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Abstract. We propose to measure quantitatively the opacity property
of each pixel in a ground-glass opacity tumor from CT images. Our
method results in an opacity map in which each pixel takes opacity value
of [0-1]. Given a CT image, our method accomplishes the estimation by
constructing a graph Laplacian matrix and solving a linear equations
system, with assistance from some manually drawn scribbles for which
the opacity values are easy to determine manually. Our method resists
noise and is capable of eliminating the negative influence of vessels and
other lung parenchyma. Experiments on 40 selected CT slices of 11 pa-
tients demonstrate the effectiveness of this technique. The opacity map
produced by our method is invaluable in practice. From this map, many
features can be extracted to describe the spatial distribution pattern of
opacity and used in a computer-aided diagnosis system.

1 Introduction

With recent advances in lung cancer screening based on computed tomography
(CT), the detection of small cancers has been notably increasing [1]. The main
goal of the CT based detection is to improve the survival rate by detecting small
cancers when they are early in their biologic evolution for lung radiotherapy.

Ground-glass opacity (GGO) is a highly significant finding on high-resolution
CT because it is associated with different kinds of lung diseases such as adeno-
carcinomas [2], bronchioloalveolar carcinoma [3], idiopathic pulmonary fibrosis
and sarcoidosis [4], etc. GGO is defined as hazy increased CT attenuation of the
lung without entire obscuration of the lung parenchyma within it. In contrast, a
solid nodule completely obscures the entire lung parenchyma within it. Lung tu-
mor may also appear as a mixture of GGO and solid nodules. The phenomenon
of GGO and solid nodules in the CT image is caused by the different physical
densities of the lung tissues. Much higher frequency of malignancy was shown in
lung tumor with GGO [5]. Moreover, it was reported that GGO percentage (the
proportion of GGO area in a lung tumor) [2,6] and GGO spatial distribution
pattern [4] are the significant prognostic factors of some lung diseases. Therefore,
measuring the opacities of the lung tumor pixels with CT image is vital to the
radiologic analysis of a lung cancer candidate.
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There exist basically three kinds of measuring methods of GGO, but all of
them are limited in practice. The first way, possibly the one being most pop-
ularly used, is the visual assessment. The severity of GGO is usually classified
subjectively as none, mild, moderate or severe. This method suffers from its low
precision, inter-reader variability, and inability to give quantitative assessment.
The second kind of methods [2,6] proposed recently were designed to provide
objective measurement of GGO percentage. They use two CT window levels to
show the CT image, and segment the tumor areas and solid nodule area by
thresholding the displayed images with some public software such as the Scion
Image [6] and the NIH image software [2]. The GGO area is then computed as
the tumor area subtracted by the solid nodule area and the GGO percentage is
defined as the percentage of the GGO area in the tumor area. Although these
methods are capable of eliminating the inter-reader variability, they cannot an-
alyze the GGO spatial distribution pattern because they are not able to provide
the quantitative opacity value of each tumor pixel. In addition, the accuracy of
the computed tumor area and solid nodules’ area highly depend on the spec-
ification of level value of CT windows. Another problem of these methods is
that they cannot resist noise, and need extra processes to suppress vessel ap-
pearance within the tumor, which appears very similar to solid nodules. The
last kind of method for measuring GGO uses the probability density function
(pdf) [7,8]. The pdf was proved to be capable of distinguishing GGO and other
lung parenchyma, hence being widely used in GGO detection and segmentation.
However, only few papers can be found that provide quantitative measurement
of the opacity of GGO pixels. Besides the three existing methods, we also no-
ticed that the attenuation value in CT imaging for each GGO pixel can reflect in
some degree the opacity, since the CT attenuation value has a linear relationship
with the physical density of the tissue. However, measuring GGO on the basis
of attenuation value alone is incomplete and subjective. Lung parenchyma may
also be in the attenuation range of GGO.

In this paper, we propose an interactive scheme to measure quantitatively the
per pixel opacity value of the lung GGO nodule in a 2D CT image. By manually
inputting some scribbles for which the opacity values are easily determined by the
user, our scheme can produce an accurate opacity map in which each pixel takes
opacity value between [0-1]. The computation of the opacity map is accomplished
efficiently by constructing a graph Laplacian matrix and solving a linear system
of equations. Our method is resistant to noise and capable of eliminating the
adverse affects of vessels or other lung parenchyma. Experiments on 40 selected
CT slices of 11 patients demonstrate the effectiveness of our technique.

2 Method

We assume that a given CT lung slice I is a linear combination of a solid nodule
layer N and a non-nodule layer L with an opacity map ρ:

I(i) = ρ(i)N (i) +
(
1 − ρ(i)

)L(i), i ∈ Ω (1)
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where i indexes the pixels in I’s domain Ω, and ρ can be any value between
[0-1]. In this equation, I is the given CT attenuation value, N represents the
attenuation value by the nodule tissue, and L describes the attenuation value by
lung parenchyma (such as vessel, bronchi, etc.), the air, and other non-nodule
tissues in lung. We can imagine that I is formed by overlapping N on L. For
a solid nodule pixel, we expect ρ(i) = 1, such that I(i) = N (i), meaning that
the layer N completely blocks L. For a non-nodule pixel, we expect ρ(i) = 0,
such that I(i) = L(i), meaning that the layer N is totally transparent. For a
GGO pixel, we expect 0 < ρ(i) < 1, such that the layer N is transparent and
I(i) is the combination of N (i) and L(i). Moreover, the smaller the ρ, the more
transparent the layer N is. We can see that ρ in equation (1) is an efficient
measurement of GGO opacity.

Given a CT lung slice I, to compute the opacity map ρ with equation (1), both
the nodule layer value N and the non-nodule layer value L need to be simultane-
ously estimated for every pixel. Therefore, it is inherently an under-constrained
problem because there are 3T unknowns but T equations if we assume the num-
ber of pixels in Ω is T .

To make the problem in equation (1) solvable, we add two constraints. The
first constraint is enforced by setting some pixels, denoted by a set S, to some
known values in the opacity map. These pixels are specified by manually drawing
some scribbles on pixels for which the opacity values can be easily recognized
by the user, for example, the solid nodule pixels (entirely formed by N and
with ρ value 1) and the pure non-GGO pixels (entirely formed by L and with
ρ value 0). The pure non-GGO pixels can be the pure “air”, “vessel” or other
lung parenchyma. The second constraint is the locally spatial smoothness of the
ρ map. It is a neighborhood constraint to make neighboring pixels have similar ρ
values. It is based on the fact that the densities of the lung parenchyma usually
show a spatially gradual change.

We notice that the similarities between the problem raised in this paper and
the recent computer vision techniques in image matting [9,10] and soft segmen-
tation [11]. We apply a technique similar to [9] for solving the opacity map in
equation (1). Without computing N and L, we estimate the opacity map ρ by
casting the problem as constructing a graph Laplacian matrix and solving a lin-
ear equations system. Given a CT slice data, a weighted graph is first formed for
the graph Laplacian matrix and then the linear equations system is built upon
the two constraints mentioned above.

2.1 Specifying Pixels Interactively with an Interface

By setting scribbles with an interactive interface, we manually specify some
pixels which are not the mixture of N and L, instead, are entirely formed by
N or L, as shown in Figure 1. For the specified pixels, we already know their
opacity values, and use them as the first constraint to solve the opacity map
with equation (1). Through our experiments, we found that the user can always
very easily recognize some pixels near the tumor, which are entirely formed by
L. In addition, we found that for most of the tumors in our data sets the user
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can recognize some solid nodule areas. For the rare case when the whole tumor
is ground-glass, the interface can facilitate the input from user’s quantitative
estimation of the opacity values ([0-1]) for some pixels. For this case, the accuracy
of the resulting opacity map depends on the user’s initial estimation.

The interface shows the scribbles for N and L in different colors (as shown in
Figure 1), and provides the freedom to the user to delete or add some scribbles.
It also offers the flexibility to change the width of the scribble in the scribble-
setting process. All the functions help the user produce good results.

2.2 Solving for Opacity Map with Graph Laplacian Matrix

We consider the given slice of CT data I as a graph G. The graph is defined as a
pair G = (V, E) with vertices v ∈ V representing the pixels in the CT data and
edges e ∈ E ⊂ V × V connecting two vertices. The number of vertices in G is
same as the number of pixels in Ω, i.e. T . We define the set N(i) of neighboring
vertices of a vertex i as the ones connected with i. For a given CT slice data I
which is a data set in 2D grid, we construct its graph by connecting the pixels
which are 4-connected neighbors in the 2D grid. If we assign a weight wij to
each eij connecting the vertices i and j to measure their connection, G is called
a weighted graph. Also, the degree of a vertex is defined as di =

∑
j∈N(i) wij .

Then we can construct a diagonal matrix D of size T × T for which Dii = di

and Dij = 0 if i �= j, and a matrix W of size T × T for which Wij = wij . Note
that wii = 0 for any i, and W is symmetric if we set wij = wji. A matrix L is
then defined as

L = D − W (2)

which is called graph Laplacian matrix. Note that L is a sparse and symmetric
matrix.

To accomplish the second constraint mentioned above for solving the opacity
map, i.e. the spatially local smoothness of the ρ value, we assume that ρ value
of an arbitrary pixel is the weighted average of the ρ values in its neighboring
pixels, and estimate ρ by minimizing the below function

E(ρ) =
∑

i∈Ω

⎛

⎝diρ(i) −
∑

j∈N(i)

wijρ(j)

⎞

⎠

2

. (3)

If we concatenate the ρ value of the pixels in Ω as a vector ρ̄ of length T ,
equation (3) can be rewritten as

E(ρ) = ρ̄T Lρ̄ (4)

where the graph Laplacian matrix L is formed given a CT slice data I with the
method talked above.

Note that the first constraint for solving the opacity map ρ using equation (1)
is the manual specification of a set of pixels S. For each element i in S, we use
ρ′(i) to denote its already known opacity value.
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The computation of ρ with equation (1) by adding the two constraints men-
tioned above is expressed as below

ρ = argmin ρ̄T Lρ̄, s.t. ρ(i) = ρ′(i), ∀i ∈ S. (5)

If we know all weight values in equation (3), equation (5) is an optimization
of a quadratic problem with constraints. It can be solved using a number of
standard methods such as the singular value decomposition (SVD). In this paper,
we use a technique similar to [9,11], which has been shown to be efficient in image
matting and soft segmentation. It is detailed below.

We partition V in the graph G of the given CT slice data into two subsets,
S denoting the specified pixels and U representing the unspecified pixels. We
can assume that the pixels in equation (5) have already been ordered such that
pixels in S are first and pixels in U are second. Therefore, we can decompose
the quadratic term in equation (5) into,

ρ̄T Lρ̄ =
[

ρ̄s

ρ̄u

]T [
Ls B
BT Lu

] [
ρ̄s

ρ̄u

]
= ρ̄T

s Lsρ̄s + 2ρ̄T
u BT ρ̄s + ρ̄T

u Luρ̄u (6)

where ρ̄s and ρ̄u are the vectors concatenated by the ρ values of the pixels in S
and U respectively. Note that we already know the values of ρ̄s but not of ρ̄u. By
differentiating the above equation with respect to ρ̄u and setting it zero, we get

Luρ̄u = −BT ρ̄s. (7)

Equation (7) represents a system with |U | linear equations and |U | unknowns,
and the matrix Lu is sparse, symmetric, positive-definite, and guaranteed to be
non-singular for a connected graph [9] as for our case. Therefore, we can get
a unique solution for ρ̄u. By concatenating the ρ̄s which is already known and
ρ̄u that is being computed with equation (7), we finally get the opacity map

ρ̄ =
[

ρ̄s

ρ̄u

]
.

Lu may seem huge because |U | is possibly very large. However, in practice Lu

would not occupy too much memory space considering the fact that it is a very
sparse matrix.

2.3 Determining the Edge Weight of the Graph

To solve the opacity map using equation (7), we need to know the weight values
(shown in equation (3)) for the edges connecting two vertices in the graph.
There are different ways to compute the weight. A very simple way is based on
the squared difference between the two CT attenuation values and expressed as

wij = exp
−
(
I(i)−I(j)

)2

2σ2 where σ is a constant. However, to produce better results,
we employ the weight proposed in [10].

The weight in [10] was proposed by assuming the two layers N and L being
locally smooth. We omit the derivation of the weight and only put the theoretical
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Slice 1 Slice 2 Slice 3 Slice 4

Slice 1 Slice 2

Slice 3 Slice 4

Fig. 1. Results of measuring ground-glass opacity map of tumors in 4 CT lung slices by
our method. Upper most: the original CT images. Lower: the results by our method. For
each slice, from left to right, zoom-in local patch containing the tumor, scribbles (blue
color for foreground and red for background), and computed opacity map, respectively.

result below. For more details, the reader is referred to [10]. A weight wij is
computed based on all the local windows containing pixels i and j in Ω. We set
the window size to 3× 3 in this paper. Denoting a local window by Wk where k
indexes the window, the weight is

wij =
∑

k|{i,j}∈Wk

(

δij − 1
|Wk|

(

1 +

(I(i) − μk

) ∗ (I(j) − μk

)

ε/|Wk| + σ2
k

))

(8)

where δij is the Kronecker delta taking value 1 when i = j and 0 otherwise, μk

and σk are the mean and variance of the CT attenuation values of the pixels in
the window Wk, and ε is a regularization coefficient set to 10−5 in this paper.

3 Results

To test our GGO measurement method, we collected 40 slices from the 3D CT
lung data sets of 11 patients. Each slice was chosen with such a way that there
is a dominant tumor area. The images were scanned by a Siemens machine,
with processed image size as 512 × 512 and the pixel resolution is 0.59mm ×
0.59mm. Histologic diagnoses were made for all the patients by radiologists, and
the histologic types include bronchioloalveolar carcinoma, adenocarcinoma and
idiopathic pulmonary fibrosis, etc.
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Through experiments, we found that the user can very easily and quickly
obtain an accurate opacity map for a GGO tumor using our techniques by simply
drawing some scribbles. Trained user can get satisfactory opacity map for a GGO
tumor within 15 seconds using a modern computer. Some results of the computed
opacity maps for 4 CT lung slices are shown in Figure 1.

We can also see two other prominent advantages of our method from the re-
sults in Figure 1. First, our method can provide an opacity map for a GGO tumor
in which each pixel has an opacity value between [0-1]. To compute the GGO
percentage [2,6], we can simply threshold the opacity map, and more impor-
tantly, we can set one threshold for different opacity maps. Second, our method
resists noise and produces accurate opacity map even when the GGO tumor
clings to thorax or is mixed with vessels. It is known that the attenuation value
of a solid nodule pixel in a GGO tumor can be very similar to thorax and vessel.
Regardless of the adverse affects of thorax and vessels which always bring in
difficulties in GGO detection and segmentation, our method produced accurate
results as shown in Figure 1.

In addition, we obtained quantitative evaluations by thresholding (with thresh-
old value 0.24) the opacity map, and comparing with the manual segmentation
by a trained rater and with the refined manual segmentations using a graph cut
based technique similar to [12]. The distance between two segmentation contours
was used to measure the difference, which is defined as the average of each pixels
shortest distance to the other contour. Based on all our test samples, the mean
and standard deviation of these distances were found to be 4.2 and 4.9 pixels for
the manual segmentation, and 3.4 and 4.3 pixels for the refined segmentation.

The opacity map computed by our method is extremely useful in practice. We
can design different features to describe the spatial distribution pattern of the
opacity values of the corresponding GGO tumor and use them in a computer-
aided diagnosis (CAD) system of lung cancer. To the best of our knowledge, our
method is the only work to compute the quantitative opacity map for GGO lung
tumors, hence, we have not performed comparisons with other techniques.

4 Conclusions and Future Work

We estimate an opacity map for GGO tumor in CT lung images to quantitatively
measure the opacity properties. Given a CT image, some scribbles are drawn,
and the opacity map is then estimated through constructing a graph Laplacian
matrix and solving a linear equations system.

We believe that the opacity map computed with our method is invaluable
in practice. Our method offers the quantitative assessment of per-pixel opacity;
the radiologist can evaluate the GGO severity with high confidence. More im-
portantly, we can extract different features describing the opacity map and use
them in a CAD system. As the percentage of the GGO area within a tumor area
is essential for diagnosis of several lung diseases [2,6], we believe that the features
extracted from the opacity map will be extremely useful in a CAD system. Our
future work will focus on extracting features from the opacity map and applying
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them to lung tumor diagnosis. These features can represent the statistics of the
opacity values such as mean and variance etc., or describe the spatial distribution
of the opacity values such as the moment invariants and Gabor textures.
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