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ABSTRACT

We proposed a local scale-based Hessian analysis method
for automated lymph node detection in contrast-enhanced
abdominopelvic CT scans. First, spine and pelvic girdle
were automatically segmented to locate the abdominopelvic
region. Blood vessels were then segmented to narrow the
search region to the perivascular space where lymph nodes
are located. Lymph node candidates were generated by
scale-based Hessian analysis. The detected candidates were
segmented by curve evolution. Characteristic features were
calculated on the segmented nodes. Support vector machine
was utilized for classification and false positive reduction.
We applied our method to 22 patients with 37 enlarged
lymph nodes. The system achieved 83% sensitivity at 5 false
positives per patient. Our results indicated that computer-
aided abdominopelvic lymph node detection is feasible with
a high sensitivity and a relatively low FP rate.

Index Terms — lymph node detection, Hessian matrix,
object scale

1. INTRODUCTION

Abdominopelvic lymphadenopathy is found commonly in
many diseases. Lymphoma and metastatic disease are two
example diseases often associated with abdominopelvic
lymphadenopathy [1]. According to the RECIST guidelines
[2], a lymph node is considered enlarged (swollen) if it is
more than 10 mm in diameter on computed tomography
(CT). It is important to detect and track over time enlarged
lymph nodes on serial images to assess therapeutic response.

Lymph node analysis is a significant part of daily
clinical work in radiology. Lymph nodes near primary
cancer regions are routinely assessed by clinicians for
accurate staging, prognosis, choice of proper therapy, and
follow-up of oncology patients. The assessment is usually
based on CT images. In the current clinical workflow,
radiologists and other physicians have to detect,
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quantitatively evaluate and classify lymph nodes by
manually examining all slices of CT scans. This process can
be very time consuming and error-prone. Therefore, a
system for automated Ilymph node detection and
measurement is desired.

Approaches for the segmentation of lymph nodes on CT
have been presented by several researchers. Rogowska et al.
[3] evaluated elementary segmentations such as thresholding
and watershed transformation for lymph node segmentation
and concluded that a high degree of model knowledge is
needed for a reliable segmentation. Honea et al. [4, 5] used
active contours and Yan et al. [6] applied the fast marching
method for lymph node segmentation. Dornheim et al. [7]
proposed a stable 3D mass-spring model for segmentation of
neck lymph nodes. Gorthi et al. [8] presented the
segmentation of head and neck lymph node regions using an
atlas registration model.

Little work has been done on the automated detection of
lymph nodes. Kitasaka et al. [9] proposed a 3D minimum
directional difference filter for automated detection of lymph
nodes on abdominal CT images. Barbu et al. [10] proposed a
machine learning based method for detection and
segmentation of axillary and pelvic lymph nodes on CT
images. Feuerstein [11] proposed Hessian analysis for
automated detection of lymph nodes on contrast-enhanced
chest CT images.

Object scale proposed by Saha et al. [12, 13] is a
fundamental, well-established concept in image processing.
The concept of object scale considers the local size of the
object on the image. This local size concept motivates us to
consider object scale in a Hessian analysis for blob-like
node detection.

In this paper, we propose a scale-based Hessian analysis
method for automated lymph node detection on contrast-
enhanced abdominopelvic CT images. The detection
response measure, blobness, is defined based on Hessian
analysis and a local object scale [12, 13]. Voxels with higher
blobness are clustered as lymph node candidates. Then, the
detected potential candidates are segmented by curve
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evolution [14]. Finally, features are calculated on the
segmented candidates and support vector machines (SVM)
classification is utilized for false positive reduction.

The complete methodology of our approach is described
in Section 2. We demonstrate in Section 3 both visually and
quantitatively the effectiveness. Our concluding remarks are
stated in Section 4.

2. METHODS

The method consists of four stages: (1) spine extraction, (2)
vessel segmentation, (3) lymph nodes candidate detection,
and (4) lymph node segmentation, feature computation and
selection for classification and false-positive reduction.

2.1. Spine and pelvic girdle segmentation

The system is designed to run on contrast-enhanced
chest/abdominal/pelvis CT images. Therefore, in the first
stage, the spine and pelvic girdle are automatically extracted
based on adaptive thresholding, morphologic operations and
region growing [15]. The lower half of the segmented spine
and the entirety of the pelvic girdle indicate the
abdominopelvic region. Figure 1 shows one example of
extracted spine and pelvic girdle.

2.2. Vessel segmentation

In the second stage, blood vessels (abdominal aorta,
common iliac artery, internal and external iliac arteries) are
segmented using fuzzy connectedness [12]. Hough transform
is utilized to automatically find the center of the aorta. This
center is used as the seed point for vessel segmentation
(Figure 1). The search region for lymph nodes is then
defined by dilating the segmented vessel by a square.

Figure 1. Extracted spine (red) and pelvic girdle (brown) and
vessels (green) .
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2.3. Lymph nodes candidate detection and segmentation

2.3.1. Scale computation

In the third stage, a local object scale [12] is computed at
every voxel in the search region. The object scale k(c) at
every voxel c¢, is defined as the radius of the largest
hyperball centered at the voxel ¢ such that all voxels within
the ball satisfied a predefined image intensity homogeneity
criterion. First, for any voxel ¢ in a given image, a digital
ball of radius r centered at c is the set of voxels,

B (o)={d|[|d -] <r}, (1)

where ”d — c|| denotes the distance between voxel ¢ and d.

Then, a homogeneity fraction, FO (c), is defined, that

indicates the fraction of the ball boundary occupied by a
region which is sufficiently homogeneous with ¢ by

> s W@ = (@)

FO,(c) = B,(c)— B, ()|

)

where |Br(c)—Br_1(C)| is the number of voxels (i.e.,

volumes of ) in B (¢)—B, ,(c), f(c)is the intensity of
voxel ¢, and W (x) is a homogeneity function defined by

2
X

Wx)=e 2. 3)

The algorithm of scale computation initializes k(c) at every
voxel ¢ as 1. Then it iteratively increases the ball radius r by

1, and checks for the fraction of the object FO (c)

containing c that is contained in the ball. The first time when
this fraction falls below a predefined constant, we consider
that the ball contains an object region different from that to
which ¢ belongs and set k(c) as r. Further details can be
found in [12].

2.3.2. Scale-based Hessian analysis

Then we compute the Hessian matrix for each voxel in the
search region by convolution with the second and cross
derivatives of a Gaussian with .

Ixx Ixy Xz
Ho =\, I, I, )
sz Izy Izz

I(x,y,z) is the image intensity at voxel (x,y,z). The
corresponding eigenvalues of H are A;, Ay, Az, (|A| <[ho| <[As)).
For each voxel, a blobness B,(A) detection response measure
is defined as:



B.(A) _{(l—e"5/2)(1—5“/2)@"5’2 if 2, <0fori=1,2,3

0 otherwise
)
with
|
R =T )
2
S=\A+25+1, (6)

R.=k(c)-20.

The detection response B,()) is defined between 0 and 1 and
will be maximum when ¢ and the actual size (radius) of the
blob to detect approximately match (i.e. k(c)=2r). Ideally,
the center of the blob has the maximal detection response.
The o subscript in B, indicates that blobness is
computed on a smoothed version of the image and is
therefore representative of the variations of image intensity
at the spatial scale 0. In our application, blobness is
evaluated at 0=2.5, 3.5 and 4.5 mm, and finally the
maximum response By(A) is selected for every voxel:

B)=_max B,(4)

oe{2.5,3.5,4.

(7

Since voxels with higher blobness are likely to be lymph
nodes, voxels with B(1) >0.2 are clustered based on
connectivity and the clusters with at least 10 voxels are
considered as potential lymph node candidates.

To remove common false positives such as muscles or
organs, the algorithm shoots rays in 24 directions from each
candidate's centroid. These 24 directions include 8
directions (every 45 degree) in three orthogonal planes. In
each direction, local maxima of the gradient is computed and
those detected candidates with longer z direction (muscles)
or candidates with non-symmetric rays in xy direction
(organs) are removed from the detection list.

2.4 Segmentation of lymph node candidates and false-
positive reduction

The detected candidates are segmented using curve
evolution [14] where the centroid of each candidate provides
the initial curve. As the Hessian analysis produces many
false positive lymph node candidates, characteristic features,
such as intensity, volume, curvatures, and shape-related
features are calculated for the segmented candidates.
Support vector machine (SVM) classification is applied for
false positive reduction.
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3. RESULTS

The patient population consisted of 22 patients with
enlarged abdominopelvic lymph nodes on intravenous
contrast-enhanced CT images . The use of the data was IRB-
approved. Each patient had at least one lymph node
measuring 10 mm or greater in diameter. A medical student
under the supervision of a radiologist manually traced 37
lymph nodes (21 mm + 6.8 mm) to form the reference
standard.

Performance of scale-based Hessian analysis was
evaluated and compared with Frangi's [16] and Li's [17]
blobness methods. These two blobness methods are also
based on Hessian analysis and are comparable to our method.
The system using our scale-based Hessian analysis achieved
83% sensitivity at 5 false positives per patient. The system
achieved 68% and 52% sensitivities at 5 false positive per
patient for Frangi's and Li's blobness, respectively. Figure 2
shows the 10-fold cross validation free response receiver
operating characteristic (FROC) curves for the three
methods. Examples of the search region, a false positive
removed by the ray shooting and a detected lymph node are
shown in Figure 3.
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Figure 2. 10-fold cross validation FROC of three blobness
methods: our scale-based (red), Frangi's (blue) and Li's
(green).

4. DISCUSSION AND CONCLUSIONS

In this paper, we presented a scale-based Hessian
analysis method for automated abdominopelvic lymph node
detection on CT images. Local structure by object scale and
shape discrimination by Hessian analysis are simultaneously
considered in the detection response measure.

The detection of single or isolated blobs is not difficult.
Detection is more complicated when blobs and other
structures are very close to each other, which is normal in
biomedical images. This is because the smoothing during the



multi-scale Hessian analysis blurs the boundaries too much
and thus causes a strong detection response in the close-by
boundary regions. The new method proposed in this paper
overcame this problem by introducing an object scale-based

2
term ¢ *’%in the blobness definition (eq. (5)). This term

produces a weak detection response in those regions and
diminishes this problem.

Figure 3. Example of lymph node detection. True and false
positive detections in the pelvis are shown. The 3D ray
tracing eliminated the false positive on a normal muscle. The
segmented lymph node (pink), pelvic girdle (brown) and
search region (yellow) are also shown.

Many false positives arise from the muscle, intestines,
and other organs. Therefore, in the future, in addition to
blood vessels, organs will be included as other important
biomarkers for lymph node detection. For example,
segmentation of organs could be utilized to limit search
region. In the false positive reduction stage, the detection
candidate will be considered as false positive if 5% of its
volume falls within the extracted organs.

In summary, our scale-based detection algorithm is
accurate for automated lymph node detection in
abdominopelvic CT images. CAD with this method may
yield a high sensitivity and a relatively low FP rate.
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