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Abstract:

While various methods of CAD of lung nodule detection in CT scans have been proposed, a
recurring paradigm in existing methods is the focus on identifying nodules based on shape and intensity
characteristics. Particularly, many methods have focused on distinguishing the more spherical shape of
lung nodules from the more elongated and cylindrical anatomical features of the lung, such as is the case
of blood vessels. The proposed method seeks to exploit curvature information obtained from
eigenanalysis of the image Hessian to create a better weighting mechanism for HoG methods, allowing
the histogram to be influenced more heavily by voxels that belong to more blob like structures as oppose
to elongated or planar structures. The weighted histogram would then be used to create a 3D shape
descriptor for a volume of interest that can then be classified by a linear SVM.

Related works:

Common methods for lung nodule detection involve template matching based on gradient
intensities and orientation [1,2,3], identifying nodules based on the properties of an ellipsoid fit to the
region of interest [4] or of properties of a volume of interest’s eccentricity and circularity [5]. In these
cases, the methods attempt to exploit underlying shape properties common to lung nodules for the
purpose of detection. Particularly, shape information is used to distinguish the more spherical shaped
cancer lesions from the more elongated shaped blood vessels. Sato, Yoshinobu, et al [ 6 ] showed that
local shape analysis obtained from eigen analysis of the image Hessian could be used to distinguish
different types of tissue when rendering visualizations of scanned data. Mendonga, Paulo RS, etal. [ 7]
developed a model-based analysis of local shape for lesion detect in CT scans, but used curvature tensor
analysis rather than analysis of the image Hessian, to avoid shape mischaracterizations that can occur at
inflection points of an intensity profile. Some of these issues arise in methods that use averaged
characteristics of the hessian to form feature sets [8]. Similarly, Epstein et al [9] methods for detecting
colonic polyps based on local curvature features, as well as Daniels, Florie, et al [10] showed that
eigenanalysis of the image Hessian can be used to distinguish tube, blob and plane like structures within
an organ, particularly when distinguishing between nodules and blood vessels or organ walls. Thus, the
propose method seeks to adapt the general structure outlined in Yang, Periaswamy, and Wu [1], but
create a shape descriptor that is more heavily influenced by voxel that belong to lung nodules as oppose
to voxels that originate from irrelevant anatomic structure such as blood vessels.
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Figure 1: A) Chest CT slice, with anatomic structure of the lung indicated, B) Corresponding volumetric density histogram
annotated with typical lung anatomic structure (image adopted from ZHAO et al, [3])

Lung Volume Segmentation:

The algorithm automatically generates a 3d volumetric mask to isolate the internal volume of the
lungs from each CT scan, to avoid analysis of irrelevant portions of the entire CT scan. The process used
in this method is similar to the methods for lung volume extraction in CT scans presented in [1, 2, 3, 11],
and focuses on identifying voxels within the CT scan whose associated density falls within a
predetermined range. Analysis conducted in [3, 11] showed that the majority of relevant lung tissue could
be isolated by thresholding the source image between -900 and -370 Hounsfield units (see figure 1: A),
as the majority of bone, fat and muscle structure is associated with a distinguishable density value
outside of this range. However, voxels within the background may fall within the target threshold range
(see figure 1: B). To remove these sections, the thresholded mask is divided into components, via a 3D
connected components method based on the union find algorithm. Any connected component that
consists of too few voxels are discarded, as well as any component that touch the image boundary,
leading to the mask seen in figure 2: C. Finally, to fill in the small gaps present in the mask and to remove
elongated thin components, the mask is processed using a 3D morphological closing operator to produce
the final 3D lung volume as seen in figure 2: D.

(A) (D)
Figure 2: (from left to right):
A) A slice of the original ct scan, B)The initial thresholded mask, C) the mask after all connected components that touch
the image boundary are removed, D) The final lung volume mask after 3d image closure



Image derivatives:

In the presented method, the first and second order image intensity derivatives are computed
using 3D Deriche filters [12] as separable 1D convolutions with normalization coefficients chosen
according to the specifications presented in [13]. In this formulation, the following functions are defined:

Smoothing operator:

fo(x) = co(1 + alx)e~*
First Derivative operator:
fi = c;xa?e %
Second Derivative operator:
f2 = c2(1 = czalx e~
By construction, each function is proportional to the derivative of the previous function, except at x = 0,
where the functions are not differentiable. These functions are used as convolution filters, which smooth
the input image (the degree to which is controlled by the filter width) and generate the first and second
order partial derivatives. The normalization coefficients c,, ¢;, c,, c; are chosen such that

ffo ()dx =1
[ o ax =1
ffz (x)dx =0 and fx; £, ()dx =1

To ensure that a convolution by these filters yield the correct derivatives when applied to polynomials.
Then, the normalization coefficients are specified for discrete convolution as:
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Where the value of a controls the degree of smoothing. In practice a is chosen as 1 for the smoothing
function and first order partial derivatives, and as 0.7 for second-order derivatives (where a larger degree
of smoothing is required to avoid influence from noise). Then, to compute smoothed partial derivatives,
the image, I(x,y,z) is convolved with the appropriate series of filters, for example the partial derivatives in
x can be computed with the following convolutions:
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Curvature:

Using the first and second order partial derivatives calculated in the previously described manner,

a local curvature features can be computed. Using the second order Hessian matrix as the local shape

descriptor:

[ dI? dI? dr?
dx? dxdy dxdz
dr? dI? dr?

dydx d_y2 dydz
dI? dI? dr?

|dzdx dzdy dz?

The principal curvature and principal directions can be computed as the eigenvalues and eigenvectors of
the second order hessian matrix. The eigenvalues, 4,4, 4,, 1,, where |1,| < [4,] < |4,], correspond to the

rate of change in intensity along the intensity surface in the principal directions and can be used together
to determine the local shape.

Eigenvalues Structure
Ao=0,4,=0,4,=0 Noise
Ao=0,4, =01, <— Bright plane
o= 0,4, =0,1,> H Dark plane
=0, < —-H, 1, <—-H Bright tube
A= 0,44>H A >H Dark tube
Ao <—H, A <—-H, 1, <—H | Brightblob
Ag> H, Ay > H, A, >H Dark blob

Table 1: Eigenvalues of the local shape descriptor and their associated structure, where H is a suitably high threshold.



Method:

The proposed method follows the HoG based method outlined by Yang, Periaswamy, and Wu [1],
but uses a different weighting function for the contribution of each voxel to its respective histogram bin. As
is the case in Yang, Periaswamy, and Wu [1], the volume of interest is split into 8 quadrants. Then, within
each quadrant, a weighted histogram is generated. The histogram gives a shape descriptor of the
quadrant within the volume of interest that is general, sparse and flexible to variations in nodule shape
and size.

Within each histogram, 8 bins are used to represent the orientation of the unsigned angle of the
3D gradient projected onto the xy plane, 6,, (allowing for 20 degree increments between bins) and 4 bins
are used to represent the orientation of the unsigned angle between the 3D gradient and z axis, 6,
(allowing for 45 degree increments between bins). These angles can be computed as:

dy
O,y (x,y,2z) = arctan (E)

Jdx? + dy?
0,(x,y,z) = arctan (T)

In the proposed method, for each voxel in the quadrant that is within the lung volume mask, its
contribution the histogram is weighted by its gradient magnitude Dy and by a function of its principal
curvature values. The weighting function is chosen based on the outcomes shown in table 1, where the
function should respond closer to 1 as the local shape descriptor is more indicative that the structure is a
bright blob, respond as 0 for indications of dark structures and closer to 0 for structures whose shape is
dominated by a single large principal curvature. Thus, the following function is defined:
1ifA<-H

0ifA>0
i 141)

H

Then, the weighting of the voxel for the histogram is computed as:

1+ K, +K(A, A,
Hi(uexy)=ZDM(x,y’Z)_( + K( )+4( )+ K(13))

Thus, the weighting determined by the principal curvatures is largest for blob structures, and weakens for
more cylindrical or plane like shapes. However, it will not completely ignore voxels that do not have the
desired shape characteristics. Using this scheme, each volume of interest produces 8 histograms, each
consisting of 9 xy orientation bins followed by 4 z orientation bins. Each histogram is normalized by the
largest gradient magnitude seen in the respective quadrant and the histograms are scaled based on the
size of the volume of interest, to avoid sizing issues between different volumes of interest.

KQ) =

Classification and experimental results:

Once the weighted histograms are generated, they are used as 3D shape descriptors to be
classified by a linear SVM. In this case, the linear SVM implementation of dlib [14] is utilized. The training
set consists of 100 CT scans taken from the Lung Image Database Consortium (LIDC) [16]. Positive
training examples are derived from the labeling included in the data set, whereas 100-200 negative
training examples are randomly generated from each CT scan based on volumes consisting of a sufficient
number of voxels with large gradient magnitude that occur within the lung volume mask. The results,
averaged over 3 fold cross validation of the data set, are compared between the proposed method and a
“basic” HoG method. In the basic HoG method, the weighting is determined by the product of the voxel
gradient magnitude and a Gaussian Spatial kernel of the distance of the voxel to the volume of interest’s
center, such that points near the spatial boundary are favored [1].



Positive samples | Negative samples | Sensitivity Specificity
Basic HoG 288 537 81.15% %96.98
Proposed method | 288 537 85.37% %95.45

Table 2: Classifier results for 100 CT scans

The proposed method shows a small increase in sensitivity compared to the traditional HoG
model. In particular, it is more robust to volumes of interest that contain a small lesion with weaker
gradient magnitudes as well as blood vessels or other anatomical structures (figure 3D). In this case, the
proposed method is able to utilize the curvature information to mitigate voxel contributions to histograms
that originate from voxels that are a part of irrelevant anatomy. In the case where the nodule is more
clearly defined and most of the irrelevant anatomical structure is relatively minor in the volume of interest,
both algorithms perform approximately equivalently (figure 2 A, B). However, when curvature information
is not entirely reliable because the nodule is very small or attached to the wall of the lung, the proposed
method performs worse. In some of these cases the curvature can be misleading, particularly if the
nodules is attached to a non-nodule structure that has principal curvature values that would indicate a
more blob like structure. This issue occurs more frequently at the edges of the lung volume mask and
near to the lung wall, as is the case in figure 2 C. In this situation the proposed method may focus on
voxels belonging to the irrelevant anatomical structure as oppose to the nodule, leading to classification
issues. Ultimately, while including the curvature information in the voxel weighting shows some benefit in
improving detection rate, the increase in false positives is non negligible for automated screening of lung
CT scans.

Conclusion and Future work

The proposed method demonstrates that incorporating local curvature information into existing
algorithms can provide a benefit for sensitivity. However several improvements could be made to improve
the method. The largest improvement could come from using PCA, or a similar method, on the volume of
interest to consistently align the voxels according to its principal orientations. In doing so, the method
would be more robust to changes in rotation. Additionally the method in which negative training samples
are chosen may introduce bias, having a human create a database of negative samples instead of the
random sampling approach may improve results and consistency. Finally, the rescaling of histograms
based on the size of the volume of interest may also be introducing issues, in general other HoG methods
tend to up sample or down sample to a consistent size instead or filter through the image at a series of
fixed scales. Finally further investigation could look into whether the proposed method could be extended
as a filtering or weighting mechanism for determining the contribution of individual voxels in a volume of
interest for other methods as many methods may improve from being able to ignore voxels from irrelevant
anatomical structures. The goal of future work should be aimed towards preserving the increase in
sensitivity, while reducing the increased rate of false positives.
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Chart 1: ROC curves of the Basic HoG method and the proposed method.
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Figure 3: Samples taken from the dataset, volume of interest indicated by white bounding box
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