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Abstract— Ground Glass Opacity (GGO) is de£ned as hazy
increased attenuation within a lung that is not associated
with obscured underlying vessels. Since pure (non-solid) or
mixed (partially solid) GGO at the thin-section CT are more
likely to be malignant than those with solid opacity, early
detection and treatment of GGO can improve a prognosis of
lung cancer. However, due to indistinct boundaries and inter-
or intra-observer variation, consistent manual detection and
segmentation of GGO have proved to be problematic. In this
paper, we propose a novel method for automatic detection
and segmentation of GGO from chest CT images. For GGO
detection, we develop a classi£er by boosting k-Nearest Neigh-
bor (k-NN), whose distance measure is the Euclidean distance
between the nonparametric density estimates of two regions.
The detected GGO region is then automatically segmented by
analyzing the 3D texture likelihood map of the region. We
applied our method to clinical chest CT volumes containing
10 GGO nodules. The proposed method detected all of the
10 nodules with only one false positive nodule. We also present
the statistical validation of the proposed classi£er for automatic
GGO detection as well as very promising results for automatic
GGO segmentation. The proposed method provides a new
powerful tool for automatic detection as well as accurate and
reproducible segmentation of GGO.

I. INTRODUCTION

Ground Glass Opacity (GGO) is de£ned as hazy increased
attenuation within a lung that is not associated with obscured
underlying vessels, but with preservation of bronchial and
vascular margins [1]. It can re¤ect minimal thickening of the
septal or alveolar interstitium, thickening of alveolar walls,
or the presence of cells or ¤uid £lling the alveolar spaces.
It can represent active disease such as pulmonary edema,
pneumonia, or diffuse alveolar damage. The results of the
Early Lung Cancer Action Project, or ELCAP, suggested
that nodules with pure (non-solid) or mixed (partially solid)
GGO at the thin-section CT are more likely to be malignant
than are those with solid opacity [2]. A focal area of pure
GGO on the thin-section CT seems to be an early sign of
bronchoalveolar carcinoma (BAC) [3]. Pure GGO is useful
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for differentiating small localized BAC from small adenocar-
cinomas not having a replacement growth pattern [4]. Early
detection and treatment of pure GGO can also improve a
prognosis of lung cancer [5].

The appearances of GGO on CT images such as its shape,
pattern, and boundary are very different from solid nod-
ules. Thus, algorithms developed for segmentation of solid
nodules are most likely to produce inaccurate results when
applied to GGO. In [6], a hybrid neural network of three
single nets and an expert rule are applied to detect GGO.
This method underestimates GGO area due to its improper
cut-off of the edges of GGO. Hence, this method may be
used only for large GGO and may not be able to obtain
accurate segmentation for small GGO. [7] detected GGO
using automatic clustering techniques and focused only on
GGO detection. The GGO segmentation was not discussed
in their work. On the other hand, [8] proposed a GGO
segmentation method based on Markov random £eld and
vessel removal method based on shape analysis. However,
they only focused on GGO segmentation. The GGO detection
was not discussed in their work.

In this paper, we propose a novel method for automatic
detection and segmentation of GGO from chest CT images.
For GGO detection, we develop a classi£er by boosting
k-Nearest Neighbor (k-NN), whose distance measure is
the Euclidean distance between the nonparametric density
estimates of two regions. The detected GGO region is
then automatically segmented by analyzing the 3D texture
likelihood map of the region. We also present the statistical
validation of the proposed classi£er for automatic GGO
detection as well as the very promising results of automatic
GGO segmentation. The proposed method provides a new
powerful tool for automatic detection as well as accurate
and reproducible segmentation of GGO.

II. METHOD

A. GGO Detection

We £rst develop a novel method for automatic GGO
detection from chest CT images. The method is based on 3D
volume analysis using a machine learning framework, i.e.,
boosting a k-NN classi£er. Our primary focus in this section
is the accurate classi£cation of GGO from other objects in
chest CT images.

1) Vessel and Noise Suppression with 3D Cylinder Filters:
The accuracy of GGO detection may be hindered by various
structures within a lung. To avoid this dif£culty, we £rst
develop a 3D cylinder £lter to suppress intensity values of
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(a) (b) (c)

Fig. 1. Effect of Fcyl. (a) Original volume, (b) Volume £ltered with Fcyl,
(c) After thresholding.

vessels and other elongated structures as well as noise inside
a lung, while maintaining GGO intensity values intact [9].
The cylinder £lter Fcyl is de£ned as:

Fcyl(x) = min
θ

(
min
y∈Ωx

θ

I(y)
)

where, Ωx
θ is the domain of the cylinder centered at x

with orientation θ. Fcyl is a hybrid neighborhood proximity
£lter that produces strong responses to blob-like objects (i.e.
GGO). In this paper, we have selected the parameters of Fcyl

empirically and used a cylinder with the radii of 1, 2 and 3
voxels and the length of 7 voxels at 7 different orientations.
The effect of Fcyl is shown in Fig.1. In the £gure, (b) shows
the £lter-response volume of F cyl applied to (a). We can see
from (b) that vessels and noise are effectively suppressed
while GGO remains intact.

To isolate candidate GGO regions, i.e., regions of high
response values, we apply a simple thresholding to the £lter-
response volume (Fig.1(c)). The threshold value is automat-
ically determined by analyzing the histogram of the £lter-
response image, as illustrated in Fig.2. In the next section, we
apply a machine learning framework to classify the candidate
GGO regions.

2) Classi£cation of GGO by boosting k-NN: To apply
supervised learning framework, we £rst collected volumet-
ric samples of positive (GGO) and negative (non-GGO)
instances, as shown in Fig.3. Let ΨM be the region of
a volumetric sample bounded by a cube. We estimate the
probability density function (pdf) of the intensity values of
the interior of ΨM . We use a nonparametric kernel based
method to approximate the pdf. Let i, i = 0, . . . , 255, denote
the random variable for intensity values. The intensity pdf
of ΨM is de£ned by:

P (i|ΨM ) = (1)
1

V (ΨM )

∫∫∫
ΨM

1√
2πσ2

exp
(
− (i − I(y))2

2σ2

)
dy

where, V (ΨM ) denotes the volume of ΨM , y are the interior
voxels of ΨM , and σ is the standard deviation of a Gaussian
kernel. Fig.4 shows the typical intensity pdf of positive and
negative instances. We can see from the £gure that positive
and negative instances are well separable using the pdf. For
this reason, we use as an instance the intensity pdf of the
volumetric samples.

For the candidate GGO areas isolated as described in
Sec. II-A, the learning for their classi£cation has a dis-
crete target function of the form f : Rn �→ V , where

Fig. 2. Histogram of a cylinder £ltered volume.

(a) (b)

Fig. 3. Volumetric samples for learning. (a) Positive (GGO) samples, (b)
Negative (non GGO) samples.

V = {⊕,�}, with the label ⊕ for GGO and � for non
GGO areas. For k-NN, an instance x is represented as
a point in n-dimensional space Rn by a feature vector
〈a1(x), a2(x), . . . , an(x)〉, where ai(x) = P (i|ΨM ). The
standard Euclidean distance is used as the distance measure
between two instance vectors. Given a query instance xq to
be classi£ed, k-NN returns f̂(xq), as its estimate of f(xq),
which is the most common value of f among the k training
instances nearest to xq:

f̂(xq) = arg max
v∈V

k∑
i=1

δ(v, f(xi))

where, x1, . . . , xk denote the k instances from the training
samples that are nearest to xq, and δ(a, b) = 1 if a = b and
δ(a, b) = 0 otherwise. To obtain an accurate classi£cation,
k-NN requires a large training set, which results in slow
classi£cation due to the large number of distance calcula-
tions. We overcome this dif£culty by boosting k-NN [10].
As in [10], our purpose for boosting k-NN is to improve
the speed of k-NN by reducing the number of prototype
instances and thus reducing the required number of distance
calculation without affecting the error rate. The details of
boosting k-NN is given in [10]

Fig. 4. Typical probability density functions of positive (solid line, GGO),
negative (dash-dot line, typical background), and negative (dotted line,
typical vessels) examples.
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(a) (b) (c)

Fig. 5. GGO segmentation. (a) ROI containing a classi£ed GGO, (b) 3D
likelihood map in ROI, (c) 3D likelihood map in ROI after vessel removal.

B. GGO Segmentation in ROI

Because of the hazy appearance of GGO and the large
overlap of intensity values between GGO and surrounding
vessels, simple thresholding or edge based segmentation
methods do not produce acceptable results for GGO segmen-
tation. The proposed method applies 3D texture likelihood
map method using a nonparametric density estimation for
segmentation [11], followed by eigenanalysis of the Hes-
sian matrix to accurately remove vessels overlapped with
GGO [12], [13].

1) 3D Texture Likelihood Map Using Nonparametric Den-
sity Estimation: We £rst extract the ROI (Region Of Interest)
surrounding a classi£ed GGO. For each voxel in the ROI, we
evaluate the likelihood of the voxel belonging to GGO by
measuring 3D texture consistency between the GGO and a
small spherical region (i.e., 3D texon) centered at the voxel.

Let ΦM be the region of a volumetric sample of a clas-
si£ed GGO bounded by a sphere. Using Eq.1, we estimate
the pdf of the intensity values of the interior of ΦM , that
is, p

M
= P (i|ΦM ). Similarly, let ΦT be the region of the

3D texon centered at the given voxel in the ROI. Using
Eq.1, we also estimate the pdf of the intensity values of
the interior of ΦT , that is, p

T
= P (i|ΦT ). To measure the

dissimilarity between the two pdfs, we use an information
theoretic distance measure called Kullback-Leibler Diver-
gence (KLD) [14]. The Bhattacharya distance, which is a
symmetrized variation of KLD, between pM and pT is:

B(p
M
‖p

T
) = − log ρ(p

M
‖p

T
)

= − log
∫

[p
M

(i)]
1
2 [p

T
(i)]

1
2 di.

We now evaluate the 3D texture likelihood of the 3D
texon at every voxel in ROI. We de£ne this likelihood using
ρ, since it increases as the Bhattacharya distance between
two distributions decreases. Fig.5(b) shows the 3D texture
likelihood map of the volume in (a). The radius of 3D texons
used in our paper is 3 pixels and the model interior texture is
mostly homogeneous with some level noise. Thus, it is not
necessary to consider the spatial correlation between pixels.

2) Vessel Removal: Finally, we remove the vessels around
GGO in the 3D texture likelihood map. The eigenanalysis
of the Hessian matrix is a widely used method for vessel
detection [12], [13]. Given an image I(x), the local intensity
variations in the neighborhood of a point x0 can be expressed

Fig. 6. Comparison of the mean error rates of various classi£ers by
bootstrapping.

with its Taylor expansion:

I(x0 + h) ≈ I(x0) + hT∇I(x0) + hT H(x0)h

where, ∇I(x0) and H(x0) denote the gradient and the Hes-
sian matrix at x0, respectively. H(x0), whose components
are the second order derivatives, describes the curvature of
I(x) at x0. Let λ1, λ2, λ3 and �e1, �e2, �e3 be the eigenvalues
and eigenvectors of H such that λ1 ≤ λ2 ≤ λ3 and
|�ei| = 1. The signs and ratios of the eigenvalues provide
the indications of various shapes of interest, as summarized
in Table I. Fig.5(c) shows the texture likelihood map after
the removal of vessels in (b).

III. RESULTS

To test the GGO detection method, we collected 600
volumetric samples, containing 400 training samples and
200 testing samples. The samples were of size 9 × 9 × 3
voxels extracted from the CT volumes. Each sample was
converted to an instance vector in R256, representing its
nonparametric density estimate. For the boosted k-NN, we
used the standard Euclidean distance as the distance mea-
sure between two instances as described in Sec. II-A. We
performed bootstrapping to estimate the generalization error
of our GGO detection method [15]. We trained and tested
the proposed method on bootstrap samples. After 20 steps
of boosting, the test error rate converged to 3.70%.

We also compared the boosted k-NN (20 boosting steps
with k = 3) to other classi£ers, i.e., k-NN classi£er (k =
3), decision tree, support vector machine, neural network
(1 hidden layer, learning rate of 0.3), and Bayes network.
Fig.6 summarizes the results. The multiple comparison test
(p = 0.05) shows that the boosted k-NN and k-NN are
signi£cantly superior to other classi£ers. Note that, although
our purpose for boosting k-NN was not to improve the clas-
si£cation accuarcy but rather to speed up the classi£cation
process, the results show that boosting k-NN also improves
the classi£cation accuracy over k-NN.

TABLE I

CRITERIA FOR EIGENVALUES AND CORRESPONDING SHAPES.

Eigenvalues Shape

λ1 ≤ 0, λ2 ≤ 0, λ3 ≤ 0 blob
λ1 ≤ 0, λ2 ≤ 0, λ3 ≈ 0 tube
λ1 ≤ 0, λ2 ≈ 0, λ3 ≈ 0 plane
λ1 ≤ 0, λ2 ≤ 0, λ3 ≥ 0 double cone
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We applied the trained GGO classi£er to 10 CT volumes
containing 10 nodules. The CT volumes were acquired by
multi-slice HRCT scanners with 1 mm slice collimation. The
number of slices in each CT scan ranged from 23 to 29
(interpolated to 92 to 116), each of which consists of a 512×
512 pixels, with in-plane resolution ranging from 0.57mm
to 0.71mm. The classi£er detected the total of 11 nodules,
containing all of the 10 nodules and one false positive nodule.

The detected nodules were then segmented as described
in Sec. II-B. Fig.7 shows the GGO segmentation results
overlaid on the original CT images and 3D reconstruction for
four GGOs as examples. From the £gure, we can see that the
surrounding vessels are accurately removed from the GGO
segmentation. These results demonstrate the potential of our
segmentation method to deal with haze patterns of GGO.

IV. CONCLUSION

We proposed a novel method for the automatic detection
and segmentation of GGO from chest CT images. The
proposed method consists of two steps, i.e., GGO detection,
followed by GGO segmentation. For GGO detection, vessels
and noise were £rst suppressed using 3D cylinder £lters.
Then, candidate GGO regions were extracted by threshold-
ing. We automatically selected the threshold by the intensity
histogram analysis of the £lter-response volumes. Finally, the
candidate GGO regions were classi£ed by boosting k-NN,
whose distance measure was the Euclidean distance between
the intensity probability density functions of two examples.
The validation of the proposed method using bootstrapping
shows the mean error rate of 3.70%. Our method applied
to clinical chest CT volumes containing 10 GGO nodules
also showed the promissing results, detecting all of the 10
nodules with one false positive nodule.

Each GGO region classi£ed was then automatically seg-
mented by analyzing the 3D texture likelihood map of the
region. We presented various results of GGO detection and
segmentation from clinical chest CT images. The manual
segmentation of GGO has proved to be problematic due to
large inter-observer variations as well as intra-observer varia-
tions. The proposed method introduces a novel automatic tool
for accurate detection as well as accurate and reproducible
segmentation of GGO.
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