for CAD to increase the accurac

ized, and decreases to about 2% if it has metastasized. Whilei POte . : y
. of lung cancer detection with helical CT, researchers have

breast, colon, and prostate cancer have seen improved sur-

vival rates between the 1974-1990 time period, there ha%ecently begun to explore CAD methods in this area. In Ja-

been no significant improvement in the survival of patientspfan’ researchers developed a prototype system and reported

with lung cancef This may be due to the lack of a proven Mgh detection sensitivity in an initial evaluatidhl® They
screening test. Periodic screening using CT in prospectivlaJsed glray-level thlresholdlng lto segment the lung rgglonr;
cohort studies has been found to improve stage distributiof/€Xt: Plood vessels and nodules were segmented using the
and resectability of lung canc&f® Initial findings from a  fuzzy clustering method. The artifacts and small regions

baseline screening of 1000 patients in the Early Lung Cancef/€ré reduced by thresholding and morphological operations.
Action Project(ELCAP) indicated that low dose CT can de- Several features were extracted to differentiate t_)gtween the
tect four times more malignant lung nodules than chest x-raf!00d vessels and nodules. Most of the false positive nodule
(CXR), and six times more stage | malignant nodules, whicHandidates were reduced through rule-based classification.
potentially are more treatabfeThe number of images that Lou et al. developed an object-based deformation technique
need to be interpreted in CT screening is high, particularlyfor nodule detection in CT images and initial segmentation
when multi-detector helical CT and thin collimation are On 18 cases was reportéti Fiebich et al'® and Armato
used. The analysis of CT images to detect lung nodules is @t al.*® reported the performance of their automated nodule
demanding task for radiologists. Although CT has a muchdetection schemes on 17 cases. The sensitivity and specific-
higher sensitivity than CXR, missed cancers are not uncomity were 95.7%, with 0.3 false positiv&P) per image in the
mon in CT interpretatioi='° Double reading is being used former study, and 72% with 4.6 FPs/image in the latter.
in a Japanese CT screening program to reduce missed dialjowever, a recent evaluation of the CAD system from the
nosis, but it doubles the demand on radiologists’ time. It hagroup of Fiebichet al!” on 26 CT exams resulted in a much
been demonstrated in mammographic screening thdbwer sensitivity of 30%, at 6.3 FPs per CT study. Armato
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et al¥°recently reported 71% and 70% sensitivity, respec- 25

tively, with 1.5 FPs/image in a data set of 43 cases. They @

used multilevel gray-level segmentation for the extraction of S 20 1 ]

nodule candidates from CT images. Kbal?° developed a b

system that semiautomatically identified nodules, quantified E 15 1

their diameter, and assessed for change in size at follow-up. S -

They reported an 86% detection rate at 2.3 FPs/image in 16 3

CT studies and found that the assessment of nodule size g 5

change by the computer was comparable to that by a thoracic 2 ﬂ ﬂ
radiologist. Hareet al. used template matching techniques to o 15 ol P P P e

detect nodule&! The size and the location of the 2D Gauss- 4 8 12 16 20 24 28
ian templates were determined by the genetic algorithm. The
sensitivity of the system was 77% at a 2.6 FP/image. These
_report_s mdlca_te that qompUte_“_ZEd detection for Iung nOdU|e§|G. 1. Distribution of nodule sizes for our data set. The nodule size was
in helical CT images is promising. However, they also dem-measured by a radiologist on hardcopy CT films as the largest diameter of
onstrate large variations in performance, indicating that thehe nodule in any 2D slice.

computer vision techniques in this area have not been fully

developed. Continued effort will be required to bring the

level acceptable for clinical implementation. the accuracy of computerized detection. Eight of the nodules

We are developing a CAD system for lung cancer detecWere malignant and 55 were benign, as proven by biopsy or
tion on helical CT images. The feasibility of our approachfollow-up. The average, standard deviation, minimum and
was demonstrated in a previous pilot study with 17 cd&es. Maximum nodule sizes on the-y plane slice) were 8.89
In this study, we further designed knowledge-based segmefl™M, 5.66 mm, 2 mm, and 25 mm, respectively. Figure 1
tation techniques to delineate the lung fields and nodule carfhows the distribution of nodule sizes in our data set. As can
didates in different lung regions. False-positive nodules wer&e seen from this histogram, most of the nodules were
reduced by rule-based classification in combination with smaller than 12 mm.
statistical classifier. The computer vision techniques and the
preliminary results for our lung nodule detection system areB. Lung region extraction
detailed in this paper.

Diameter (mm)

The various processing steps in our lung nodule detection
system are shown in Fig. 2. The first step is the extraction of
IIl. MATERIALS AND METHODS the lung regions.

A. Data set CT lung density varies according to the depth of inspira-

We analyzed CT studies from 34 patients containing 145 ion, beam colll_matlon, and calibration of the CT scanner.
. . . . .~ Therefore, we did not use a constéot a range ofthreshold
image slices. The number of CT slices per patient varied

: ; value to segment the lung regions in this study. Instead, an
betwgen 14 and 82 V\.”th a med|.an of 45. These cases We%edaptive scheme was implemented. First, a low threshold
acquired from our patient files with approval from our Insti-

(—800 HU)value was used to exclude the region external to

gjr:g)rizl vﬁfr\g?;vmz?:r?'he'\lg\?etfaeneoa{ tg%fﬁitéen;:rl]?;ewzslgge thorax. The CT values of the mediastinum and lung walls
' g€ ag P fe much higher than that of the air surrounding the patient.

The CT images were acquired using HiSpeed Advantage,, . . .
CT/i and LightSpeedGE Medical Systems: Milwaukee, WI his approximate threshold can successfully separate the sur

scanners. Tube voltage was 120 kVp. Tube current ranged

from 180 mAs t_o 330 mAs. Slice thickness was 5 mm, ex- Prescreening EP reduction
cept for two series for which the thickness was 2.5 mm and

3 mm. Some of the patients had studies with thinner slices. '-U'fjg cT — 2;'32‘;1?;'239;?,"
However, these were not used in this study because CAD S'Ies

systems for lung nodules are currently being considered for 1
screening and a thick-slice protocol is generally preferred for '-‘:i';*ze‘;‘:i“;:“’ 2.0 — 3D
screening large populations. For patient files with repeated l T
exams, only the first CT exam at 5 mm thickness was used. 2D rote.based
The resolution of the images on tixe-y plane varied be- 2-D Segmentation || P ::;[.c?ii?,
tween 0.546 mm and 0.761 mm, depending on the physical T

size of the patient. Each image was 512X512 pixels and the Linear Discriminant
gray level depth was 12 bits. Analysis

A total of 63 lung nodules were marked on the hardcopy

films by an experienced chest radiologist. The number_olee. 2. Schematic illustrating the processing steps in the CT lung nodule
nodules in each case ranged from 1 to 6. The radiologistdetection system.
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When R is decreased, the ratio of the pixels classified as
object pixels increases. The choice®in this study is de-
scribed next.
The characteristics of normal structures such as blood
vessels depend on their location in the lungs. For example,
, the vessels in the middle lung region tend to be large and
' intersect the slices at oblique angles. The vessels in the upper

" lung regions are usually smaller and tend to intersect the
Central Peripheral slices more vertically. In general, the vessels are densely dis-

Subregi Subregi . . .
threion woregion tributed near the hilum and spread out towards the periphery.
®) In order to effectively reduce FP objects, different segmen-
Fic. 3. (a) Original CT image, andb) lung region segmentation, and further tation teChmques,and C'laSSIerI’S ne,ed to be quIQn.Ed. based
partitioning of the lung into central and peripheral subregions. on the characteristics in each region. In this preliminary

study, each lung slice was manually classified as belonging
to the upper, middle, or lower lung volume by considering

rounding air region and the thorax for all cases. Within theWhEther the mediastinum and the diaphragm were visible in

. : . tlhe slice. The ratio threshol® of the k-means clustering
thorax region, the histogram of gray values shows a blmodaaI orithm was adiusted in the uoper. lower. and middle re-
distribution. A k-means clustering technicfifewith a ratio 9 ) bper, '

threshold ofR=1 was used to automatically segment thegions of the lung according to thee priori knowledge about
. L ) the prominence of the normal but bright structures, mainly
lung regions within the thorax. In clustering, only one fea-

. vessels, in each region. In the upper and lower regions,
ture, the pixel gray level value, was used.

. . where the vessels are not very prominent, the value was
After the lung regions were segmented, left and right o . . .
selected as 8.0 after initial experimentation with a small

lungs were detected. The lung region on each slice was furﬁumber of cases. In these two regions, since the fraction of

ther se_par_ated |nto_ central and per_lpheral _subre_g|ons apsixels that are brighter than the surrounding area is not very
shown in Fig. 3. All pixels that are within a 40 pixel distance

. . large, a relatively large number f& worked satisfactorily.
from the edge of the lung were assigned to the penphera}fi the middle region, where the vessels are more prominent,

subreg!on, and the remaining p|x.e|s consptuted the C‘?””"%Ee fraction of bright pixels is larger, and a high value for the
subregion. The central subregion is approximately the h|IumR may result in missed nodules. For this reason, the ratio

This part.monl_ng was later used in rule-based FP rde:t'onthreshold was chosen &=4.0 for the middle region. Lung
as explained in Sec. II D.

nodule segmentation was performed on each individual slice.
The output of the clustering algorithm was a binary image.
Due to the segmentation process, some of the segmented
binary objects, which represented nodule candidates, con-
Once the lung contours were determined, suspiciougained holes. The holes within the 2D binary images were
structures were segmented within the lung regions by a préilled using a flood-filled algorith#f because nodule candi-
screening program. This program performed weighteddates were treated as solid objects.
k-means clustering segmentation with two output classes.
The first class included the lung nodule candidates, and th
second class was the background within the lung region. Th
weightedk-means clustering algorithm was similar to that Some of the nodules adjacent to the ple(iuxta-pleural
we used previously to segment mass from its surroundingodules)may be excluded from the extracted lung regions as
tissue on mammogranis Briefly, in the current application, shown in Figure 4. In our data set, 5 of the 63 nodules were
the image features from both the original image and guxta-pleural nodules. Armatcet al®° used a rolling ball
median-filtered image were used in the formulation of a feaalgorithm to recover these nodules. A two-dimensional circle
ture vector. The median filter had a 5X5 kernel. The Euclid<rolling ball) was moved around the lung contour. When the
ean distances of the feature vector of each pixel from the twaircle touched the contour at more than one point, these
cluster centers were calculated, and the ratio of the two digpoints were connected by a line. In the studies by Kanazawa
tances (distance to background cluster center/distance tet al!? and Ko et al.?’ the curvatures of the lung border
nodule candidate cluster centevas found. If the ratio was were calculated and the border was corrected at locations of
larger than a ratio threshoR, then the pixel was assigned to rapid curvature change by straight lines. In our application, a
the object cluster, otherwise, it was assigned to the backiaovel technique, referred to as thedentation detection
ground cluster. The cluster centers were updated when nemethod, was designed to detect juxta-pleural nodules. First, a
members were included. The procedure was performed itera&losed contour along the boundary of the lung was con-
tively until the cluster centers stabilized. The ratio thresholdstructed using a boundary tracking algorithm. For every pair
R controls the relative numbers of the pixels that are classief pointsP; andP, along this contour, three distances were
fied as background and object pixels.Rfis very large, a calculated. The first two distances, andd,, were the dis-
very small number of pixels are classified as object pixelstances betwee®; and P, measured by traveling along the

C. Lung nodule candidate detection

§. Detection of juxta-pleural nodule candidates
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True
V-shaped nodule
structure Thin long

structure

Fic. 5. Output of the prescreening program. Borders of the detected objects
are marked. A true nodule as well as other normal structures such as blood
vessels are segmented.

Many of the segmented vessels had branchinghapes.
Our second rule was a rectangularity criter{tine area of the
Fic. 4. Alung nodule adjacent to pleura. The segmented lung region marke§€gmented object to its bounding balesigned to eliminate
by the white border excludes the lung nodule. the V-shaped vesse[$ig. 6(b)]

Area of object
contour in the counter-clockwise and clockwise directions, R”_Area of bounding box
respectively. The third distancd,, was the Euclidean dis-
tance, which is the length of the line connectirgandP.
Next, the ratio of the minimum of the first two distances to
the Euclidean distance was calculated

3

Whenever the ratioR,, was lower than a threshold, the
object was considered to be a blood vessel and it was elimi-
nated from further processing. This threshold was experi-
mentally determined as 2.0.
min(d,,d,) The remaining 2D segmented objects were connected
e:d—e' (1) across consecutive CT slices based on a 26-connectivity rule
_ _ to form three-dimensiondBD) objects. In 26-connectivity, a
If this ratio, Re, was greater than a preselected threshold, ;. o| B is connected to a voxe\ if voxel B is any one of the

the lung contour betweeR; andP, was corrected using @ 56 neighboring voxels on ax@8x3 cube centered at voxel
straight line throughP; andP,. The value for this threshold A 22

was chosen as 1.5 in this study. FPs were further reduced using four classification rules

_ regarding the size of the bounding box, the maximum object
E. Rule-based FP reduction circularity, and the relation of the location of the object to its

Figure 5 shows the segmented structures for a sample C¥Z€. These classification rules were designed by using
slice. In this slice, the true lung nodule was segmented alonfjnowledge of the lung structures and nodules, with addi-
with normal lung structure@mainly blood vesselsyith high ~ tonal adjustment of the parameters by experimentation.
intensity values. In most cases, these normal lung structuresh€se rule-based classifiers, like many other classifiers and
could be reduced based on their morphology. Therefore, we€cision thresholds used in CAD systems, would trade-off a
designed rule-based classifiers to distinguish nodules argmall fraction of sensitivity for the reduction of a large num-
blood vessel structures. The first set of two rules was app"eger of FPs. The first two classification rules dictated that the
to image features extracted from the individual 2D CT slicesX @ndy dimensions of the bounding box enclosing the seg-
The first rule was intended to distinguish thin and long ob-mented 3D object had to be larger than 3 pixels. This is
jects, such as vessels, from lung nodules. Each segmented
object was fitted by an ellipse and the ratio of the magr

to minor (b) axis, R, , was calculated ag~ig. 6(a)]
' \
Ry= 2

B .

Whenever this ratioR;, exceeded a threshold, the seg- \

mented object was considered to be a blood vessel and elimi @ ®)
nated from further processing. This threshold was experi-
mentally determined as 3.0. Fic. 6. Examples of segmented vessel structiagthin long, (b) V shaped.
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equivalent to approximately 2 mm in each dimensi@ 0.9 L : : L L
X0.581=1.7 mm for the highest resolution anck(786 0.8

=2.4 mm for the lowest resolutignThis rule was intro- 0.7

duced to remove very small nodule candidates, which are > . |

considered negative in many screening protocols. The third 'S

classification rule was based on circularity because true nod- "% 051

ules are expected to exhibit some circularity. The rule re- ¢ 941 —a— Rule based classification and LDA
quired that the maximum circularity of the cross sections of ¢ 03 —¢— LDAonly -
the segmented 3D object among the slices containing the 0.2 -
object be greater than 0.2. This very lax circularity threshold 0.1 - i
reduced the number of FP structures while not affecting the 0.0 4 . : . . :
detection of any of the true nodules. The fourth rule was 0.0 0.5 1.0 15 2.0 25 3.0

based on the knowledge that 80—-90% of the nodules are . .
peripherally located within the subpleural regions and outer FP Objects/Slice

one-third of the lungé® In a single cohort screening study of Fg. 7. The FROC curves of the combined FP reduction technique and only
1359 patients in Japan by Kane&bal., all 15 cancers found the LDA.

were described as periphefallhe fourth rule eliminated

lung nodule candidates in the central lung region that were _ ) )

smaller than 3 mm in the longest dimension. The four rulest hese features were used as predictor variables in the LDA
were applied after forming 3D objects, therefore small ob-classifier, which was designed using a leave-one-case-out
jects that were part of a nodule would not be eliminated. training and test resampling scheme.

Ill. RESULTS

) ) We have performed a preliminary study to evaluate the
Once 3D objects were formed, the following featuresceqipility of our approach for detection and differentiation

were extracted for each 3D object: volume, surface aredut e nodules and FP structures on thoracic helical CT im-

average gray value; standard deviation, skewness and kurtg-ge& The prescreening stage detected 95%63) of the

sis of the gray value histogram. The volume was calculated),qjes with an average of 12.9 2D objects per slice. The
by counting the number of voxels within the object and mul-nisse nodules were all less than 5 mm and benign. After the

tiplying _this by the unit volume of a voxel. For surfa_\ce areafirst rule-based classification stage, there were a total of 8455
calculation, the voxels along the surface of the object wergn objects, including 90% of the true nodules.

considered. The top and bottom voxels contributed to the top After FP reduction using the rules based on the bounding
and bottom area calculation and the other peripheral voxel§,, gj,e ang circularity, and reduction of small nodule can-
contributed to the side surface calculation. Due to anisotrop}ﬂidates in the central lung region, there were a total of 4247
of CT imaging, areas of these regions should be calculateﬂodule candidates at a sensitivity of 87%6/63). The LDA
separately and then combined to obtain the total surface are@assifier reduced the number of EP objects to 2527, corre-
In addition, area, perimeter, circularity, compactness; majog,ing to 1.742527/1454)FP objects per slice, at a de-
and minor axes and their ratio, and eccentricity of a fittedg i sensitivity of 84%53/63). The free response receiver

ellipse in each cross section of the 3D object were also Calc')perating characteristiEROCY® curve of this combined FP

culated. The maximums of these values were used as theq,ction technique is shown in Fig. 7. This curve was ob-

objects’s 2D feature values. While calculating 2D featuresaineq by varying the detection threshold of the LDA scores
the bit quadsalgorithm was employed to calculate the total 5, calculating the number of FPs and the sensitivity level

area and total perimeter of the 2D objects in a fast maffner. corresponding to that threshold. To demonstrate the advan-

tage of rule-based classification, the lower FROC curve
G. FP reduction using an LDA classifier shows the detection results if only the LDA classifier was
used. When LDA classification alone was applied to the seg-

Afte.r rule-based .c':lassification, a linear discriminantmented objects, the sensitivity was 84%8/63) with 5.48
analysis (LDA) classifier was used to further reduce the(7961/1454)FP objects per slice.

number of FP object® LDA is a statistical method to deter-

mine the dividing boundaries that separate two or more

groups by using a number of features. It can yield the opti—'V' DISCUSSION
mal boundaries on the basis of combination of features. Sev- Rule-based systems usually lack the generalizability prop-
eral widely available statistical packages can be used to peerty and therefore should be carefully used in computer vi-
form LDA. Using a stepwise feature selection proc€sthe  sion applications. In this work, we designed rules to reduce
most discriminating features were determined to be the volthe number of FPs based on knowledge gained from radiolo-
ume, surface area, average and standard deviation of graysts such as the anatomical characteristics and morphologi-
values and the maximum values of the cross sectional areaal features of lung nodulesize, location and shape). We
perimeter, circularity, major and minor axes, and eccentricityattempted to use relatively lax criteria so that they are not too

F. Feature extraction

Medical Physics, Vol. 29, No. 11, November 2002



2557 Gurcan et al.: Computer-aided lung nodule detection system 2557

specific to the data set used. For instance, we know that lung rule-based classifier achieved 84% sensitivity at 1.74 FP/
nodules should exhibit some circularity. By imposing a verysection. Although the number of FPs is still large, the perfor-
low circularity threshold0.2), we reduce the number of FP mance is comparable to those reported by other gr&ups.
structures while not affecting the detection of any of the true In this study, we improved the lung nodule detection sys-
nodules. However, since the data set was small in this praem by using knowledge gained from radiologists such as
liminary study, further work with a larger data set will be anatomical characteristics and morphological features of
required to evaluate the robustness of the rules. lung nodules(size, location, and shapand the characteris-

In the current application, the segmentation was carriedics of normal structures such as blood vessels in different
out in 2D while 3D information was included after the seg-regions of the lungs. We designed rule-based classifiers to
mentation. True 3D segmentation may provide more accuratimcorporate this knowledge into our CAD system, and chose
shapes of the 3D structures. However, it is common to endecision rules based on the anatomical locations. Our results
counter a “leaking” problenti.e., different objects are com- indicate that combining rule-based classification with a sta-
bined into a single set of contiguous voxX&Jsn 3D segmen- tistical classifier can reduce the number of FPs without a
tation. Our 2D vessel reduction ruléSec. 1l D) partially  significant impact on the sensitivity of lung nodule detection,
solved this problem by first eliminating a large number ofin comparison to using a statistical classifier alone, thereby
vessel structures during the 2D analysis before forming 3Deading to an overall improvement in the FROC performance
objects. and the detection accuracy of the CAD system.

While calculating the features for FP reduction in the One of the concerns of using CT for lung cancer screen-
LDA classification step, 2D features were calculated froming is the large number of images that need to be evaluated.
each slice of the objects. It is not appropriate to use all ofThe increased workload on interpretation of CT studies can
these 2D features because not all object slices provide usefbe a potential source of fatigue and error in detecting subtle
information. For example, the top and the bottom slices of atesions. When fully developed, a CAD system can bring sev-
object might be very small. Features based on these small 28ral benefits to lung cancer screening. A CAD system may
structures may not represent the general characteristics ofimprove the sensitivity of cancer detection, reduce oversight
nodule. Therefore, the maximum of each 2D feature amongrrors, and decrease inter- and intra-reader variations.
all slices of the 3D object was employed in the feature space
for FP reduction. Future extension of the 3D features will
include 3D shape descriptors such as sphericity, smoothness
of the 3D object surface, branching and connectivity in 3p ACKNOWLEDGMENTS
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