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Purpose: To develop a method to quantify the margin sharpness of lesions on CT and to evaluate it
in simulations and CT scans of liver and lung lesions.
Methods: The authors computed two attributes of margin sharpness: the intensity difference between
a lesion and its surroundings, and the sharpness of the intensity transition across the lesion bound-
ary. These two attributes were extracted from sigmoid curves fitted along lines automatically drawn
orthogonal to the lesion margin. The authors then represented the margin characteristics for each
lesion by a feature vector containing histograms of these parameters. The authors created 100 sim-
ulated CT scans of lesions over a range of intensity difference and margin sharpness, and used the
concordance correlation between the known parameter and the corresponding computed feature as a
measure of performance. The authors also evaluated their method in 79 liver lesions (44 patients: 23
M, 21 F, mean age 61) and 58 lung nodules (57 patients: 24 M, 33 F, mean age 66). The methodol-
ogy presented takes into consideration the boundary of the liver and lung during feature extraction
in clinical images to ensure that the margin feature do not get contaminated by anatomy other than
the normal organ surrounding the lesions. For evaluation in these clinical images, the authors cre-
ated subjective independent reference standards for pairwise margin sharpness similarity in the liver
and lung cohorts, and compared rank orderings of similarity used using our sharpness feature to that
expected from the reference standards using mean normalized discounted cumulative gain (NDCG)
over all query images. In addition, the authors compared their proposed feature with two existing
techniques for lesion margin characterization using the simulated and clinical datasets. The authors
also evaluated the robustness of their features against variations in delineation of the lesion margin
by simulating five types of deformations of the lesion margin. Equivalence across deformations was
assessed using Schuirmann’s paired two one-sided tests.
Results: In simulated images, the concordance correlation between measured gradient and actual
gradient was 0.994. The mean (s.d.) and standard deviation NDCG score for the retrieval of K images,
K = 5, 10, and 15, were 84% (8%), 85% (7%), and 85% (7%) for CT images containing liver lesions,
and 82% (7%), 84% (6%), and 85% (4%) for CT images containing lung nodules, respectively. The
authors’ proposed method outperformed the two existing margin characterization methods in average
NDCG scores over all K, by 1.5% and 3% in datasets containing liver lesion, and 4.5% and 5%
in datasets containing lung nodules. Equivalence testing showed that the authors’ feature is more
robust across all margin deformations (p < 0.05) than the two existing methods for margin sharpness
characterization in both simulated and clinical datasets.
Conclusions: The authors have described a new image feature to quantify the margin sharpness of
lesions. It has strong correlation with known margin sharpness in simulated images and in clinical
CT images containing liver lesions and lung nodules. This image feature has excellent performance
for retrieving images with similar margin characteristics, suggesting potential utility, in conjunction
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with other lesion features, for content-based image retrieval applications. © 2012 American Associa-
tion of Physicists in Medicine. [http://dx.doi.org/10.1118/1.4739507]

Key words: feature extraction, image retrieval, computed tomography (CT), lung nodules, liver
lesions, margin sharpness

I. INTRODUCTION

A crucial challenge for radiology is maintaining high inter-
pretation accuracy in the face of increasing imaging work-
load and limited time to review and interpret the images for
each patient. Variation in interpretation accuracy among radi-
ologists is a recognized challenge,1–3 and systems are being
developed to help radiologists improve their interpretations.4

Content-based image retrieval (CBIR) could provide decision
support to radiologists by allowing them to find images from
a database that are similar in terms of shared imaging features
to the images they are interpreting.

CBIR systems use text associated with images and image
processing techniques to derive quantitative characteristics of
images (e.g., pixel statistics, spatial frequency content), fol-
lowed by application of similarity metrics to search image li-
braries for similar images.5, 6 Outside of radiology, numerous
CBIR methods have been developed for image retrieval and
automatic image annotation.5 Most CBIR methods character-
ize entire images with a set of numerical features.7, 8 Develop-
ment of CBIR methods in the radiological domain has focused
on retrieving images from medical collections.9, 10 Recently,
CBIR has been applied to localized image regions to retrieve
images of similar-appearing lesions.11–16

The performance of CBIR systems depends on extracting
features that encapsulate the distinguishing characteristics of
the image contents. In radiological images, texture features
such as histogram features and wavelets have been commonly
used,13, 17–20 and they can capture features that may not even
be visually apparent to radiologists.21 Beyond texture fea-
tures, there are other features that can be very helpful in char-
acterizing lesions. In particular, the margin characteristics of
a lesion are known to be useful to radiologists for discriminat-
ing many types of lesions. Our goal in this paper is to develop
a method to quantify the sharpness of the margin of lesions—a
“margin sharpness feature”—and to evaluate its performance
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FIG. 1. System design.

for retrieval of CT images containing similar-appearing liver
lesions and lung nodules. Prior work has been done in de-
veloping image features of lesion sharpness in breast, and we
thus also compare our technique with margin features that has
been proposed for assessing breast MRI lesions from the most
cited22 and most recent works.23

This paper is organized as follows: Section II describes our
methods, including the margin sharpness feature, our test im-
ages, and system design for using our margin sharpness fea-
ture, Sec. III describes our results, and Sec. IV highlights key
contributions and future work.

II. METHODS

II.A. System architecture and overview

Figure 1 shows the system design for developing and test-
ing the proposed margin sharpness feature, comprised of three
pipelines: (a) Database Building, (b) Query/Retrieval, and (c)
Scoring for Evaluation. In the Database Building pipeline,
we constructed a database containing CT images of circum-
scribed lesions in the liver and lung in which the lesions
were circumscribed by hand. Given this annotated database,
we submitted query images to the Query/Retrieval pipeline,
in which margin features of each lesion were computed, and
compared to those of the existing images in the database, pro-
ducing a ranked list of images in the database in decreasing
order of similarity (in terms of margin characteristics) to the
query image. We used the Scoring for Evaluation pipeline to
compare the resulting ranked list for each query image to an
independent subjective standard for image margin similarity.
Sections II.A.1–II.A.4 describe each of the components of our
system and method for evaluation.

II.A.1. Margin sharpness feature

We use two attributes to define the sharpness of the margin
of a lesion: (1) intensity difference: the difference between
intensities of the organ tissue surrounding the lesion and the
tissue inside of the lesion (“lesion substance”), and (2) mar-
gin blur: the abruptness of the transition in intensity from the
lesion substance to the normal organ tissue surrounding the
lesion. A sharper margin will have a more abrupt transition
and may have a higher difference of intensities outside and in-
side the lesion, whereas a blurred margin will have a smoother
transition and may have a smaller intensity difference (the in-
tensity difference may be complicated by the contrast bolus—
see Sec IV). Our feature to characterize the sharpness of the
margin captures these two attributes. As described in Secs.
II.A.2–II.A.4, each input image consists of a region of interest
(ROI) circumscribing the lesion, which in our case was drawn
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FIG. 2. (a) Cropped CT image containing a lung nodule with a normal line and ROI drawn. (b) Pixel intensity values along the normal line (solid line) and
fitted sigmoid (dashed line) showing the scale and window parameters.

by radiologists, but could also be generated automatically by a
CAD system or automated segmentation algorithm. To gener-
ate the margin sharpness feature, we first represent the ROI by
a piecewise cubic polynomial curve (interpolated from 10–20
control points drawn by a radiologist). We next draw normal
line segments of length T pixels across the boundary of the
lesion at fixed intervals around its circumference (the fixed
interval is the larger value of 1 pixel and the length of the
boundary in pixels divided by 200). Intensity values are then
recorded along these segments using bilinear interpolation.
We next fit a sigmoid function (Fig. 2) to these values using
a robust weighted nonlinear regression.24 For each line I, the
problem can be formulated as

arg min
S,W,xo,Io

∑
x

⌊
I (x) − Io − S

1 + e− x−xo
W

⌋
,

where x is the distance along the normal, xo is the intersection
of the boundary point with the normal, I (x) is the intensity
along the normal at x, and Io is the intensity offset.

Two parameters, scale (S) and window (W) from the sig-
moid are then used to characterize each line segment I. The
scale measures the difference in intensities outside and inside
the lesion, and the window characterizes the margin blur by
measuring the transition from the lesion to surrounding nor-
mal organ tissue at the boundary. We set the range of W to be

−2*T to 2*T and the range of S to be −1000 HU to 1000 HU.
If fitted parameters are out of the range, we do not include the
result into the feature vector.

II.A.2. Margin sharpness feature implementation

The margin sharpness of each lesion is represented as a
feature vector composed of [two] 30-bin histograms of the
scale and window parameters obtained from each normal. We
remove outliers by discarding values below the 5th percentile
and above the 95th percentile for each parameter before con-
structing the histogram. Each histogram is normalized to have
unit area. The feature vector is the concatenation of the two
histograms.

It should be noted that in creating this computational rep-
resentation of the lesion boundary, it is assumed that each nor-
mal line segment includes both lesion substance and normal
organ tissue surrounding the lesion. However, for lesions at
the edge of an organ, a portion of the circumference of the le-
sion will be adjacent to some structure other than the normal
surrounding organ. Figure 3(a) shows such an example. Due
to the possible changes in intensity between the organ and its
surrounding tissue, the line segments drawn on the border of
the organ do not have enough information to characterize the
margin of the lesion. Including the scale and window param-
eters obtained from the line segments from this portion of the

(a) (b) (c) (d)

FIG. 3. (a) Cropped lung CT image displayed at standard lung window-level setting, with ROI outlined (in dark gray) by radiologist. (b) Automatically
segmented lung region (in gray) showing filling defect caused by inadequate segmentation near the lesion and the ROI outline (in white). (c) Final lung
segmentation mask (the union of the automatically segmented lung mask and the lesion mask). (d) Cropped lung CT image with line segments (in white) that
are completely inside the lung mask.
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(a) (b) (c)

FIG. 4. (a) Cropped lung CT image containing a lung nodule in the center, displayed at standard lung window-level setting. (b) Same as (a), with a 3-pixel-thick
shell marking where Gilhuijs’s margin measurement is performed. (c) Same as (a), with two 1-pixel-thick shells marking where Levman’s margin measurement
is performed.

lesion circumference would introduce errors into the margin
feature. We tackled this limitation by omitting the line seg-
ments drawn near or on the organ border.

For purposes of this paper, we obtained the liver bound-
aries manually and lung boundaries automatically. For each
CT image containing liver lesions in our dataset, a radiologist
traced the liver border. For each CT image containing lung
nodules, we applied optimal gray-level thresholding to obtain
a lung region mask from the CT images,25 where voxels with
value of 1 correspond to the voxels that belong to the lung and
voxels with value of 0 correspond to the voxels that do not. As
shown in Fig. 3(b), simple fully automated lung segmentation
algorithms often perform poorly when severe lung disease is
present in the patient.26

In our work, since radiologists have already identified
these lesions, satisfactory lung region segmentation in the
region near the lesion was obtained by taking the union of
the automatically segmented lung region mask and the lesion
mask (where voxels with value of 1 represent the voxels that
belong to the lesion) and filling any holes. Figure 3(c) shows
the final lung segmentation mask. Once we obtain the organ
masks (manually or automatically), we omit fitting a sigmoid
to those line segments that are not completely contained in-
side the organ mask, illustrated in Fig. 3(d).

II.A.3. Prior work on characterizing edge features
of lesions

Prior work on developing features to characterize lesion
sharpness has been conducted, primarily in breast lesions. In
breast MRI literature, the most commonly used mathemati-
cal methods for characterizing margin of lesions were first
presented in Ref. 22. The method examines the three-voxel
shell that marks the outer contour of the lesion. As shown in
Fig. 4(b), Gilhuijs’s two margin measurements, margin gradi-
ent and variance of margin gradient, are based on the average
and the variance of the spatial gradient of the subtracted en-
hancement data from the light gray shell. The two features are

given by

MGilhuijs,mean = max
i=0,...,M−1

{
meanr ‖∇Im(r)‖

meanr Im(r)

}
,

MGilhuijs,var = varr ‖∇Im(r)‖
[meanr Im(r)]2 ,

where Im(r) is the signal intensity of a voxel and the range of
vector r in Im( · )is limited to the three-voxel shell centered
on the surface of the lesion.

Levman23 recently proposed a similar method to use the
voxels that are close to the edge of the lesion (but still
in the lesion) and those that immediately neighbor the
lesion (but are outside the lesion). This is demonstrated in
Fig. 4(c), where the 1-pixel rings are colored dark gray and
light gray for outside and inside the lesion, respectively. The
margin measurement is defined as

MLevman = I (ri) − I (N (ri))

d
,

where ri represents voxels on the inner ring, I(ri) is the sig-
nal intensity of a voxel located at position ri, N(ri)is the six-
connect three-dimensional neighborhood operator, which pro-
vides a set of voxel positions that neighbor ri but are outside
the lesion ROI, and d is the normalization term.

To compare these existing edge feature methods to ours,
we incorporated the organ masks in our image database as
we did in Sec. II.A.2. In Gilhuijs’s method, we excluded the
segments of the three-voxel shell that cover any voxel from
the border of the organ. In Levman’s method, we excluded
the voxel from the inner ring when its closest neighbor pixel
is on the edge of the organ.

II.A.4. Robustness of the features

To evaluate how our feature might perform given likely
inter-reader variation in circumscribing lesion margins, we in-
vestigated the robustness of our feature against several vari-
ations in the lesion margin. We created five types of defor-
mations of the radiologist-drawn margin for each lesion as

Medical Physics, Vol. 39, No. 9, September 2012
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FIG. 5. Examples showing the modified lesion contour (light gray) with respect to the original lesion contour (dark gray) under the following operation:
(a) dilation (b) erosion (c) translation (d) rotation (e) random mutation. Circles are controls points of piecewise cubic splines.

follows: (1) dilation, (2) erosion, (3) translation, (4) rotation,
and (5) random warp, as illustrated in Fig. 5. For (1) and (2),
we dilated/eroded the lesion margin by 0.1*Rmax, where Rmax

is the maximum diameter of the lesion. For (3), we shifted the
lesion margin by 0.1*Rmax in a random direction. For (4), we
rotated the lesion margin by 10o clockwise. For (5), we moved
a random 30% of the control points that were used to gener-
ate the cubic spline of the lesion margin in a random direction
by as much as 0.1*Rmax. We chose these types and magni-
tudes of deformations to cover the space of expected tracing
when all readers would agree the edge is roughly in the same
place, but did not trace it exactly so. We then computed our
margin sharpness feature for the images with deformed le-
sion boundaries, and compared the results with the manually
traced lesion margin.

II.B. Image datasets

We used two types of images for testing the margin sharp-
ness feature. Simulated images were generated to evaluate the
correctness and robustness of the feature. We also built two
datasets of clinical images containing lesions in two different
body organs (liver lesions and lung nodules) to evaluate our
feature.

II.B.1. Simulated images

The margin sharpness feature describes two aspects of the
margin of a lesion: the margin blur as well as the intensity
difference across it. To assess the ability of our feature to ac-
curately represent these parameters, we ran experiments on
81 simulated circular lesions with known but varying margin
sharpness. Each simulated lesion was characterized by two
free parameters: (1) the difference between the average inten-

sity of the lesion substance and the surrounding organ (which
for purposes of this experiment we assumed is liver), and (2)
the amount of Gaussian blur applied to decrease the sharp-
ness of the margin. To generate the image, a circular patch
of darker intensity (lesion) was placed on a rectangular patch
of lighter intensity (liver) with the appropriate Gaussian blur.
The average intensity of the liver was set at 140 HU as is
typical in portal venous liver CT scans. The difference in in-
tensity between the lesion and the liver, and the degree of blur
were varied independently with 9 levels each, thus generat-
ing 81 images. The blur levels corresponded to the size of the
Gaussian kernel with standard deviations of 1–5 pixels. The
intensity difference levels corresponded to a difference in in-
tensity between the outside and inside of the lesion from 40
to 120 HU in increments of 10 (Fig. 6).

To make our simulated images realistic, we added corre-
lated noise; this was produced using a water phantom.27 Four
water phantoms were scanned and a 5 × 5 autocorrelation
matrix representing the noise correlation in CT scans was gen-
erated from each. Autocorrelation matrices from each image
were then averaged to produce a single average autocorrela-
tion matrix. Initially, Gaussian noise was added to the image.
The noisy image was then convolved with the autocorrelation
matrix to introduce correlated noise. We set the noise level
to be close to that observed in abdominal CT scans (standard
deviation is 10 HU).

II.B.2. Clinical images

Under IRB approval for retrospective analysis of deiden-
tified patient images, we selected 79 portal venous phase CT
images containing liver lesions and 58 CT images contain-
ing lung nodules from our hospital PACS system. The liver
images were acquired on Siemens Sensation 64 (number of

Medical Physics, Vol. 39, No. 9, September 2012
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FIG. 6. Simulated lesions with increasing margin blur from left to right and decreasing intensity difference across the margin from top to bottom.

cases, n = 21), Siemens Sensation 16 (n = 7), Siemens Vol-
ume Zoom (n = 8), GE Medical Systems LightSpeed 16
(n = 19), GE Medical Systems LightSpeed Qx/i (n = 17), and
GE Medical Systems LightSpeed Ultra (n = 7) with mean cur-
rent of 343 mA (range, 235–519 mA) and voltage of 120 kVp
and slice thickness of 5.0 mm; the lung images were acquired
on GE Medical Systems Discovery CT750 HD CT scanner
(n = 35) and Siemens Sensation 64 (n = 23) with mean cur-
rent of 340 mA (range 159–472 mA) and voltage of 120 kVp,
and slice thickness of 1.25 mm. The 79 liver lesions (25 cysts,
24 metastases, 14 hemangiomas, three abscesses, one fat de-
position, one laceration, five focal nodular hyperplasia, and
six hepatocellular carcinomas) were derived from 44 patients
(23 male and 21 female), mean age 61 yr old (range, 26–92
yr) and the 58 lung nodules were derived from 57 patients
(24 males and 33 females), mean age 66 yr old (range, 32–
84 yr). A radiologist circumscribed each lesion on the most
representative cross section, generating an irregular ROI. For
each liver CT image, the radiologist also delineated the liver
boundary around the lesion.

II.C. Evaluation

II.C.1. Evaluating margin sharpness features
in simulated images

Since we compare the performance of our margin sharp-
ness feature to the two existing methods (Sec. II.A.3), and
these measure the gradient along the lesion boundary, we
computed the actual gradient along the lesion boundary in
each of our simulated images. Although our feature does not
measure the gradient directly, we derived the gradient from
our feature by taking the ratio of the intensity difference pa-

rameter to the window parameter. We determined agreement
between the gradient computed by our feature in this way and
the actual gradient using the concordance correlation28 and
Bland–Altman analysis.29 For the existing margin sharpness
features (Sec. II.A.3), we performed the same evaluation on
MGilhuijs, mean and MLevman vs the actual gradient in the simu-
lated images.

For each of the three methods, to investigate the robust-
ness of the derived features to the given location of the lesion
boundary, we the concordance correlation of the features ex-
tracted using the original boundary to the ones extracted using
modified deformed boundaries as discussed in Sec. II.A.4.

II.C.2. Evaluating margin sharpness features
in clinical images

II.C.2.a. Generation of reference standard for clinical im-
ages. Five readers (three board certified, fellowship-trained
radiologists with 20-yr, 19-yr, and 5-yr experience of abdom-
inal imaging and two senior researchers in the medical imag-
ing field) viewed each liver lesion image and five readers (four
board certified, fellowship-trained radiologists with 20-yr,
19-yr, 15-yr, and 5-yr experience of abdominal imaging and
one senior researcher in the medical imaging field) viewed
each lung nodule image. The ROIs used in this setting were
also used later for computing the edge feature for all methods.
Each reader rated the “lesion margin definition” (how clearly
or poorly defined the margin was visualized) for each image
on a scale of 1 to 5 (1 = poorly defined margin and 5 = clearly
defined margin). They were instructed to consider only the
definition of the margin of the lesion in making this rating.
They did not consider the boundary shape, size, or location

Medical Physics, Vol. 39, No. 9, September 2012
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within the organ, nor did they consider any clinical data that
might have implied a specific lesion type. Given these scores,
we defined the reference standard of similarity in margin char-
acteristic between two images i and j as

Sij = 5 − 1

5

5∑
k=1

(∣∣Rik − Rjk

∣∣),

where Rik is the rating given by kth reader to ith image. The
reference standard similarity scores are in the range of [1–5]
with 1 being least similar. We defined the computed similar-
ity of a pair of lesions as the inverse of the sum of differences
between corresponding elements of the respective feature vec-
tors that describe them.

We assessed interobserver variability in the reference stan-
dard for the clinical images using Fleiss’ kappa test.30 This
test evaluates the consistency of raters using categorical rat-
ings and returns a score from 0 to 1, with 0 denoting complete
disagreement and 1 denoting complete agreement.

II.C.2.b. CBIR experiments. We performed a series of
queries using one image at a time from our collection to rank
order the remaining images (performing separate queries for
the liver lesion collection and the lung lesion collection), and
we used the normalized discounted cumulative gain (NDCG)
measure31 to evaluate the ranked output for each query. Dis-
counted cumulative gain (DCG) takes K as a parameter and
assigns a score to each permutation of the top K entries in
the ranked list based on the number of violations of a perfect
ranking in the output. A maximum score is achieved when,
for a given query image, no images of lower similarity score
in the reference standard appear before higher scores in the
ranked list of K images (e.g., the score decreases when an
image with similarity 3 follows an image with similarity 2).
DCG also weights higher positions more than the lower ones.
Thus, any out-of-order images in the top few positions have
a higher impact than out-of-order images in the last few po-
sitions. Normalization is carried out by dividing DCG by the
maximum attainable DCG for the particular output to yield a
NDCG score for the top K positions of a ranked output. The
NDCG score varies from 0% to 100%, higher being better.

II.C.2.c. Statistical analysis on NDCG scores. We used
the paired Wilcoxon test32 to test the null hypothesis that there
is no significant difference in the NDCG(K) scores obtained
from two different methods (i.e., our proposed and Gilhuijs’s
method, our proposed and Levman’s method). We performed
the Wilcoxon tests at K = 5 and K = 10, since radiologists
are more interested in these top ranked images.

To investigate the robustness of the features to variations in
how the margin is drawn, we applied boundary deformations
to each query image, as described in Sec. II.A.4. For testing
for robustness of NDCG scores across the deformed lesion
outlines, we used Schuirmann’s paired two one-sided equiv-
alence tests (TOST) (Ref. 33) for determining equivalence of
NDCG scores obtained using original outlines and deformed
outlines. We tested the null hypothesis that the mean NDCG
score obtained from one method differs at least 20% from the
one obtained from the other method.
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FIG. 7. Bland–Altman plot showing the mean difference in the measured
gradient by the proposed method and the actual gradient (solid middle line)
and 95% limits of agreement (dashed lines). Unit is HU/pixel.

II.D. Parameter sensitivity experiments

In Sec. II.A.2, we recorded pixel intensity values along
the normal line segment of length T pixels. Based on empiri-
cal studies, we have selected T to be 10. In order to evaluate
the sensitivity of the choice of T, we investigate the average
NDCG scores among top 10 retrieved images with respect to
T, as T varies from 6 to 15 with an interval of 1.

III. RESULTS

III.A. Experiments with simulated images

The Bland–Altman plot (Fig. 7) shows consistent mea-
surement of the actual gradient by our method with a mean
difference of 0.61 HU/pixel and 95% limits of agreement of
5.3 HU/pixel. The concordance correlation between the mea-
sured gradient and the actual gradient was 0.994 (95% confi-
dence interval 0.991, 0.996).

Figures 8(a) and 7(b) show Bland–Altman analysis for
Gilhuijs’s and Levman’s method. For Gilhuijs’s method, the
mean difference is −6.09 HU/pixel and 95% limit of agree-
ment of 16.33 HU/pixel. For Levman’s method, the mean dif-
ference is −10.44 HU/pixel and 95% limit of agreement of
14.37 HU/pixel. As summarized in Table I, the mean concor-
dance correlation between Gilhuijs’s measured gradient and
the actual gradient was 0.900 and the mean concordance cor-
relation between Levman’s measured gradient and the actual
gradient was 0.881.

Table II summarize the concordance correlation between
the actual gradient and the measured gradient by (1) the
proposed method, (2) Gilhuijs’s method, and (3) Levman’s
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FIG. 8. (a) Bland–Altman plot showing the mean difference in the measured gradient by Gilhuijs’s method and the actual gradient (solid middle line) and 95%
limits of agreement (dashed line). (b) Bland–Altman plot showing the mean difference in the measured gradient by Levman’s method and the actual gradient
(solid middle line) and 95% limits of agreement (dashed line). Unit is HU/pixel.

method after the deformations to the lesion boundary dis-
cussed in Sec. II.A.4. Our feature predicts the gradient param-
eter quite accurately with very high concordance correlation
(greater than 0.98 in all cases), in scenarios with and without
a deformed lesion boundary. Gilhuijs’s and Levman’s mea-
sured gradient features correlated with the actual gradient pa-
rameter, in general, but these methods are not as robust as our
method to the change in lesion boundary. The concordance
correlation using Gilhuijs’s method and Levman’s method for
scenarios with a deformed lesion boundary ranges from 0.52
to 0.91 and 0.49 to 0.88, respectively.

III.B. Experiments with clinical images

The largest diameters of the liver lesions ranged from
1.0 cm to 14.4 cm with a mean of 3.3 cm, and the largest
diameters of lung nodules ranged from 1.1 cm to 9.8 cm in
diameter, with a mean of 3.8 cm. Out of 79 liver lesions, 17
(22%) were on or very close to the boundary of liver and out

TABLE I. Table summarizing the concordance correlation (CC) between the
measured gradient and the actual gradient.

CC mean CC min CC max

Proposed method 0.994 0.991 0.996
Gilhuijs’s method 0.900 0.892 0.912
Levman’s method 0.881 0.862 0.894

of 58 lung nodules, 28 (48%) were adjacent to the pleural
wall.

Figure 9 shows the best, worst, and the mean NDCG scores
as a function of number of images retrieved for the clini-
cal dataset containing liver lesions [Fig. 9(a)] and lung nod-
ules [Fig. 9(b)] using the reference standard collected from
five readers. The NDCG scores indicate good performance of
the edge sharpness feature in the task of retrieving images of
similar-appearing lesions.

In order to compare the two existing methods that char-
acterize edge sharpness (Gilhuijs and Levman: Sec. II.A.3)
to our method that incorporates organ boundary knowledge,
we incorporated organ boundary knowledge into the exist-
ing methods. We computed the best, worst, and mean NDCG
scores using all three methods, and compared the results us-
ing Gilhuijs’s and Levman’s features with our margin sharp-
ness feature in the clinical datasets containing liver lesions
[Figs. 9(a), 9(c), and 9(e)] and lung nodules [Figs. 9(b),
9(d), and 9(f)]. Our proposed feature outperformed Gilhuijs’s
and Levman’s feature in terms of best case, mean, and
worst case error over all numbers of images retrieved (K)
(Fig. 9). Average performance advantage over Gilhuijs’s
method for best case, mean, and worst case NDCG over all
K was 1.5%, 3.0% (p = 0.001 at K = 5, p = 0.002 at
K = 10, paired Wilcoxon test), and 16.2% in the liver data
and 2.0%, 5.0% (p = 0.001 at K = 5, p = 0.002 at K = 10,
paired Wilcoxon test), and 11.7% in the lung data. Aver-
age performance advantage over Levman’s method for best
case, mean, and worst case NDCG over all K was 1%, 1.5%
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TABLE II. Table summarizing the concordance correlation between the measured gradient and the actual gradi-
ent, after five types of deformations to the lesion margin for each method. Each entry is formatted as: “min CC,
[average CC], max CC.”

Proposed method Gilhuijs’s method Levman’s method

Modified by (1) 0.993, [0.995], 0.996 0.801, [0.841], 0.869 0.423, [0.497], 0.552
Modified by (2) 0.988, [0.991], 0.993 0.441, [0.523], 0.586 0.557, [0.679], 0.772
Modified by (3) 0.991, [0.994], 0.996 0.760, [0.804], 0.835 0.603, [0.650], 0.683
Modified by (4) 0.988, [0.991], 0.993 0.908, [0.919], 0.923 0.867, [0.888], 0.902
Modified by (5) 0.991, [0.994], 0.996 0.906, [0.911], 0.927 0.740, [0.775], 0.800

(p = 0.001 at K = 5, p = 0.001 at K = 10, paired Wilcoxon
test), and 15.9% in the liver data and 2.0%, 4.5% (p = 0.001
at K = 5, p = 0.003 at K = 10, paired Wilcoxon test), and
12.0% in the lung data. We observe greater improvement for
the difficult cases.

Figure 10 shows example results of our system for retriev-
ing images containing liver lesions [Fig. 10(a)] and lung nod-
ules [Fig. 10(b)] with similar margin characteristics. It shows
that our system retrieves images with the most similar mar-
gin characteristics first, followed by images with less similar
margin characteristics.

Fleiss’ kappa was 0.22 (95% CI, 0.21–0.22) for the refer-
ence standard for liver lesions and 0.20 (95% CI, 0.19–0.20)
for the reference standard for lung nodules, respectively

For the proposed method, there is no statistically signif-
icant difference between the NDCG scores obtained using
the original lesion margins versus those obtained using the
deformed lesion margins in liver and in lung (quantitative
results for Schuirmann’s paired TOST are summarized in
Table III). However, for Gilhuijs’s and Levman’s method,
there is statistically significant difference between the NDCG
scores obtained using the original lesion margins versus those
obtained using the deformed lesion margins in liver and in
lung (quantitative results from paired Wilcoxon tests are sum-
marized in Tables IV and V).

III.C. Parameter sensitivity evaluation

Figure 11 shows how the mean NDCG score for top 10
retrievals for the two datasets varies with different line seg-
ment lengths T. From Figs. 11(a) and 11(b) we can see that
the mean NDCG score is relatively constant with T, with only
slightly worse performance at the extreme edges of scale. We
conclude that the segmentation algorithm is insensitive to the
parameters predetermined empirically.

III.D. Computation time

For the dataset containing lung nodules, the procedure of
margin feature extraction (excluding automatic lung segmen-
tation) required ∼170 s for all 58 nodules using a PC com-
puter (Intel Core 2 Dual 2.20 GHz with 4 GB of RAM). For
the dataset containing liver lesions, given the manual liver
segmentation, the procedure required 230 s for all 79 lesions.

This is about 8–9 times slower than the computation time re-
quired for Gilhuijs’s and Levman’s feature.

IV. DISCUSSION

In this study, we introduce a method for deriving a quanti-
tative feature to characterize the sharpness of the lesion mar-
gin in CT images. This feature may be useful in CBIR appli-
cations for retrieving similar-appearing lesions, since lesion
margin sharpness is an important aspect reported by radiolo-
gists and it varies depending on the type of lesion. Our margin
sharpness feature appears promising for assessing the blur and
intensity difference across the margin of the lesion; we have
shown good performance of this feature in simulated and clin-
ical images. In simulated images, we found good accuracy of
our feature in predicting the blur or intensity parameter; our
feature predicted the blur and intensity parameters with cor-
relation coefficient greater than 0.95 in all cases (Fig. 7). In
contrast, the correlation between the Gilhuijs’s and Levman’s
margin features and the blur parameters decays rapidly with
the increases in scale parameter, and in that case, the exist-
ing features become less discriminative for edges with small
amount of blur [Fig. 8(a)]. Because Gihuijs’ and Levman’s av-
erages several gradient measurements normal to the true edge,
these estimates can only be smaller than the gradient at the ac-
tual edge, which our method measures by fitting the sigmoid
function. This observation explains the decreased bias of our
method over the existing methods seen by comparing Figs. 7
and 8. Hence, when there is big intensity difference inside and
outside the lesion (i.e., in the clinical dataset containing lung
nodules), the proposed feature characterizes the lesion margin
better than the existing methods do, as shown in Fig. 9(b).

In clinical images, we have shown that our feature en-
ables retrieving images that are visually similar to a query
image (in terms of margin characteristics) with good perfor-
mance according to NDCG metrics in two different types of
lesions, liver and lung (Fig. 9). In Fig. 10(a), when queried
with a cyst liver lesion, which is known to have sharply de-
fined edges, the top three retrieved images were all cysts. All
retrieved images in the last row (the least similar images) were
lesions with other diagnoses. However, we did find substan-
tial spread between the best and worst cases [Fig. 9(a)]. This
may be due to a less than ideal reference standard (Fleiss’s
Kappa showed only fair inter-reader agreement between read-
ers whose assessments were averaged), to our use of only the
margin sharpness as an image feature for CBIR (other image
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FIG. 9. Best, worst, and average NDCG plotted for the dataset containing 79 liver lesions, using (a) proposed (c) Gilhuijs’s, and (e) Levman’s features. Organ
border knowledge is used in all methods. In (a), for K = 5, 10, and 15, the combined distance achieved an average NDCG score of 84%, 85%, and 85%,
respectively; In (c), for K = 5, 10, and 15, the combined distance achieved an average NDCG score of 78%, 79%, and 81%, respectively; In (e), for K = 5, 10,
and 15, the combined distance achieved an average NDCG score of 81%, 82%, and 84%, respectively. Best, worst, and average NDCG plotted for the dataset
containing 58 lung nodules, using (b) proposed (d) Gilhuijs’s, and (f) Levman’s features. In (b), for K = 5, 10, and 15, the combined distance achieved an
average NDCG score of 84%, 85%, and 85%, respectively; In (d), for K = 5, 10, and 15, the combined distance achieved an average NDCG score of 75%, 76%,
and 77%, respectively; In (f), for K = 5, 10, and 15, the combined distance achieved an average NDCG score of 73%, 75%, and 78%, respectively.
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(a)  

(b)

FIG. 10. Examples of retrieval of similar images using one (a) liver lesion and (b) lung nodule as the query image. Query image is in upper left of 8 images
in each subfigure, within which rankings go from highest on upper left to lowest on lower right. Due to space limitations, we only show the 3 highest rankings
and 4 lowest rankings. Numbers above each image, x (y), show x = computed edge margin similarity score and y = edge margin similarity from the reference
standard, both on a scale of 1 to 5 with 5 best.

features such as texture, shape, and other factors would cer-
tainly improve CBIR performance) and due to our simplified
approach to representing the margin feature using multiple ra-
dial lines and averaging the fitted parameters to create a single
composite feature. Some lesion types, such as hemangiomas
are heterogeneous and, therefore, edge sharpness would not

TABLE III. Table summarizing the Schuirmann’s paired TOST between the
NDCG scores obtained using the proposed method with original lesion mar-
gin and those with deformed lesion margin, at K = 5 and K = 10, respec-
tively. (p < 0.05 to reject the null hypothesis that there is statistically signifi-
cant difference between the NDCG scores).

K = 5 K = 10

Proposed method Liver Lung Liver Lung

Modified by (1) 0.006 0.003 0.003 0.002
Modified by (2) 0.006 0.004 0.004 0.003
Modified by (3) 0.001 0.005 0.004 0.003
Modified by (4) 0.003 0.002 0.001 0.004
Modified by (5) 0.002 0.001 0.001 0.001

be expected to be uniform around the entire periphery. Unlike
other existing methods, we do take into consideration the sit-
uation where a lesion is near the margin of a lesion; we omit
the radial lines that would not include the surrounding organ
in its entirety, thus eliminating the inclusion of unpredictable

TABLE IV. Table summarizing the paired Wilcoxon test between the NDCG
scores obtained using the proposed method with original lesion margin and
those with deformed lesion margin, at K = 5 and K = 10, respectively.
(p < 0.05 to reject the null hypothesis that there is no statistically signifi-
cant difference between the NDCG scores).

K = 5 K = 10

Gilhuijs’s method Liver Lung Liver Lung

Modified by (1) 0.020 0.090 0.020 0.010
Modified by (2) 0.005 0.007 0.003 0.001
Modified by (3) 0.006 0.008 0.003 0.004
Modified by (4) 0.008 0.007 0.002 0.005
Modified by (5) 0.030 0.003 0.020 0.001
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TABLE V. Table summarizing the paired Wilcoxon test between the NDCG
scores obtained using the proposed method with original lesion margin and
those with deformed lesion margin, at K = 5 and K = 10, respectively.
(p < 0.05 to reject the null hypothesis that there is no statistically signifi-
cant difference between the NDCG scores).

K = 5 K = 10

Levman’s method Liver Lung Liver Lung

Modified by (1) 0.008 0.006 0.003 0.020
Modified by (2) 0.001 0.005 0.009 0.001
Modified by (3) 0.002 0.009 0.001 0.005
Modified by (4) 0.003 0.004 0.003 0.005
Modified by (5) 0.006 0.009 0.001 0.006

structures surrounding the margin of the lesion as a source of
error in the margin sharpness feature.

To our knowledge, our work is novel in characterizing
the margin of lesions for enabling CBIR. Previous work has
been done for characterizing lesion’s margin from breast MRI
examination to discriminate between malignant and benign
lesions.22, 23 Finally, investigation of our feature in both liver
and lung lesions could suggest the utility of this feature in
characterizing lesions in other body regions.

V. LIMITATIONS

Our algorithm has several limitations. We assume that
there is an accurate segmentation of lesions in order to com-
pute the margin feature. Lesion segmentation was performed
by radiologists, and therefore may be subject to interobserver
and intraobserver variability. Although automatic lesion seg-
mentation in CT images remains an unsolved image pro-
cessing task, there is continued substantial progress in cer-
tain types of lesions. Various automated segmentation meth-
ods for liver lesions and lung nodules have been developed,
and some have even recently been deployed in commercial

applications.34–39 Since the accuracy of our features is a func-
tion of the accuracy of the lesion outline, our method will
benefit from the advancement and deployment of the above
methods.

A second limitation of our method is that in order for our
margin sharpness feature to account for the boundary of the
organ in computing the feature, the outline of the organ is
required. In some cases, such as in the lung, we were able to
automatically obtain this boundary information. However, in
other cases, such as in the liver, we required a hand-drawn
segmentation. Progress is being made recently in automated
organ segmentation, including liver, and thus this limitation
will likely lessen over time. Our method could be improved in
the future by using automated organ segmentation approaches
such as described in Refs. 40 and 41.

A third limitation is that the intensity difference in our mar-
gin sharpness feature can be confounded by factors other than
the intrinsic lesion characteristics, such as the use of con-
trast agents or variations in scanning parameters. Standard-
ization in acquisition parameters could reduce this problem,
and it is being recognized as being important as quantitative
methods such as ours are being developed to evaluate image
abnormalities.42

A fourth limitation is the small size of our dataset of 79
liver lesions and 58 lung nodules. However, our initial results
in these datasets appear promising and demonstrate the poten-
tial value of this feature. Due to the small size of our dataset,
some liver lesions were taken from the same patient. The cor-
relation of lesions from the same patient could bias the train-
ing of CBIR and reduce its ability to generalize to a large
database of cases. However, we also evaluated our method
in patients with solitary lung nodules, where this would not
present an issue. Moreover, our CBIR results were similar in
liver and lung lesion patients (Fig. 9), suggesting that the mul-
tiple liver lesions per patient did not bias our results.

A fifth limitation is that it is challenging to arrive at
a consensus reference standard from human observers for
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FIG. 11. Mean NDCG score for top 10 retrieved images as a function of the length of the normal line segment T for the dataset containing (a) liver lesions and
(b) lung nodules.
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lesion margin sharpness because of variations amongst view-
ing radiologists. We used five independent readers and aver-
aged their results to minimize these variations; however, the
usual interpretation of Fleiss’ kappa indicated only fair agree-
ment amongst the raters.43 We are exploring other methods
to obtain more accurate and precise reference standards for
evaluating clinical datasets.

A sixth limitation is that clinical data from different CT
scanner manufacturers and possibly using different protocols
may be highly variable in terms of image quality. The prelim-
inary results presented here, while a solid proof of concept,
should be extended to explore dependencies on these factors.

We also note that we used the margin sharpness as the only
image feature for CBIR. Our objectives in this paper were to
demonstrate a new robust margin sharpness feature and show
its utility for retrieving images of lesions with similar margin
sharpness. This feature can also be used as a component for
a more generalized CBIR that retrieves images that are more
generally similar (i.e., other similarities besides margin sharp-
ness, e.g., texture and shape features.13)

VI. CONCLUSION

In this paper, we have described a quantitative imaging fea-
ture to characterize the sharpness of the margin of lesions
on CT images. We have described our system implementa-
tion and provided experimental results on clinical and simu-
lated images. In simulated images, we have shown that our
feature predicts the gradient parameter more accurately with
very high concordance correlation (greater than 0.98 in all
cases) than two existing methods, in scenarios with and with-
out the precise lesion boundary. In clinical images, our pro-
posed method outperformed two existing margin characteri-
zation methods in terms of average NDCG scores over all K,
by 1.5% and 3% in datasets containing liver lesion, and 4.5%
and 5% in datasets containing lung nodules. Equivalence test-
ing also showed that our feature is more robust across all mar-
gin deformations (p < 0.05) than two existing methods for
margin sharpness characterization in both simulated and clin-
ical datasets. Thus, our results using this feature are promising
and suggest that it is useful for retrieving similar images of le-
sions, and it will likely be helpful in creating CBIR systems
in radiology.
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