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(7) ABSTRACT

A method, system, and computer program product for
detecting at least one nodule in a medical image of a subject,
including identifying, in the medical image, an anatomical
region corresponding to at least a portion of an organ of
interest; filtering the medical image to obtain a difference
image; detecting, in the difference image, a first plurality of
nodule candidates within the anatomical region; calculating
respective nodule feature values of the first plurality of
nodule candidates based on pixel values of at least one of the
medical image and the difference image; removing false
positive nodule candidates from the first plurality of nodule
candidates based on the respective nodule feature values to
obtain a second plurality of nodule candidates; and deter-
mining the at least one nodule by classifying each of the
second plurality of nodule candidates as a nodule or a
non-nodule based on at least one of the pixel values and the
respective nodule feature values. True-positive nodules are
identified using linear discriminant analysis and/or a Multi-
MTANN.



Patent Application Publication Aug. 4,2005 Sheet 1 of 26 US 2005/0171409 A1

FIG. 1

I
Iy
- [{e]
N
& O
o U
0 -
3 3
N
2 0 &
m O =
] £
£
g
|
(-]
- 2
]
E
] 8
I -
vw
- 2
i
3
=
w
| o
-
©

0 © ¥ N O o v < N O
- - -

o
N - -

SJ92Ued JO JaqWINN



START
P

Obtain LDCT image

202
e

Calculate difference image from nodule-
enhanced and nodule-suppressed images

2035
/

Perform segmentation of the
lung region

203
/

Determine nodule candidates using
multiple thresholding and region-growing

206
/

Produce nodule-enhanced
image

204

Eliminate false-positive nodule
candidates using rule-based schemes

207
/

Produce nodule-suppressed
image

FIG. 2A

Eliminate false-positive nodule
candidates using MulttMTANN or LDA
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Difference image

FIG. 3
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Inside region

FIG. 4A

Outside region
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FIG. 4B

Outside region
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AUTOMATED METHOD AND SYSTEM FOR THE
DETECTION OF LUNG NODULES IN LOW-DOSE
CT IMAGE FOR LUNG-CANCER SCREENING

BACKGROUND OF THE INVENTION
[0001] Field of the Invention

[0002] The invention relates generally to the computer-
ized, automated assessment of computed tomography (CT)
scans or images, and more particularly, to methods, systems,
and computer program products for detecting lung nodules
in low-dose helical CT scans of the thorax to assess lung
cancer.

[0003] The present invention also generally relates to
computerized techniques for the automated analysis of digi-
tal images, for example, as disclosed in one or more of U.S.
Pat. Nos. 4,839,807, 4,841,555, 4,851,984; 4,875,165;
4,907,156, 4,918,534; 5,072,384; 5,133,020, 5,150,292,
5,224,177, 5,289,374; 5,319,549; 5,343,390; 5,359,513;
5,452,367, 5,463,548; 5,491,627, 5,537,485; 5,598,481,
5,622,171; 5,638,458; 5,657,362; 5,666,434; 5,673,332,
5,668,888; 5,732,697; 5,740,268; 5,790,690; 5,832,103
5,873,824; 5,881,124; 5,931,780; 5,974,165; 5,982,915;
5,984,870, 5,987,345; 6,011,862; 6,058,322; 6,067,373,
6,075,878, 6,078,680; 6,088,473; 6,112,112; 6,138,045;
6,141,437, 6,185,320, 6,205,348; 6,240,201; 6,282,305;
6,282,307, 6,317,617, 6,335,980; 6,363,163; 6,442,287,
6,466,689; 6,470,092, as well as U.S. patent application Ser.
Nos. 09/692,218; 09/759,333; 09/760,854; 09/773,636;
09/816,217; 09/830,562; 09/830,574; 10/120,420; 10/292,
625; 10/301,836; 10/358,337; 10/360,814; and 10/366,482,
all of which are incorporated herein by reference.

[0004] The present invention includes use of various tech-
nologies referenced and described in the above-noted U.S.
patents and Applications, as well as described in the refer-
ences identified in the following LIST OF REFERENCES
by the author(s) and year of publication, and cross-refer-
enced throughout the specification by reference to the
respective number, in brackets, of the reference:

LIST OF REFERENCES

[0005] 1. M. Kaneko, K. Eguchi, H. Ohmatsu, R. Kaki-
numa, T. Naruke, K. Suemasu, and N. Moriyama,
“Peripheral lung cancer: screening and detection with
low-dose spiral CT versus radiography,” Radiology
201, 798-802 (1996).

[0006] 2. S. Sone, S. Takashima, F. Li, Z. Yang, T.
Honda, Y. Maruyama, M. Hasegawa, K. Kubo, K.
Hanamura, and K. Asakura, “Mass screening for lung
cancer with mobile spiral computed tomography scan-
ner,” Lancet 351, 1242-1245 (1998).

[0007] 3. S. Diederich, H. Lenzen, R. Windmann, Z.
Puskas, T. M. Yelbuz, S. Henneken, T. Klaiber, M.
Eameri, N. Roos, and P. E. Peters, “Pulmonary nodules:
experimental and clinical studies at low-dose CT,”
Radiology 213, 289-298 (1999).

[0008] 4. C. 1. Henschke, D. I. McCauley, D. F.
Yankelevitz, D. P. Naidich, G. McGuinness, O. S.
Miettinen, D. M. Libby, M. W. Pasmantier, J. Koizumi,
N. K. Altorki, J. P. Smith, “Early lung cancer action
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project: overall design and findings from baseline
screening,” Lancet 354, 99-105 (1999).

[0009] 5. T. Nawa, T. Nakagawa, S. Kusano, Y.
Kawasaki, Y. Sugawara, and H. Nakata, “Lung cancer
screening using low-dose spiral CT: Results of baseline
and 1-year follow-up studies,” Chest 122, 15-20
(2002).

[0010] 6.S.Yamamoto, I. Tanaka, M. Senda, Y. Tateno,
T. linuma, and T. Matsumoto, “Image processing for
computer-aided diagnosis of lung cancer by CT
(LSCT),” Systems and Computers in Japan 25, 67-79
(1994).

[0011] 7. H. Jiang, S. Yamamoto, S. lisaku, M. Matsu-
moto, Y. Tateno, T. linuma, and T. Matsumoto, “Com-
puter-aided diagnosis system for lung cancer screening
by CT,” in Computer-Aided Diagnosis in Medical
Imaging edited by K. Doi et al., pp. 125-130 (1999).

[0012] 8. Y. Ukai, N. Niki, H. Satoh, K. Eguchi, K.
Mori, H. Ohmatsu, R. Kakinuma, M. Kaneko, and N.
Moriyama, “Computer aided diagnosis system for lung
cancer based on retrospective helical CT image,” Proc.
SPIE 3979, 1028-1039 (2000).

[0013] 9.S. G. Armato III, M. L. Giger, C. J. Moran, J.
T. Blackburn, K. Doi, and H. MacMahon, “Computer-
ized detection of pulmonary nodules on CT scans,”
RadioGraphics 19, 1303-1311 (1999).

[0014] 10. S. G. Armato III, M. L. Giger, and H.
MacMahon, “Automated detection of lung nodules in
CT scans: Preliminary results,” Med. Phys. 28, 1552-
1561 (2001).

[0015] 11. S. G. Armato III, F. Li, M. L. Giger, H.
MacMabhon, S. Sone, and K. Doi, “Lung cancer: Per-
formance of automated lung nodule detection applied
to cancers missed in a CT screening program,” Radi-
ology 225, 685-692 (2002).

[0016] 12. D. Wormanns, M. Fiebich, M. Saidi, S.
Diederich, and W. Heindel, “Automatic detection of
pulmonary nodules at spiral CT: clinical application of
a computer-aided diagnosis system,” Eur. Radiol. 12,
1052-1057 (2002).

[0017] 13. M. N. Gurcan, B. Sahiner, N. Petrick, H. P.
Chan, E. A. Kazerooni, P. N. Cascade, and L. Hadjiiski,
“Lung nodule detection on thoracic computed tomog-
raphy images: Preliminary evaluation of a computer-
aided diagnosis system,” Med. Phys. 29, 2552-2558
(2002).

[0018] 14. M. S. Brown, J. G. Goldin, R. D. Suh, M. F.
McNitt-Gray, J. W. Sayre, and D. R. Aberle, “Lung
micronodules: Automated method for detection at thin-
section CT—Initial experience,” Radiology 226, 256-
262 (2003).

[0019] 15. M. L. Giger, K. Doi, and H. MacMahon,
“Image feature analysis and computer-aided diagnosis
in digital radiography: automated detection of nodules
in peripheral lung fields,” Med. Phys. 15, 158-166
(1988).

[0020] 16. M. L. Giger, K. Doi, H. MacMahon, C. E.
Metz, and F. F. Yin, “Pulmonary nodules: Computer-

aided detection in digital radiography,” RadioGraphics
10, 41-51 (1990).
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[0021] 17. X. W. Xu, K. Doi, T. Kobayashi, H. Mac-
Mahon, and M. L. Giger, “Development of an
improved CAD scheme for automated detection of lung
nodules in digital chest images,” Med. Phys. 24, 1395-
1403 (1997).

[0022] 18. S. Sone, S. Takashima, F. Li, Z. Yang, T.
Honda, Y. Maruyama, M. Hasegawa, T. Yamada, K.
Kudo, K. Hanamura, K. Asakura, “Mass screening for
lung cancer with mobile spiral computed tomography
scanner,” Lancet 351, 1242-1245 (1998).

[0023] 19.F. Li, S. Sone, H. Abe, H. MacMahon, S. G.
Armato III, and K. Doi, “Lung cancers missed at
low-dose helical CT screening in a general population:
comparison of clinical, histopathologic, and imaging
findings,” Radiology 225, 673-683 (2002).

[0024] 20.N. Otsu, “A threshold selection method from
gray level histograms,” IEEE Trans. Syst., Man. &
Cybern., SMC-9, 62-66 (1979).

[0025] 21. M. P. de Carmo, Differential geometry of
curves and surfaces, Prentice Hall Inc., Englewood
Cliffs, N.J. (1976).

[0026] 22. K. Suzuki, S. G. Armato III, S. Sone, and K.
Doi, “Massive training artificial neural network for
reduction of false positives in computerized detection
of lung nodules in low-dose CT,” Med. Phys. 29, 1322
(2002) (abstract).

[0027] 23. K. Suzuki, S. G. Armato III, F. Li, S. Sone,
K. Doi, “Computer-aided diagnostic scheme for detec-
tion of lung nodules in CT by use of massive training
artificial neural network,” Radiology 225(P), 533
(2002) (abstract).

[0028] 24. K. Suzuki, S. G. Armato III, F. Li, S. Sone,
and K. Doi, “Massive training artificial neural network
(MTANN) for reduction of false positives in comput-
erized detection of lung nodules in low-dose CT,”
(2003) (submitted to Med. Phys.).

[0029] 25. K. Suzuki, S. G. Armato III, F. Li, S. Sone,
K. Doi, “Effect of a small number of training cases on
the performance of massive training artificial neural
network (MTANN) for reduction of false positives in
computerized detection of lung nodules in low-dose
CT,” SPIE Proc. 5032 (2003) (in press).

[0030] 26. M. Aoyama, Q. Li, S. Katsuragawa, H.
MacMahon, and K. Doi, “Automated computerized
scheme for distinction between benign and malignant
solitary pulmonary nodules on chest images,” Med.
Phys. 29, 701-708 (2002).

[0031] 27.R. A. Johnson and D. W. Wichern, Applied
Multivariate Statistical Analysis (Prentice-Hall, Engle-
wood Cliffs, N.J., 1992), Sec. 5.3, pp. 184-188.

[0032] 28. B. Sahiner et al., “Computerized character-
ization of masses on mammograms: The rubber band
straightening transform and texture analysis,” Med.
Phys. 24, 516-526 (1998).

DISCUSSION OF THE BACKGROUND

[0033] Low-dose helical computed tomography (LDCT)
screening is regarded as one of the most promising tech-
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niques for the early detection of lung cancer [1-5]. More-
over, it has been reported that CT images are superior to
chest radiographs for detecting peripheral lung cancers [1].
However, it is a difficult and time-consuming task for
radiologists to detect subtle lung nodules in a large number
of CT slices for lung cancer screening. Thus, computer-
aided diagnostic (CAD) schemes using LDCT are needed to
assist radiologists in screening for cancer.

[0034] A number of investigators [ 6-14] have attempted to
develop CAD schemes for the computerized detection of
lung nodules by using various methods and techniques. In an
early attempt, Yamamoto et al. [6] developed a CAD system
for lung cancer screening with LDCT based on a morpho-
logical filter (“Quoit filter”), and, using this technique, Jiang
et al. [7] reported 100% sensitivity with 0.14 false positives
per slice for 82 cases (2,160 slices), including 21 cancers.
Ukai et al. [8] developed a prototype CAD system for the
automated detection of suspicious regions from LDCT
images by using a fuzzy clustering method and reported a
sensitivity of 95%, although the number of false positives
was not reported. Armato et al. [9-10] reported a comput-
erized method for the detection of lung nodules in helical CT
scans based on two-dimensional and three-dimensional
analyses of the image data. In addition, Armato et al. [11]
evaluated the performance of the CAD system for a database
of low-dose CT scans with 38 cancers that may have been
“missed” in a screening program; the CAD system correctly
detected 84% of all cancers with 1.0 false positives per slice.

[0035] Wormanns et al. [12] reported the evaluation of a
CAD workstation with an automatic detection algorithm of
pulmonary nodules with low-dose helical CT in a clinical
setting for early detection of lung cancer; the sensitivity for
88 CT examinations was 38% with about 5.8 false positives
per scan. Recently, Gurcan et al. [13] reported a preliminary
evaluation of a CAD system for lung nodule detection on
helical CT images; the scheme was based on weighted
k-means clustering segmentation, and the sensitivity was
84% with 1.74 false positives per slice. Brown et al. [14]
developed an automated system for detecting lung micron-
odules on thin-section CT images based on three-dimen-
sional segmentation by use of a model of lung nodules and
intrathoracic anatomy, and reported a sensitivity of 100% for
nodules (>3 mm in diameter) and 70% for micronodules
(<=3 mm), with 15 false positives per scan. However, further
efforts are required for the development of CAD systems for
lung cancer screening by use of low-dose CT having a
higher sensitivity and a lower number of false positives per
scan.

SUMMARY OF THE INVENTION

[0036] Accordingly, an object of the present invention is to
provide a method, system, and computer program product
for the automated detection of nodules in a medical image of
a subject.

[0037] A further object of the present invention is to
provide a method, system, and computer program product
for the automated detection of pulmonary nodules in LDCT
scans for lung cancer screening.

[0038] These and other objects are achieved according to
the present invention by providing a novel method, system,
and computer program product for detecting at least one
nodule in a medical image of a subject, comprising: (1)
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identifying, in the medical image, an anatomical region
corresponding to at least a portion of an organ of interest; (2)
filtering the medical image to obtain a difference image; (3)
detecting, in the difference image, a first plurality of nodule
candidates within the anatomical region; (4) calculating
respective nodule feature values of the first plurality of
nodule candidates based on image pixel values of at least
one of the medical image and the difference image; (5)
removing false positive nodule candidates from the first
plurality of nodule candidates based on the respective nod-
ule feature values to obtain a second plurality of nodule
candidates; and (6) determining the at least one nodule by
classifying each of the second plurality of nodule candidates
as a nodule or a non-nodule based on at least one of the
image pixel values and the respective nodule feature values.

[0039] According to another aspect of the present inven-
tion, the identifying step comprises: (1) forming a histogram
of gray-values of pixels in the medical image; (2) determin-
ing a gray-level threshold using the histogram; and (3)
identifying an outline of the anatomical region using the
gray-level threshold.

[0040] According to still another aspect of the present
invention, the filtering step comprises: (1) filtering the
medical image using a matched filter to obtain a nodule-
enhanced image; (2) filtering the medical image using a
ring-average filter to obtain a nodule-suppressed image; and
(3) subtracting the nodule-suppressed image from the nod-
ule-enhanced image to obtain the difference image.

[0041] According to a further aspect of the present inven-
tion, the detecting step comprises: (1) forming initial regions
within the anatomical region; (2) selecting the first plurality
of nodule candidates based on the initial regions, each
nodule candidate having a respective nodule region includ-
ing one of the initial regions; and (3) adjusting the respective
nodule regions of each nodule candidate using region grow-
ing.

[0042] According to a still further aspect of the present
invention, the calculating step comprises: (1) determining,
for each candidate nodule in the first plurality of candidate
nodules, at least one respective morphological feature value,
including at least one of effective diameter, circularity, and
irregularity; and (2) determining, for each candidate nodule
in the first plurality of candidate nodules, at least one
respective gray level feature value, including at least one of
a nodule contrast in the difference image, a nodule contrast
in the medical image, a nodule contrast of a nodule outer
region, and a standard deviation of the nodule outer region.

[0043] According to still another aspect of the present
invention, the removing step comprises removing false
positive nodule candidates from the first plurality of nodule
candidates based on the at least one respective morphologi-
cal feature value and the at least one respective gray level
feature value.

[0044] According to still another aspect of the present
invention, the calculating step comprises: (1) determining,
for each candidate nodule in the first plurality of candidate
nodules, at least one respective interior feature value, includ-
ing one of an average pixel value, full width at half maxi-
mum (FWHM), and full width at tenth maximum (FWTM),
based on pixel values in an interior region of each candidate
nodule; and (2) determining, for each candidate nodule in
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the first plurality of candidate nodules, at least one respec-
tive exterior feature value, including one of an average pixel
value, full width at half maximum (FWHM), and full width
at tenth maximum (FWTM), based on pixel values in an
exterior region of each candidate nodule.

[0045] According to still another aspect of the present
invention, the removing step comprises removing false
positive nodule candidates from the first plurality of nodule
candidates based on the at least one respective interior
feature value, the at least one respective exterior feature
value, and respective locations of the nodule candidates
within the anatomical region.

[0046] According to another aspect of the present inven-
tion, the determining step comprises determining at least one
nodule from the second plurality of nodule candidates based
on the image pixel values using a Multi-MTANN (Massive
Training Artificial Neural Network).

[0047] According to another aspect of the present inven-
tion, the determining step comprises determining, based on
the respective nodule feature values, the at least one nodule
from the second plurality of nodule candidates using a linear
discriminant analysis (LDA).

[0048] According to another aspect of the present inven-
tion, the determining step comprises: (1) training a plurality
of MTANN:S to distinguish nodules from a respective type of
non-nodules; and (2) classifying, based on the image pixel
values, the second plurality of nodule candidates using the
plurality of trained MTANNS to obtain the at least one
nodule.

[0049] Because the purpose of lung cancer screening is to
find cancers as early as possible, the method according to the
present invention was tested on a confirmed cancer database
including “missed” cancer scans obtained from a lung
cancer screening program.

BRIEF DESCRIPTION OF THE DRAWINGS

[0050] A more complete appreciation of the invention and
many of the attendant advantages thereof will be readily
obtained as the same becomes better understood by refer-
ence to the following detailed description when considered
in connection with the accompanying drawings, wherein:

[0051] FIG. 1 shows distributions of nodule sizes for
missed cancers and detected cancers in the lung cancer
database used in a study of the method according to the
present invention;

[0052] FIG. 2A illustrates the method for the detection of
pulmonary nodules on LDCT images according to the
present invention;

[0053] FIG. 2B illustrates a system for the detection of
pulmonary nodules on LDCT images according to the
present invention;

[0054] FIG. 3 shows an original CT image with a missed
cancer partially overlapped with a small parallel vessel and
the corresponding difference image;

[0055] FIG. 4A shows outside and inside regions in a lung
used for the determination of localized image features;

[0056] FIG. 4B shows outside and inside regions of a
nodule candidate for determination of localized image fea-
tures;
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[0057] FIGS. 5A-5E illustrate the relationship between
the effective diameter and the circularity of nodules (and
false positives) at threshold levels of 3% (5A), 6% (5B), 9%
(50), 12% (5D), and 15% (SE), wherein closed and open
circles represent missed cancers and detected cancers,
respectively, small pluses represent false positives, and rules
are indicated by dashed lines;

[0058] FIG. 6A shows the relationship between the effec-
tive diameter and the irregularity of nodule candidates,
wherein closed and open circles represent missed cancers
and detected cancers, respectively, small pluses represent
false positives, and the rule is indicated by a dashed line;

[0059] FIGS. 6B and 6C illustrate relationships between
the effective diameter and the contrast of the nodule candi-
dates on the difference image and the original image, respec-
tively;

[0060] FIGS. 6D and 6E show the relationship between
the effective diameter and the standard deviation of pixel
values in the outer region of nodule candidates on the
original image, and the relationship between the starting
threshold level and the contrast in the outer region;

[0061] FIG. 6F illustrates the relationship between the
contrast of nodule candidates on the original image and the
difference image;

[0062] FIG. 7A illustrates the relationship between the
effective diameter and the overlap measure between histo-
grams of inside and outside regions of nodule candidates in
the inside regions of the lung regions, wherein closed and
open circles represent missed cancers and detected cancers,
respectively, small pluses represent false positives, and rules
are indicated by lines;

[0063] FIGS. 7B and 7C show the relationship between
the starting threshold level, and the average pixel value in
inside and outside regions of the nodule candidates in the
inside regions of the lung regions;

[0064] FIGS. 7D and 7E show the relationship between
the starting threshold level and the FWTM of a histogram in
the inside and outside regions of nodule candidates in the
inside regions of the lung regions.

[0065] FIG. 7F illustrates the relationship between the
contrast on the original image and the cross-correlation
value between the original image and difference image in the
inside regions of the lung regions;

[0066] FIG. 8 shows FROC curves of the present method
for two databases (all cancers and all nodules) by use of a
Multi-MTANN or LDA;

[0067] FIG. 9 shows a comparison of FROC curves of the
present method with the Multi-MTANN obtained by use of
a database with and without training cases; and

[0068] FIG. 10 illustrates an exemplary general purpose
computer programmed according to the teachings of the
present invention.

DETAILED DESCRIPTION OF THE
PREFERRED EMBODIMENTS

[0069] Referring now to the drawings, wherein like ref-
erence numerals designate identical or corresponding parts
throughout the several views, FIG. 2A illustrates the method
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for detecting pulmonary nodules on LDCT images accord-
ing to the present invention. The present method is based on
a difference-image technique [15-17] in which structures
similar to nodules are enhanced, and most of the background
normal structures, such as small vessels or background
noise, are suppressed.

[0070] In step 201, a medical image (e.g., a LDCT slice
image) of the lungs is obtained. The medical image may be
obtained directly from a CT scanner or from a medical
image database.

[0071] In step 202, the left or right lung region of the
medical image obtained in step 201 is segmented by use of
a linear discriminant method on the histogram of CT values
[20], wherein a threshold CT level is automatically deter-
mined for dividing a body region into lung regions and other
tissue regions. For smoothing the outline of the segmented
lung and filling in holes in the segmented lung, a morpho-
logical operation and an image restoration technique [21]
using the lung outline may be applied sequentially to the
initially segmented lung. If the area of the segmented lung
is smaller than a predetermined, empirically-determined
value (e.g., 450 mm?), the slices with the smaller lungs are
not applied for subsequent processing.

[0072] In steps 203-205, a difference image is obtained
from the medical image. Each CT slice image is processed
by two different filtering operations. In step 203, nodules are
enhanced by use of a matched filter (e.g., 8 mm nodule
shape), while in step 204, nodules are suppressed using a
ring average filter (e.g., 13 mm outside diameter and 0.6 mm
width) [17]. Steps 203 and 204 are described in more detail
below. The difference image is then obtained in step 205 by
subtracting the nodule-suppressed image from the nodule-
enhanced image.

[0073] The effect of using the difference-image technique
is shown in FIG. 3, which depicts an original CT image with
a missed cancer (i.e., a detection error) overlapped with
pulmonary vessels, and the corresponding difference image,
in which the cancer was enhanced and small vessels were
suppressed.

[0074] Instep 206, initial nodule candidates are selected in
the difference image by use of a multiple-gray-level thresh-
olding technique. Regions representing nodule candidates
are determined by monitoring morphological features using
a region-growing technique.

[0075] Next, in step 207, false positives among the nodule
candidates are reduced by applying two rule-based schemes,
one on the entire lung region, and another on divided lung
regions.

[0076] Finally, in step 208, a classifier is used to further
remove false positives. Classifiers used in step 208 could
include: (1) a pattern-classification technique based on an
artificial neural network (ANN) called a massive training
artificial neural network (MTANN) [22-25], and (2) linear
discriminant analysis (LDA). By comparing the free-re-
sponse receiver operating characteristic (FROC) curves
obtained using the classifiers, the usefulness of the classi-
fiers can be examined.

[0077] Steps 206-208 are described in more detail below.

[0078] In step 206, multiple-gray-level thresholding is
applied to the difference image for identification of initial
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nodule candidates [17]. Each threshold level is determined
according to a certain specific percentage of the area under
the pixel-value histogram in the difference image from the
high end of the histogram. For example, 3% and 27% were
empirically selected as the beginning and ending percentage
threshold levels, respectively, with an increment of 3%. The
regions in the difference image above a certain threshold
value are called “islands.” In a study of the present method,
islands with effective diameters smaller than 3 mm were
excluded because the effective diameters of all cancers used
in the study were larger than 6 mm. At the first percentage
threshold level in which each island emerged, the effective
diameter and the degree of circularity for the island are
determined for selection of initial nodule candidates,
because most of the nodules in the difference image are
enhanced as being round, and the enhanced non-nodules,
such as large vessels parallel to the cross-section, are not
round and are larger than the nodules. The effective diameter
of a candidate is defined by the diameter of a circle with the
same area as that of the candidate. The degree of circularity
was defined by the fraction of the overlap area of the circle
with the candidate area. The first percentage threshold level
is called a “starting percentage threshold level.” If the
feature values of the island satisfy each rule for picking up
the nodule candidate at each starting percentage threshold
level, the island is considered an initial nodule candidate. A
candidate selected at a starting percentage threshold level is
not examined again at subsequent percentage threshold
levels.

[0079] To obtain the image features of the candidates for
subsequent rule-based schemes (step 207), the candidate
regions are determined by applying a region-growing tech-
nique to the difference image and monitoring morphological
image features. The region growing starts at the location
where the pixel value is a maximum within the area of the
candidate, and is performed at various gray levels, which are
decreased from each previous gray level with a decrement of
a pixel value of (for example) 5 for low contrast candidates
or a pixel value of (for example) 10 for high-contrast
candidates. At each gray level, the grown region of the
candidate was quantified by the morphological image fea-
tures, i.e., effective diameter, circularity, and irregularity.
The degree of irregularity was defined as 1-(P/N), in which
P is the perimeter of the circle and N is the length of the
candidate outline. At a certain gray level, the effective
diameters or the irregularity of many candidates tends to
increase rapidly, but the circularity decreases steeply. This
abrupt change in the size and shape of the candidate indi-
cates that the candidate island is merging with its surround-
ing background structures after that gray level. Therefore, at
this transition point, the candidate regions and the morpho-
logical image features are determined. The transition point is
defined at the gray level when the circularity decreases by
more than 0.15, or when the irregularity or effective diam-
eter increases by more than 0.20 or 5 mm, respectively. If the
transition point is not detected, the candidate regions are
determined when the circularity decreases below 0.6, or
when the effective diameter increases above 10 mm. For the
candidate for which the change does not occur, the candidate
regions are determined as the last grown region.

[0080] Instep 207, two rule-based schemes are applied for
the removal of a number of false positives in the entire lung
regions and in the divided lung regions (inside and outside
regions). In the first rule-based scheme for the entire lung
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regions, the contrasts of the candidates on the difference
image and original image, the standard deviation (SD) and
contrast of pixel values in the outer region of a candidate on
the original image, as well as the morphological features
(ie., the effective diameter, circularity, and irregularity of
the candidate region) are determined as described above.
Note that the SDs and contrasts in the outer regions for
candidates which are branching points of parallel vessels can
be greater than those for nodules. The contrast of a candidate
is defined as the difference between the maximum pixel
value and the minimum pixel value of the candidate. The
maximum pixel value of the candidate is obtained as the
average pixel value in a 3x3 pixel area centered over the
pixel with the maximum value. For determining the contrast
on the original image, the pixel with the maximum value is
searched for in an area of 11x11 pixels of the original image,
centered over the pixel with the maximum value in the
candidate on the difference image. The outer region of the
candidate, where the SD and contrast are calculated, is
defined as the outer region with a width of 3 pixels obtained
from the candidate region by use of dilation of the morpho-
logical filter with a circle.

[0081] In the second rule-based scheme, respective rules
based on localized image features obtained from nodule
candidates are established in divided lung regions for
removal of the remaining false positives. Each lung is
divided into an outside region and an inside region, as shown
in FIG. 4A. The outside region and the inside region in the
lung are obtained by use of erosion of a morphological filter
with a width of 10 mm, which is determined empirically.
The characteristics of false positives in the outside region
are different from those in the inside region. For example,
the effective diameters of some false positives in the outside
region, such as vessels parallel or vertical to a cross-section,
tend to be smaller or larger than those of the nodules. To
analyze the localized image features of nodule candidates,
inside and outside regions of the nodule candidate are
obtained as shown in FIG. 4B. Because the pixel value
distributions in the inside or outside region for some false
positives such as parallel vessels are different from those of
the nodules, such false positives can be distinguished from
nodules. The width of the outside region of the nodule
candidate obtained by use of dilation of the morphological
filter is 5 mm, which is determined empirically. Localized
features calculated for the inside and outside regions of the
nodule candidate are the average pixel value, full width at
half maximum (FWHM) of the gray-level histogram, full
width at tenth maximum (FWTM) of the gray-level histo-
gram for the inside and outside regions, and the overlap area
of gray-level histograms between the inside and outside
regions, referred to as an overlap measure [26]. In addition,
the cross-correlation value between the difference image and
the original image is obtained for eliminating the false
positives whose morphological appearance on the difference
image changes from that on the original image; however, the
morphological appearance of most nodules does not change
appreciably. All of the above features, except the cross-
correlation value, are calculated in the original images.

[0082] In step 208, to reduce the false positives of the
nodule candidates in the final stage of the present method, a
LDA classifier may be used [11, 13]. Recently, a pattern-
classification technique based on an artificial neural network
(ANN), called a massive-training artificial neural network
(MTANN) [22-25], has been developed for the removal of
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various types of false positives. See co-pending U.S. patent
application Ser. No. 10/366,482 (Method of training Mas-
sive Training Artificial Neural Networks (MTANN) for the
detection of abnormalities in medical images), the contents
of which are incorporated herein by reference. In the present
method, a MTANN and a LDA are separately used as
classifiers, and the overall performance is shown using
FROC curves, which are determined by changing the thresh-
old for the Multi-MTANN score or the LDA score. Finally,
the higher sensitivity and lowest number of false positives in
the two FROC curves are selected, and the final nodule
candidates are determined.

[0083] The MTANN consists of a modified multilayer
ANN, which is capable of operating on an original image
directly. The MTANN is trained using a large number of
sub-regions extracted from input images, together with the
teacher images containing the distribution for the “likeli-
hood of being a nodule.” The output image is obtained by
scanning an input image with the MTANN. The distinction
between a nodule and a non-nodule is made using a score
that is defined from the output image of the trained MTANN.
The Multi-MTANN for eliminating various types of non-
nodules consists of plural MTANNSs arranged in parallel.
Each MTANN is trained using the same nodules, but with a
specific type of false positive, such as various sized vessels,
and acts as an expert to distinguish nodules from the specific
type of false positive. The outputs of the MTANNs are
combined by use of the logical AND operation so that each
of the trained MTANNSs does not eliminate any nodules, but
removes some of the various types of false positives. Typi-
cally, 15 MTANNSs are configured, and the Multi-MTANN is
trained with 10 nodules (true positives) and 150 false
positives, which are produced by the second rule-based
scheme with the missed cancer cases.

[0084] To sclect the most effective image feature combi-
nation for separating the remaining candidates into true
nodules and false positives by use of a linear discriminant
function, the ROC curve for distinction between nodules and
false positives is determined. In addition, a stepwise method
based on Wilks’ lambda, which is defined by the ratio of
within-group variance to the total variance [27] and the F
value, which is a cost function based on Wilks’ lambda, is
used. In the stepwise method, each feature is added or
removed one-by-one by use of two thresholds on the F
value, one for removal and another for addition [28], and the
A, value, i.e., the area under ROC curve, for each combi-
nation is computed for selection of the most effective feature
combination with the highest Az value. Consequently, the
final combination consists of a starting percentage threshold
level, effective diameter on the difference image, circularity
on the difference image, SD of pixel values in the outer
region of the candidate on the original image, overlap
measure, average pixel value in the inside region, and
FWTM in the inside region. For determining the FROC
curve of the CAD scheme using the LDA, a round-robin
method per patient-basis (or leave-one-out-by-patient) is
employed. With this method, all candidates except for
candidates obtained from the same patient are used for
training, and candidates left out are used for testing the
linear discriminant function. This procedure is repeated for
all candidates, so that each candidate is used once as a test
candidate.
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[0085] FIG. 2B shows a system for the detection of lung
nodules according to the present invention. Lung Segmen-
tation Unit 230 obtains a medical image from a CT scanner
(not shown) or from Image Database 210. Difference-Image
Unit 240 produces a difference image based on filtering the
medical image in two different ways and obtaining the
difference, as described above. The difference image pro-
duced by the Difference-Image Unit is used by the Nodule
Candidate Selection Unit 250 to obtain initial nodule can-
didates according to the method described with reference to
step 206 of FIG. 2A. Nodule candidates are stored in Nodule
Database 220. False-positive nodules are removed from the
candidate nodules by the Rule-Based Candidate Removal
Unit 260 using various morphological and contrast feature
values. The remaining nodule candidates are classified as
nodules/non-nodules by Linear Discriminant Classifier 270
and Multi-MTANN 280.

[0086] The method for nodule detection in low-dose CT
images according to the present invention was applied to a
cancer database of 106 scans (total number of slices: 3,292)
with 131 nodules including 71 detected cancers and 38
missed cancers. The database of 106 LDCT scans used for
this study was acquired on a mobile, low-dose helical CT
scanner (CT-W950SR; Hitachi Medical, Tokyo, Japan) from
73 lung cancer patients obtained in a lung cancer screening
program in Nagano, Japan (1996-1999) [18], [19]. All scans
were acquired according to a low-dose protocol at a tube
voltage of 120kV, a tube current of 25 mA or 50 mA, 10 mm
collimation, and a 10 mm reconstruction interval at a helical
pitch of two. The number of CT slices per patient used for
this study was 31 or 33, and the database included 3,292
slices. Each image was 512x512 pixels, with a pixel size of
0.586 mm or 0.684 mm, and the number of gray levels was
4096.

[0087] Each of the 73 patients whose screening CT data
were used in this study had at least one cancer. All cancers
were intrapulmonary and were subsequently confirmed to be
lung cancers based on results of biopsy or surgery. Cancers
larger than 30 mm were excluded, as well as central cancers
(which are endobronchial tumors in or proximal to a seg-
mental bronchus) from the original Nagano database [19].

[0088] The database of 106 scans with 109 confirmed
cancers consisted of 68 scans for 68 patients with 71
cancers, which were prospectively detected by radiologists,
and also 38 scans for 31 patients with 38 cancers, which
were retrospectively identified and considered “missed” due
to detection error or interpretation error during clinical
interpretation [19]. Twenty-three missed cancers identified
as detection errors were not mentioned in the radiologists’
reports, and 15 cancers identified as interpretation errors
were reported but misinterpreted. Twenty-six of the 68 scans
with the detected cancers were obtained from 26 missed
cancer patients whose 26 cancers were detected subse-
quently by radiologists one or two years later. The database
also included 22 other nodules, i.e., 13 confirmed benign
nodules, 8 suspicious benign nodules, and one suspicious
malignant nodule. FIG. 1 shows the distributions of nodule
sizes (effective diameters) for the 71 detected cancers rang-
ing from 6 mm to 24 mm, with a mean of 14 mm, and the
38 missed cancers ranging from 6 mm to 26 mm with a mean
of 12 mm. The 131 nodules were found in 226 slices of a
total of 3,292 slices, with some of the nodules existing in
several slices. For the purpose of designing rules and evalu-
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ating results in this study, one CT slice was manually
selected for each nodule. Consequently, the number of
slices, where each nodule existed in one slice, was 127, since
4 slices included two nodules.

[0089] As a result of lung segmentation, 524 of the 3,292
slices with small lung areas were excluded prior to use of the
difference-image technique. Therefore, the number of CT
images calculated for nodule detection processing in this
database was 2,768, where the numbers of slices with and
without nodules were 226 and 2,542, respectively. As shown
in FIG. 3, the missed cancer on the difference image was
enhanced compared with that on the original image, and the
small vessels adjacent to the nodule and background noise
were suppressed. However, some of the large parallel ves-
sels, vertical vessels, and lung edge regions were also
enhanced, and were included as false positives in the initial
nodule candidates. Because the difference-image technique
was basically equivalent to a band-pass filter for enhancing
the nodule-like objects, the vessels and lung edges were also
enhanced with the filter.

[0090] FIGS. 5A-5E demonstrate the initial nodule can-
didate selection rules in the relationship between the effec-
tive diameter and the circularity at starting threshold levels
of 3%, 6%, 9%, 12%, and 15%, respectively. These data for
nodules and false positives were obtained for determination
of the nodule candidate selection rules from CT slices with
131 nodules by eliminating the candidates with the effective
diameters smaller than 3 mm. The minimum circularity rule
for the nodules increased from 0.6 to 0.8 with an increase in
the percentage threshold level. At a 15% threshold level, the
minimum circularity rule for the nodules was 0.9. On the
other hand, the circularities of false positives were fre-
quently lower than those of nodules at each percentage
threshold level, and the effective diameters of some false
positives were larger than those of the nodules. Therefore,
by using the cutoff rules of the circularity and the effective
diameter by the dashed lines shown in FIG. 5A-SE, a
number of false positives were removed at each percentage
threshold level and initial nodule candidates were selected.
Because the number of nodules which emerged at high
percentage threshold levels of 18, 21, and 27 was only one,
all nodule candidates at these levels were removed. After the
initial pick-up of the nodule candidates, the two rule-based
schemes were applied to remove false positives among the
initial nodule candidates.

[0091] FIGS. 6A-6F show examples of the effective rules
for removal of false positives used in the first rule-based
scheme. FIG. 6A shows the relationship between the effec-
tive diameter and the irregularity of nodule candidates.
Irregularities for some of the false positives such as vessels
parallel to slices became greater compared with those of
nodules. FIGS. 6A and 6B show the relationships between
the effective diameter, and contrast of the nodule candidates
on difference image and original image, respectively. In
general, the larger the effective diameter of nodule, the
greater the contrast becomes; however, the contrasts of some
false positives were too large or too small compared with the
expected variation. FIGS. 6D and 6E show the relationship
between the effective diameter and the SD of pixel values in
the outer region of candidates on the original image, and the
relationship between the starting threshold level and the
contrast in the outer region. As expected, the SDs or con-
trasts in the outer regions for some candidates were greater
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than those for nodules. FIG. 6F shows the relationship
between the contrasts of nodule candidates on the original
image and the difference image. Because most of the false
positives were not similar to nodules, the contrast levels of
some false positives such as pulmonary vessels were sup-
pressed on the difference image. Consequently, the differ-
ence between the contrasts of such false positives in the
original image and the difference image was greater than that
of nodules. Thus, many false positives were removed by the
rule, as shown by the dashed line in FIGS. 6A-6F.

[0092] FIGS. 7A-7F show examples of rules used in the
second rule-based scheme. FIG. 7A shows the relationship
between the effective diameter and the overlap measure
between histograms of the inside and outside regions in the
inside regions of the lung regions. At each effective diam-
eter, the overlap measures of some false positives were
greater than those of nodules. In the case of the candidates
such as the branching point of parallel vessels, because the
vessels extended from the inside region of the candidate to
the outside region, the pixel-value histograms of the inside
region for the branching point candidates were largely
overlapped with those of the outside region, compared with
those of nodules. FIGS. 7B and 7C show the relationship
between the starting threshold level, and the average pixel
value in inside and outside regions of nodule candidate,
respectively. As the starting threshold level increased, the
contrasts of the candidates became lower. Consequently, the
ranges of average pixel values in both regions became small.
FIGS. 7D and 7E show the relationship between the starting
threshold level, and the FWTM of the histograms in inside
and outside regions of nodule candidate, respectively. The
FWTMs of histograms for candidates such as parallel ves-
sels, especially branching points, became wider compared
with those for the nodules. FIG. 7F shows the relationship
between the contrast on the original image and the cross-
correlation value between the original image and difference
image. The morphological appearances for the false posi-
tives on the difference image changed from those on the
original image, but the morphological appearance of most
nodules did not change appreciably.

[0093] The sensitivity for all nodules and the number of
false positives per scan in the computerized detection of
lung nodules at various steps are summarized in Table 1. The
detection sensitivity for all nodules decreased from 93% to
81% with three steps of false positive removal, whereas the
number of false positives per scan was greatly decreased by
each step. In the two rule-based schemes for false positive
removal, the number of false positives per scan for all
nodules decreased by 92% (316/343).

[0094] FIG. 8 shows the FROC curves for the overall
performance of the present method by use of the Multi-
MTANN and the LDA. The sensitivity of LDA gradually
decreased with a decrease in the number of false positives,
whereas the sensitivity with Multi-MTANN remained con-
stant until the number of false positives per slice was
reduced to 0.22 for all cancers or 0.28 for all nodules. The
present method using Multi-MTANN or LDA provided a
sensitivity of 81% or 67% for all nodules, respectively, with
0.28 false positives per slice. Therefore, Multi-MTANN
would be more appropriate for false positive removal than
LDA. Finally, 73% (19.7/27.0) of the remaining false posi-
tives per scan were removed by using the Multi-MTANN.
As a result, the method of the present invention achieved a
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sensitivity of 83% (91/109) for all cancers with 5.8 false
positives per scan, and 81% (106/131) for all nodules with
7.3 false positives per scan. The 84% (32/38) of missed
cancers and 83% (59/71) of detected cancers were detected
correctly with 5.9 and 5.8 false positives per scan, respec-
tively. Furthermore, it may be important to note that the
present method detected 17 (74%) of 23 missed cancers,
which were not mentioned in radiologists’ clinical reports.

[0095] The performance of Multi-MTANN was superior
to that of LDA, probably because Multi-MTANN can learn
various image features related to morphology and gray level
directly from the images of typical nodules and false posi-
tives, and works as an image-based ANN filter with nodule
enhancement and false positive suppression to distinguish
between nodules and false positives. Furthermore, the Multi-
MTANN is a robust classifier for unknown cases. FIG. 9
shows the comparison of FROC curves for the method of the
present invention with the Multi-MTANN obtained by use
of the database with and without training cases. The FROC
curve for the database without the training cases was similar
to that for all cases, where the sensitivities at 0.28 false
positives on the two FROC curves were almost the same.
However, the use of Multi-MTANN requires expertise for
selection of typical nodules and typical false positives and a
considerable CPU time for training (29.8 hours for a
MTANN on a Pentium IV, 1.7 GHz), although the CPU time
for testing was negligibly small. On the other hand, since
LDA is based on a limited number of image features related
to morphology and gray level, the amount of information
used for LDA is less than that for Multi-MTANN; never-
theless, LDA is a simple and easily available classifier for
most researchers compared with Multi-MTANN.

[0096] Based on the two-dimensional (2D) image features
alone, the present method achieved a sensitivity of 83% for
109 cancers with 5.8 false positives per scan, which appears
to be superior to results obtained in recent studies [11-13] in
terms of the number of false positives, wherein some false
positives, such as lung vessels, were removed by use of
three-dimensional (3D) image features. Therefore, by incor-
porating 3D image features into the present method, the
number of false positives should be reduced even further.

[0097] Some of the nodules were not detected by the
present method for two reasons. First, some of the large and
high-contrast nodules adjacent to the pleura were excluded
during the initial segmentation process of the lungs. Because
radiologists can easily detect such nodules without a CAD
scheme, the present method was not concerned with the
exclusion problem of juxta-pleural nodules. It should be
noted that all nodules with small size or low contrast were
included in the segmented lungs obtained by use of the
present method. Another reason is that some of the small and
low-contrast nodules adjacent to or overlapped with the
pleura or large vessels were not enhanced appreciably by use
of the difference-image technique. For detecting such nod-
ules, improved filters used for enhancement of such nodules
will be required.

[0098] Although the automated detection method of the
present invention has been presented in the context of
processing LDCT lung images, the method can be imple-
mented using other pulmonary images, e.g., MR or ultra-
sonic lung images, in which a computerized image analysis
is performed with respect to cancer or some other disease
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state. For example, using sonographic lung images, ultra-
sound lesion characteristics such as lesion margin sharpness
can be used as feature values in the method of the present
invention. Moreover, the calculation of ultrasonic lesion
characteristics is known in this art. See U.S. Pat. No.
5,984,870 (Giger et al., Method and system for the auto-
mated analysis of lesions in ultrasound images), the contents
of which are incorporated herein by reference.

[0099] The present method can also be implemented more
generally on other medical images of other organs (e.g.,
mammographic breast images, or CT scans of the thorax,
abdomen, or skeletal system) with respect to some other
disease state or state of risk. Nodule or lesion feature values
can readily be obtained from other medical images by those
of ordinary skill in the art. For example, characteristics
associated with detected colonic polyps can be used as
quantitative measures of malignancy calculated in methods
of detecting cancerous polyps using colonographic images.
The detection of such colonic polyps is discussed in co-
pending U.S. patent application Ser. No. 10/270,674
(Yoshida et al., Method for the computer-aided detection of
three-dimensional lesions), the contents of which are incor-
porated herein by reference. Moreover, the detection of
nodule or lesion feature values in various medical images is
also well known in this art. See, e.g., U.S. Pat. No. 5,881,124
(Giger et al., Automated method and system for the detec-
tion of lesions in medical computed tomographic scans), the
contents of which are incorporated herein by reference.

[0100] For the purposes of this description an image is
defined to be a representation of a physical scene, in which
the image has been generated by some imaging technology:
examples of imaging technology could include television or
CCD cameras or X-ray, sonar, or ultrasound imaging
devices. The initial medium on which an image is recorded
could be an electronic solid-state device, a photographic
film, or some other device such as a photostimulable phos-
phor. That recorded image could then be converted into
digital form by a combination of electronic (as in the case of
a CCD signal) or mechanical/optical means (as in the case
of digitizing a photographic film or digitizing the data from
a photostimulable phosphor). The number of dimensions
that an image could have could be one (e.g. acoustic
signals), two (e.g. X-ray radiological images), or more (e.g.
nuclear magnetic resonance images).

[0101] This invention conveniently may be implemented
using a conventional general-purpose computer or micro-
processor programmed according to the teachings of the
present invention, as will be apparent to those skilled in the
computer art. Appropriate software can readily be prepared
by programmers of ordinary skill based on the teachings of
the present disclosure, as will be apparent to those skilled in
the software art.

[0102] FIG. 10 is a schematic illustration of a computer
system for the computerized detection of lung nodules
according to the present invention. A computer 100 imple-
ments the method of the present invention, wherein the
computer housing 102 houses a motherboard 104 which
contains a CPU 106, memory 108 (c.g., DRAM, ROM,
EPROM, EEPROM, SRAM, SDRAM, and Flash RAM),
and other optional special purpose logic devices (e.g.,
ASICs) or configurable logic devices (e.g., GAL and repro-
grammable FPGA). The computer 100 also includes plural
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input devices, (e.g., a keyboard 122 and mouse 124), and a
display card 110 for controlling monitor 120. In addition, the
computer 100 further includes a floppy disk drive 114; other
removable media devices (e.g., compact disc 119, tape, and
removable magneto-optical media (not shown)); and a hard
disk 112, or other fixed, high density media drives, con-
nected using an appropriate device bus (e.g., a SCSI bus, an
Enhanced IDE bus, or a Ultra DMA bus). Also connected to
the same device bus or another device bus, the computer 100
may additionally include a compact disc reader 118, a
compact disc reader/writer unit (not shown) or a compact
disc jukebox (not shown). Although compact disc 119 is
shown in a CD caddy, the compact disc 119 can be inserted
directly into CD-ROM drives which do not require caddies.

[0103] As stated above, the system includes at least one
computer readable medium. Examples of computer readable
media are compact discs 119, hard disks 112, floppy disks,
tape, magneto-optical disks, PROMs (EPROM, EEPROM,
Flash EPROM), DRAM, SRAM, SDRAM, etc. Stored on
any one or on a combination of computer readable media,
the present invention includes software for controlling both
the hardware of the computer 100 and for enabling the
computer 100 to interact with a human user. Such software
may include, but is not limited to, device drivers, operating
systems and user applications, such as development tools.
Such computer readable media further includes the com-
puter program product of the present invention for perform-
ing the inventive method of the present invention. The
computer code devices of the present invention can be any
interpreted or executable code mechanism, including but not
limited to scripts, interpreters, dynamic link libraries, Java
classes, and complete executable programs. Moreover, parts
of the processing of the present invention may be distributed
for better performance, reliability, and/or cost. For example,
an outline or image may be selected on a first computer and
sent to a second computer for remote diagnosis.

[0104] Moreover, parts of the processing of the present
invention may be distributed for better performance, reli-
ability, and/or cost. For example, an outline or image may be
selected on a first computer and sent to a second computer
for remote diagnosis.

[0105] The invention may also be implemented by the
preparation of application specific integrated circuits or by
interconnecting an appropriate network of conventional
component circuits, as will be readily apparent to those
skilled in the art.

[0106] The invention is embodied, in part, in trained
artificial neural networks, in arrangements for training such
artificial neural networks, and in systems including both the
network portion and the training portions. Of course, the
invention provides methods of training and methods of
execution. Moreover, the invention provides computer pro-
gram products storing program instructions for execution on
a computer system, which when executed by the computer
system, cause the computer system to perform the methods
described herein.

[0107] Numerous modifications and variations of the
present invention are possible in light of the above teach-
ings. It is therefore to be understood that within the scope of
the appended claims, the invention may be practiced other-
wise than as specifically described herein.
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TABLE 1

Sensitivity and number of false positives at various steps for 131 nodules.

Sensitivity ~ FPs per slice FPs per scan

Initial pick-up 93% 13.1 343
First rule-based scheme 85% 0.9 103
Second rule-based scheme 81% 1.0 27
Multi-MTANN 81% 0.28 73
LDA 67% 0.28 73

1. A method for detecting at least one nodule in a medical
image of a subject, comprising:

identifying, in said medical image, an anatomical region
corresponding to at least a portion of an organ of
interest;

filtering said medical image to obtain a difference image;

detecting, in said difference image, a first plurality of
nodule candidates within said anatomical region;

calculating respective nodule feature values of said first
plurality of nodule candidates based on image pixel
values of at least one of said medical image and said
difference image;

removing false positive nodule candidates from said first
plurality of nodule candidates based on said respective
nodule feature values to obtain a second plurality of
nodule candidates; and

determining said at least one nodule by classifying each of

said second plurality of nodule candidates as a nodule

or a non-nodule based on at least one of said image

pixel values and said respective nodule feature values.

2. The method of claim 1, wherein the identifying step
comprises:

forming a histogram of gray values of pixels in said
medical image;

determining a gray-level threshold using said histogram;
and

identifying an outline of said anatomical region using said
gray-level threshold.
3. The method of claim 1, wherein the identifying step
comprises:

identifying, in a low-dose computed tomographic (LDCT)
image, a lung region of said subject.
4. The method of claim 1, wherein the filtering step
comprises:

filtering said medical image using a matched filter to
obtain a nodule-enhanced image;

filtering said medical image using a ring-average filter to
obtain a nodule-suppressed image; and

subtracting said nodule-suppressed image from said nod-
ule-enhanced image to obtain said difference image.
5. The method of claim 1, wherein the detecting step
comprises:

forming initial regions within said anatomical region;

selecting said first plurality of nodule candidates based on
said initial regions, each nodule candidate in said first
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plurality of nodule candidates having a respective nod-
ule region including one of said initial regions; and

determining said respective nodule regions of each nodule
candidate in said first plurality of nodule candidates
using region growing.
6. The method of claim 5, wherein the forming step
comprises:

forming a histogram of gray values of pixels in said
difference image; and

determining said initial regions using multiple-gray-level
thresholding of said histogram.
7. The method of claim 5, wherein the selecting step
comprises:

calculating respective effective diameter and circularity
values for each of said initial regions; and

selecting said first plurality of candidate nodules based on
said respective effective diameter and circularity values
of each of said initial regions.
8. The method of claim 5, wherein the determining step
comprises:

determining a respective center pixel having a maximum
pixel value within each respective nodule region;

calculating, for a first respective subregion that includes
said respective center pixel within each respective
nodule region, at least one first morphological image
feature, said first respective subregion defined as those
pixels having a pixel value above a first pixel threshold,
but less than said maximum pixel value;

calculating, for a second respective subregion that
includes said respective center pixel within each
respective nodule region, at least one second morpho-
logical image feature, said second respective subregion
defined as those pixels having a pixel value above a
second pixel threshold, but less than said maximum
pixel value; and

determining said respective nodule region of each nodule
candidate based on respective differences between the
at least one first morphological image feature and the at
least one second morphological image feature.
9. The method of claim 1, wherein the calculating step
comprises:

determining, for each candidate nodule in said first plu-
rality of candidate nodules, at least one respective
morphological feature value, including at least one of
effective diameter, circularity, and irregularity; and

determining, for each candidate nodule in said first plu-
rality of candidate nodules, at least one respective gray
level feature value, including at least one of a nodule
contrast in said difference image, a nodule contrast in
said medical image, a nodule contrast of a nodule outer
region, and a standard deviation of said nodule outer
region.

10. The method of claim 9, wherein the removing step

comprises:
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removing false positive nodule candidates from said first
plurality of nodule candidates based on said at least one
respective morphological feature value and said at least
one respective gray level feature value.
11. The method of claim 1, wherein the calculating step
comprises:

determining, for each candidate nodule in said first plu-
rality of candidate nodules, at least one respective
interior feature value, including one of an average pixel
value, full width at half maximum (FWHM), and full
width at tenth maximum (FWTM), based on pixel
values in an interior region of each candidate nodule;
and

determining, for each candidate nodule in said first plu-
rality of candidate nodules, at least one respective
exterior feature value, including one of an average pixel
value, full width at half maximum (FWHM), and full
width at tenth maximum (FWTM), based on pixel
values in an exterior region of each candidate nodule.
12. The method of claim 11, wherein the removing step
comprises:

removing false positive nodule candidates from said first
plurality of nodule candidates based on said at least one
respective interior feature value, said at least one
respective exterior feature value, and respective loca-
tions of the nodule candidates within said anatomical
region.

13. The method of claim 1, wherein the determining step

comprises:

determining said at least one nodule from said second
plurality of nodule candidates based on said image
pixel values using a Multi-MTANN (Massive Training
Artificial Neural Network).
14. The method of claim 13, wherein the determining step
comprises:

training a plurality of MTANNS to distinguish nodules
from a respective type of non-nodules; and

classifying, based on said image pixel values, said second
plurality of nodule candidates using said plurality of
trained MTANNS to obtain said at least one nodule.
15. The method of claim 1, wherein the determining step
comprises:

determining, based on said respective nodule feature
values, said at least one nodule from said second
plurality of nodule candidates using a linear discrimi-
nant analysis.

16. A computer program product storing program instruc-
tions for execution on a computer system, which, when
executed by the computer system, cause the computer sys-
tem to perform the method recited in any one of claims 1-15.

17. A system configured to detect said at least one nodule
in said medical image of said subject by performing the steps
recited in any one of claims 1-15.



