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ABSTRACT

Lung cancer has a high incidence rate and is considered highly fatal because of its low survival rate at early stages
compared to other cancers. Computed tomography (CT) scans can reveal pulmonary nodules of different shapes and
volumes in two dimensional (2D) slices. Three-dimensional (3D) reconstruction of pulmonary nodules can assist the
radiologist in early treatment appropriate for the 3D nodule volume screened. In this research, we present a 3D
reconstruction algorithm that uses 2D CT slices to reconstruct a 3D lung nodule. The equivalent diameters of small
nodules ranged from 3 to 30 mm. A segmentation approach (based on bounding boxes and maximum intensity
projection) was applied. Extracting the lung nodules from the 2D candidate masses was performed via a rule-based
classifier. Surface rendering was used to reconstruct 3D pulmonary nodules which were visualized on the 3D Slicer
software. The 3D nodule volume, as well as the accuracy rate and error of volume estimation were calculated. The
proposed methodology was validated against the actual volumes of 14 3D nodules from the Lung Image Database
Consortium (LIDC) database. The proposed algorithm achieved a maximum accuracy of 99.6627 % for lung nodule
volume estimation. The corresponding average accuracy rate and average percentage error were 97.34 % and 2.66
%, respectively. The screening of 3D lung nodules can support surgery planning via nodule volume estimation. The
average accuracy and error rates of the 3D reconstruction algorithm showed promising results in comparison with
other published studies.

Keywords: Computed tomography, Surface rendering, 3D Slicer, Rule-based classification, Lung nodule,

Volume estimation.

1. INTRODUCTION

Lung cancer has been identified as the leading cause
of death worldwide [1]. Its symptoms are typically
manifested at an advanced stage, and this makes
effective treatment difficult. The overall 5-year
survival rate following early-stage lung cancer
detection is approximately 54 %, whereas the rate for
advanced-stage detection is only 4% [2]. Thus, early
lung nodule detection and diagnosis are critical to
increase the life expectancy of patients. Studies by
Field et al. [3] and Scholten et al. [4] showed that
computed tomography (CT) has greater sensitivity for
nodule detection than that of traditional X-ray-based
screening and is frequently used for lung cancer
detection and diagnosis. Indeed, micronodules do not
always appear on a two-dimensional (2D) CT slice as
their high complexity impairs the ability to distinguish
between micronodules and blood vessels. Therefore,
lung nodule segmentation is a critical step in
differentiating between the micronodules and other
masses in CT slices. A perfect three-dimensional (3D)
reconstruction requires highly accurate 2D nodule
segmentation.  Volumetric  assessment of 3D
reconstructed nodules is a key parameter to measure
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the nodule response to therapy. Indeed, lesion volume
estimation gives a brief indication of the area occupied
by lesion tissues and in turn can help radiologists plan
the treatment accordingly [5]. For instance, Diego et
al. [6] proposed a lung cancer detection method
involving steps of a 2D algorithm for preprocessing
and enhancement, a 3D blob algorithm for 3D blob
segmentation, and a support vector machine (SVM)
classifier. Ramyasri et al. [5] presented a K-means
algorithm for lesion volume estimation. The results of
this algorithm were validated with the 3D Slicer
software, and the volume estimation errors for the
solid and non-solid lesion portions were determined to
be between 1.11% to 3.30% and 0.1% to 4.55%,
respectively.

Jinke et al. [7] proposed a lung segmentation scheme
consisting of three phases: skin boundary detection,
parenchyma refinement, and lung contour rough
segmentation. The proposed system was evaluated
with 45 volumes of CT scans, based on five metrics,
namely, the volume difference, the volume overlap
error, the average surface distance, the root-mean-
square distance, and the maximum symmetric absolute
surface distance. This system achieved an average
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error rate of 3.5 1%. Chen et al. [8] proposed an active
contour segmentation model based on a new fuzzy
speed function, whose computation is based on
intensity features and a local shape index. Bin et al.
[9] used an adaptive local-region energy term in the
active contour model for juxta-vascular nodule
segmentation. In a broader sense, all deformable
models use either region-based or boundary-based
image information to improve the segmentation
outcomes. However, boundary-based segmentation
shows poor convergence for noisy or weak
boundaries. Hina et al. [1] performed nodule
segmentation by incorporating a mean-intensity-based
threshold in a geodesic active contour model. An
adaptive technique using image intensity histogram to
estimate the desired mean intensity of the nodule was
also proposed. The system was validated on both lung
nodules and phantoms. Quantitative and visual
comparative analysis of the proposed work using the
Chan-Vese algorithm and statistical active contour
model of the 3D Slicer platform was also presented.
Prionjit et al. [10] adopted several morphological
processing techniques to remove background, noise,
and airways from lung CT images. Then, K-means
clustering was utilized for lung segmentation and
tumor detection. Volumetric analysis of the lung
nodules for the prediction of the tumor stages was
performed according to the tumor nodule metastasis
classification. Yang et al. [11] proposed a 3D
pulmonary nodule detection system for multi-slice CT
images. This system segmented the candidate nodules
and extracted the features based on an analysis of the
eigenvalues of a Hessian matrix. Then, SVM and
decision rules divided the candidates into two classes
and removed false positives. Serhat et al. [12] used a
genetic cellular neural network for the segmentation
step. The regions of interest (ROI) were then extracted
using an eight-directional search, and +1 or —1 values
were assigned to each voxel. A 3D template was used
to find nodule-like structures on the 3D ROI image.
Satya et al. [13] proposed a method for lung
segmentation in CT images using a fuzzy c-means
clustering approach with automatic thresholding and
morphological operations. This achieved an average
overlap ratio difference of 5.8% with average over-
and under-segmentation rates of 3.9% and 1.9%,
respectively. William et al. [14] described three-
dimensional (3-D) methods for the segmentation,
analysis, and characterization of small pulmonary
nodules imaged using computed tomography (CT).
Methods for the isotropic resampling of anisotropic
CT data are discussed. Also, 3-D intensity and
morphology-based  segmentation algorithms are
discussed for several classes of nodules. New models
and methods for volumetric growth characterization
based on longitudinal CT studies are developed. The

results of segmentation and growth characterization
methods based on in vivo studies are described.
Stefano et al. [15] described a semiautomatic method
for 3-D segmentation of lung nodules in CT images
for subsequent volume assessment. The distinguishing
features of the algorithm are the following: 1) The
user interaction process and 2) The adoption of the
geodesic distance in a multithreshold image
representation. The algorithm was validated on low-
dose CT scans of small nodule phantoms (mean
diameter 5.3-11 mm) and in vivo lung nodules (mean
diameter 5--9.8° mm) detected in the Italung-CT
screening program for lung cancer. The authors
observed a RMS error less than 6.6% in phantoms,
and the correct outlining of the nodule contour was
obtained in 82/95 lung nodules of Italung-CT and in
10/12 lung nodules of LIDC first data set. Jamshid et
al. [16] presented an efficient algorithm for
segmenting different types of pulmonary nodules
including high and low contrast nodules. The
algorithm performs an adaptive sphericity oriented
contrast region growing on the fuzzy connectivity map
of the object of interest. This region growing is
operated within a volumetric mask which is created by
first applying a local adaptive segmentation algorithm
that identifies foreground and background regions
within a certain window size. The foreground objects
are then filled to remove any holes, and a spatial
connectivity map is generated to create a 3-D mask.
The mask is used to estimate the parameters for the
subsequent region growing, as well as for
repositioning the seed point in order to ensure
reproducibility. The method was run on 815
pulmonary nodules. In this paper, a robust model is
proposed for 3D reconstruction of solitary and
juxtapleural lung nodules from 2D CT scans. In this
model, a nodule segmentation and enhancement
scheme is applied using bilateral filtering, gray-level
thresholding, bounding box localization, and the
maximum intensity projection algorithms. Rule-based
classification was achieved with shape and texture
features. Surface rendering was employed for 3D
reconstruction of pulmonary nodules, which were then
visualized using the 3D Slicer software via a
MATLAB interface. The volumes of the reconstructed
nodules were also estimated. Fig. 1 shows the main
block diagram of the 3D reconstruction algorithm.

2. MATERIALS AND METHODS

A. Dataset description

In total, 14 digital DICOM-format CT images consisting
of 2991 2D slices with 172 nodules (100 solitary
nodules and 72 juxtapleural nodules) were obtained
from the Cornell University LIDC dataset [17]. Each
abnormal image contained a tumor with equivalent
diameters of small lung nodules ranging from 3 to 30
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mm. The in-slice (X, y) resolution was 0.703 x 0.703
mm, while each CT slice had a thickness of 1.25 mm
and dimensions of 512 x 512 pixels.

B. Segmentation and enhancement for nodule
emphasis

Inhomogeneity in the lung region is a very challenging
problem as tissue structures such as veins, arteries,
and bronchioles have similar densities. Therefore, it is

2D CT images

necessary to enhance the quality of the displayed
image by rectifying distortions due to media decay or
motion artifacts [18]. In this work, the segmentation
approach was explained in details in [18]. This
approach exploits bilateral filtering [18-19], gray-level
thresholding via a bit-plane slicing technique [18-20],
bounding-box localization [21], and the maximum
intensity projection algorithm [22].

3D reconstructed nodule

Figure 1: The main block diagram of the 3D reconstruction algorithm

C. The 3D nodule reconstruction

Although a traditional chest CT scan may be
appropriate for nodule detection, using a 3D model
allows full operative planning [23] from port
placement [24] to anatomical resection [25]. 3D
reconstruction is performed to visualize the 3D tumor
so that the volume can be estimated in order to assist
the physician with diagnosis and surgery [26]. The 3D
tumor rule-based classifier, surface rendering, and 3D
Slicer were used to visualize and allocate the 3D
tumors.

C.1 Rule-based classifier

A rule-based classifier was employed to reduce the
large number of non-nodule candidates and extract the
2D nodules via some rules. These rules are based on
four 2D shape features and one texture feature [27].
Four rules are based on shape features (namely,
equivalent diameter, eccentricity, solidity, and
roundness) and one rule is based on texture features
(namely, the gray-level values) [28]. These rules will
be explained as follows.

1. Area and Equivalent Diameter: Area is the total
number of pixels in the region of interest. Since the

equivalent diameter in our dataset ranges from 3mm to
3cm (small nodule), this feature is a pertinent one as
the equivalent diameter feature determines the
diameter of a circle with the same region of interest
(ROI) of the object which may be a nodule in the
image. Equation (1) estimates the equivalent ROI
diameter.

Equivalent Diameter = /4 X Area /pi 1)

2. Perimeter: The number of pixels in the object
boundary.

3. Eccentricity: The ratio between the longest chord
of a shaped object and longest chord perpendicular to
it. It is a measure of how circular a shape is. The
eccentricity is zero for a perfectly circular shape. For
elliptical shapes, the eccentricities are between zero
and one. Elongation is the ratio between the height
and width for a rotated minimal bounding box.

4. Solidity: A measure of the density of an object. It
is the ratio between the area of an object and the area
of a convex hull of the object (Equation 2). The
convex hull of an object is defined as the smallest
convex shape that contains the object. A value of 1
indicates a solid object, and a value less than 1
indicates an object with an irregular boundary.

Solidity = Area/ Convex area  (2)
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5. Roundness: An indication of how round an object
is:

Roundness = (3)

Primary Isosurface

Reconstructed
Isosurface

xArea / Perimeter?

Roundedness is equal to one for a circle and is less
than one for other shapes.

6. Minimum and maximum gray-level values: In
general, nodules have mean gray-level values higher
than those of blood vessels. Nevertheless, the gray-
level values depend on the scan set resolution.

C.2 Surface rendering

Rendering techniques were used to visualize the CT
data as 3D volumes. The conventional rendering
techniques for medical images are multiplan
rendering, surface rendering (SR), and volume
rendering. In this work, the SR technique was applied
[29]. This is also referred to as threshold-based
rendering which is based on the marching-cube
algorithm. This algorithm generates surfaces from
regions with similar voxel values in the 3D data at the
eight corners of a cube. The threshold can then be
rendered into surfaces (lsosurface). Each surface
contains points that have the same intensity (called
iso-values) on all slices. The threshold is set to a
specific brightness value. The isosurface marks the
border between values below and above the threshold.
The voxels that are intersected by the threshold
value are identified. Each of the voxel 8 vertices can
be either inside or outside of the isosurface value,
thus, there are28®= 256 combinations. These
combinations were reduced to 15 combinations as
shown in fig. 2. Edge values were used to map the
vertices under the isosurface to the intersecting edges.
Each bit according to the isolevel returned 0 if the
edge isn't cut by the isosurface and 1 if the edge is cut
by the isosurface. All points of intersection in each
cube were calculated by linear interpolation,

where P is the intersection point; P, and P, are the
vertices of a cut e~ ~~* " -1d V, are the scalar
values of each verte hm then generates a
reconstruction for ¢ . tarance as shown in
fig. 3. The 3D Slicer 4.8.1 software [30] was used (in
conjunction with a MATLAB interface [31]) for
visualizing the 3D reconstructed nodules.

Figure 2: 256 cubes reduction to a total of 15 cubes

Figure 3: Surface rendering technique
(a) Primary and reconstructed isosurfaces for grayish
ROI
(b) Primary and reconstructed isosurfaces for black
ROI

C.3 Nodule volume estimation

As tumors lack well-defined regular shapes, the tumor
volumes are difficult to calculate. To overcome this
problem, voxel counting is used for merging the two-
dimensional boundaries into a volume. The estimation
of nodule volume Vi is based on the total number of
voxels within the segmented region (ROI) by counting
pixels on image planes and then summation of
boundary area in a 3D array; in our case: X and y are
the dimensions of the pixel and z is the slice thickness
(depth) which form the unit voxel. Most volume
measurement methods use voxel counting [32].

To estimate the nodule volume in mm3, we should
convert the estimated volume resulted from the voxel

counting using the next equation (5):

Volume of nodule in mm? =
Volume of nodule in voxels * Spatial calibration  (5)
factor

Where the spatial calibration factor is (mm per pixel X,
mm per pixel y, mm per pixel z)

According to our dataset, the spatial calibration factor
=0.703x0.703%x1.25=0.61

The proposed algorithm was tested on the 14 LIDC
CT samples based on the ground-truth actual tumor
volumes (V,) and the volumes (V) estimated by the
proposed algorithm [31]. The difference volume
(Vp) was measured as

Vp=Vg—V, (6)

The percentage error of the estimated lung nodule
volume was calculated as

E%=V,/V, x100 (7)
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The accuracy rate of the estimated lung nodule
volume was calculated as

Ag = 100 — E% €))
The average error rate and the average accuracy rate
of the proposed model were estimated respectively as

[33]

1
Average error rate = - . E, ©)

n
1
Average accuracy rate = - Z Ag, (10)

t=1

@) (b)

o 5

where n is the number of lung nodules.

3. RESULTS AND DISCUSSIONS
8)

The segmentation results 1ur sunary and juxtapleural
nodules are shown in Fig. 4 and Fig. 5, respectively.
Bilateral filtering replaces the pixel values of the
image with a weighted average of similar and nearby
pixel values, as shown in Fig. 4 (b) and Fig. 5 (b). Bit-
plane slicing converts (9) Y levels of the image
tovalues from0to25 |, | Jing the value of pixels
ranging from 0 to 127 to one

(d) ()

(9)

Figure 4: Segmentation of CT image with solitary nodule
(a): CT image with solitary nodule; (b): following bilateral filtering of a; (c): bit plane slicing of b; (d):
bounding box use with c; (e): thresholding, lung border clearing, background removal, and filling the lung
of d; (f): superimposed image; and (g): candidate nodules after using maximum intensity projection.
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Figure 5: Segmentation of CT image with juxtapleural nodule
(a): CT image with juxtapleural nodule; (b): following bilateral filtering of a; (c) bit plane slicing of b; (d):
bounding box use with c; (e): thresholding, lung border clearing, background removal, and filling the lung
of d; (f): superimposed image; and (g): candidate nodules after using maximum intensity projection.

level (e.g. 0) and all the pixel values above 127 to
another level (e.g. 1). This results in the
transformation of the gray image into a binary image,
as shown in Fig. 4 (c) and Fig. 5 (c). The bounding
box specifies the image properties by creating a small
rectangle (bounding box) that surrounds all the
regions containing 1s. The thresholding technique is
used to isolate the two lungs easily by mapping all the
zero-valued pixels to ones and vice versa, as shown in
Fig. 4 (d) and Fig. 5 (d). Border artifacts are removed
by clearing the lung border, erosion, dilation and
superimposing, as shown in Fig. 4 (e, f) and Fig. 5 (e,
f). MIP evaluates the voxel projection with the highest
attenuation value on every slice throughout the
volume of a 2D image. Only the pixel with the highest
Hounsfield number along the Z-axis is projected
containing all dense structures (nodules) in a given
volume. A morphologically close operation is
performed after MIP using a structuring element (with
a size of two pixels) that easily detects lung nodules,
as shown in Fig. 4 (g) and Fig. 5 (g). The first step of
the 3D reconstruction was extracting the 2D lung
nodule features, which has been determined to aid in
distinguishing the nodules from blood vessels in the
2D slice as shown in Fig. 6. Extraction of 2D lung
nodule features is faster than extraction of 3D
features. All candidate nodules (Fig. 6 (a)) are shown
as blobs (Fig 6 (b)), which were then labelled and
numbered from bottom to top and from left to right

(Fig. 6 (c)). Then, the texture and shape features were
extracted for each blob. According to the extracted
features, the rule-based classifier extracts the 2D
nodules (Fig. 6 (d)). The X and Y centroids were
measured to determine the location of the nodule.
Each candidate nodule that had a diameter smaller
than 3 mm or greater than 30 mm was excluded,
which is the range of small nodules. For elliptical
nodules, the eccentricity is close to 0. In addition, the
roundness assisted in extracting the circular objects
when these were equal to or less than 1 for objects that
depart from circularity. Measuring the density of the
nodule was performed with the solidity feature. This
equals 1 for solid objects, as the nodules were denser
than the surrounding lung region. Generally, the
nodules have high gray-level contrast compared to
blood vessels. The gray-level distribution of the CT
image ranges from 0 to 255. So a gray-level
histograms for the CT images is plotted to find the
best threshold between the nodule and other tissues in
the CT image. According to the plotted histograms for
our CT images, the threshold between the nodule and
the lung tissues was 150. So, a candidate nodule with
a gray level below 200 was excluded, as (see Fig. 7).
If another threshold is selected (for example, 150),
gray levels below 150 will be excluded. In this case,
all gray levels above 150 will be displayed and
reconstructed as shown in Fig. 11(a), which is not
desirable.
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3D reconstruction is applied on 12 digital scan images
of solitary and juxtapleural nodules, as there were two
cases of segmentation failure in which the images
have nodule and blood vessels (Fig. 11 (a)). Thus, 12
cases were reconstructed in 3D via SR. Surfaces were
generated from extracted regions with the same
intensity (similar voxel values). Fig. 8 shows a sample
3D lung model containing all slices of the CT image
after extraction of the lung region as visualized on
Slicer 4.8.1. 3D reconstruction for the extracted
nodules was performed by reconstructing a specific
slice where a tumor appeared with an equivalent
diameter between 3 and 30 mm. According to the size
of the nodules, the number of slices ranging from 4 to
38 slices was recorded. For example, Fig. 9 (a, b and
c) shows the CT image with candidate nodules
including a solitary nodule. Fig. 9 (d) shows the
resulting image from the MIP and BB algorithms. The
rule-based classifier extracted the solitary nodule that
appeared on 16 slices (Fig. 9 (e)) and then used SR to
reconstruct the 3D nodule (Fig. 9 (f)) for Case # 2 in
Table 1. The equivalent diameter of the 3D nodule
was estimated to be 20.2 mm, with a location
estimated at the centroid X = 350.0 and Y = 198.0, as
visualized on the 3D Slicer (Fig. 9 (g)). Fig. 10 shows
multiple solitary and juxtapleural nodules with
different volumes. Fig. 10 (a, b, c, d, e and f) shows
3D nodules for Cases # (1, 3, 10, 5, 6 and 12)
respectively in Table 1.

To evaluate the proposed model, the 3D estimated
nodule volume was compared with the actual volume
(V) of the nodule in the LIDC dataset. This method of
evaluation produced a favorable result when applied
to our dataset, whereas another method such as the
Jaccard index (which measures the similarity
between finite-sample sets) may not be suitable for

HEEE

our dataset. It is more specific for performance
measures of large datasets with false-positive
reduction techniques such as support vector machines
and artificial neural networks which need more data
for training and testing. Table 1 shows the results of
the accuracy rates of the nodule estimated volumes
obtained using the 3D algorithm.

The average accuracy rate of the 3D reconstruction
algorithm for the 12 cases was 97.34 % while the
average error rate was 2.66 %. With regard to 3D
reconstruction, the extraction of texture and shape
features for each blob in the 2D image via the rule-
based classifier had a number of challenges, including:

e Several candidate nodules (blood vessels) with
diameters between 3 and 30 mm were considered
as nodules and they are extracted together with the
true nodules. Therefore, other features such as
roundness and eccentricity also needed to be
extracted.

o Elliptical nodules have an eccentricity close to 0
and that of blood vessels is close to 1.

e Roundness helped reject blood vessels as these
were more circular than nodules, and this value
was relatively insensitive to irregular boundaries.
However, several nodules appeared more circular.
Therefore, they were rejected with the blood
vessels.

e The solidity features were calculated for the
candidate nodules. This feature reached 1 for the
blood vessels. If the nodule had a regular
boundary, it will therefore be rejected with the
blood vessels.

¢ Each candidate nodule with a gray level below 200
was excluded as the threshold between the nodule
and the lung tissues was 150 based on the lung
gray-level histogram.

Figure 6: (a) Candidate nodules; (b) candidate nodules with blobs; (c) labeled and numbered candidate
nodules; (d) extracted nodule.
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Figure 7: Gray-level distribution histograms
a, ¢ and e: Gray-level distribution of different CT lung images
b, d and f: Histograms of different candidate nodules
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Figure 8: The 3D reconstructed lung

(@)

Figure 9: 3D reconstruction results on Solitary nodule
a, b and c: The 2D CT image in three sections; d: resulting image from MIP and BB; e: resulting nodule after applying the
rule-based classifier; f: zoom of the 3D reconstructed nodule after applying SR and 3D slicer with equivalent diameter = 20.2
mm; and g: the 3D reconstructed nodule located at centroid X = 350.0 and centroid Y = 198.0 inside the left lung.
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Figure 10: The 3D reconstruction results on multiple nodules (solitary and juxtapleural) with different
volumes. a: Solitary nodule with equivalent diameter = 24.2 mm, centroid X = 230.0, and centroid Y = 200.0;
b: solitary nodule with equivalent diameter = 3 mm, centroid X=383.3, and centroid Y = 189.0; c: solitary
nodule with equivalent diameter = 6.8 mm, centroid X = 165.0, and centroid Y = 192.0; d: solitary nodule
with equivalent diameter = 30 mm, centroid X = 195.0, and centroid Y = 202.0; e: juxtapleural nodule with
equivalent diameter = 19.3 mm, centroid X = 166.0, and centroid Y = 175.0; and f: juxtapleural nodule with
equivalent diameter = 12.7 mm, centroid X =372.0, and centroid Y = 111.0.

The rule-based classifie ‘*’  red nodule extraci ‘"’

for 10 out of 14 cases. Two cases were segmented
perfectly using the segmentation approach (bounding
box + maximum intensity projection) without
candidate nodules, whereas there were two cases of
segmentation  failure. Thus, 12 cases were
reconstructed in 3D via SR as shown in Fig. 11. The
3D Slicer was interfaced with MATLAB to enhance
the visualization of the SR as shown in Fig. 10. 7 (g)
volume of each nodule was then measured dur
evaluation. The 3D reconstruction model of
pulmonary nodules produced a favorable result, as
shown in Table 1, with minimum and maximum
volume estimation accuracy rates of 94.956 % and
99.6627 %, respectively. The average accuracy rate
and the average percentage error of the 3D

reconstruction algorithm were 97.34 % and IS 2.66 %,
respectively.

Table 2 presents a comparison between the results of
this current study and published studies. Our model
exhibits the best results according to the LIDC
dataset with different models for segmentation,
reconstruction, and accuracy rates. Hina et al. [1].
Satya et al. [13] achieved an average error rate of
5.8% (overlap ratio difference) when applying fuzzy
c-means clustering on only 10 nodules from 20 CT
volumes. Ramyasri et al. [5] proposed K-means
algorithm and 3D Slicer, but the dataset type either
solitary or juxtapleural was not informed and

achieved an avc \“)  ror rate of 4.55% " while,
Prionjit et al. [10] achieved an accuracy of 95.68%
when using thresholding and K-means clustering and
applying an algorithm on 83 nodules. Zhipeng et al.
[34] used a random walk algorithm to segment the
lung nodules and volume vocal direction ternary
pattern to extract pulmonary nodule texture features.
The accuracy, sensitivity and specificity of the
proposed met (f) * 82.2%, 85.7%, and 78.8%,
respectively. vur model achieved an average
accuracy of 97.34% and average error rate of 2.66 %
when applied on the LIDC dataset images.
Thresholding, maximum intensity  projection,
bounding box, image intensity histogram and SR +
3D Slicer are applied. Our method showed promising
results when compared to Hina et al. [1] who
achieved an accuracy rate of 95% by using a mean-
intensity-based threshold, image intensity histogram,
and 3D Slicer application on the LIDC dataset
images.

4, CONCLUSIONS

In this study, a robust 3D reconstruction algorithm for
pulmonary nodules from 2D CT images was
presented. The screening of a 3D nodule can support
surgery planning. A segmentation and enhancement
approach (bounding box + MIP) was applied.
Extracting the lung nodule from the 2D candidate
masses was performed features. SR was used for 3D
reconstruction, and a 3D Slicer was used to visualize
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the 3D lung nodules. Via rule-based classifier using
shape and texture Nodule volumes and locations were
estimated. The average accuracy and error rates of the
3D reconstruction algorithm were calculated. We
demonstrated that our algorithm outperforms the
previous state-of-the-art techniques in terms of
segmentation (bounding box + MIP) and is
significantly robust for two nodule types (solitary and
juxtapleural), suggesting the suitability of our method
for 3D implementation to minimize the radiologist
effort through the automatic estimation of the VOI and
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to enhance the accuracy of segmentation. Although
the model showed some promising results in the
reconstruction of the pulmonary nodules, further
improvements could be achieved by including extra
features such as elongation to extract the blood vessels
and bronchioles and using a visualization toolKkit for
volume rendering rather than surface rendering. Also,
diagnosis of lung cancer as benign or malignant can
be achieved as a future work depending on the 3D
nodule volume.
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Figure 11: Visualization of 3D nodules and blood vessels by SR in Matlab

() 3D Visualization with a gray-level threshold of 150
(b) 3D Visualization with a gray-level threshold of 200
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Table 1: Results of 3D algorithm showing the accuracy rate and percentage error of

the estimated nodule volume

1 1287.59 1314 26.41 2.0511 97.95
2 881.9 895 13.1 1.485 98.515
3 14.3 15 0.7 4.895 95.105
4 4313.526 4405 91.474 2.121 97.8794
5 14130 14350 220 1.557 98.443
6 664.758 667 2.242 0.3373 99.6627
7 3762.273 38708 107.727 2.8633 97.1367
8 1071.987 1083 11.013 1.0273 98.973
9 2853.096 2997 143.904 5.0438 94.956
10 246.44 254.5 8.06 3.2706 96.7294
11 5201.08 5337 135.92 2.6133 97.3867
12 434.67 455 20.33 4.677 95.3229
Average 2905.135 5873.38 65.07 2.66 97.34

'Y



Vol.42, No.2. July2023

Table 2: Comparisons with published studies

Performance measure%

# Study Techniques

Average acc. % Average
error
rate %
1  The presented work MIP+BB and 97.34 2.66
Surface rendering + 3D slicer
2 Hina et al. [1] Mean intensity based threshold, image 95 NI
intensity histogram
3D slicer
3 Satya et al. [13] Fuzzy-c-means clustering NI 5.8
4 Nandish etal. [5] K-means algorithm NI 4.55
3D slicer
5 Prionjitetal. [10]  Thresholding, k-means clustering and 95.68 NI
tumor nodule metastasis classification
6 Zhipeng et al. [34] Random walk algorithm and 82.2 NI

volume vocal direction ternary pattern

NA: Not Available
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