Journal of Artificial Intelligence and Data Mining (JAIDM), Vol. 10, No. 2, 2022, 207-215.

Journal of Artificial Intelligence and Data Mining (JAIDM)

Shahrood University of
Technology

BRIV

Journal homepage: http://jad.shahroodut.ac.ir

Research paper

Automatic Detection of Lung Nodules on Computer Tomography Scans
with a Deep Direct Regression Method

Khadijeh Aghajani”

Department of Computer Engineering, University of Mazandaran, Babolsar, Iran.

Article Info

Avrticle History:
Received 02 December 2021
Revised 26 December 2021
Accepted 05 February 2022

DOI:10.22044/jadm.2022.11431.2303

Abstract

Keywords:
Lung Nodule detection, Direct
Regression, Deep Learning.

Corresponding author:
kh.aghajani@umz.ac.ir (Kh.
Aghajani).

Deep-learning-based approaches have been extensively used in
detecting pulmonary nodules from computer tomography (CT) scans.
In this work, an automated end-to-end framework with a convolution
network (Conv-net) is proposed to detect lung nodules from the CT
images. Here, boundary regression has been performed by a direct
regression method, in which the offset is predicted from a given point.
The proposed framework has two outputs; a pixel-wise classification
between nodule or normal and a direct regression that is used in order
to determine the four coordinates of the nodule's bounding box. The
loss function includes two terms; one for classification and the other
for regression. The performance of the proposed method is compared
with YOLOv2. The evaluation is performed using the Lung-Pet-CT-
DX dataset. The experimental results show that the proposed
framework outperforms the YOLOv2 method. The results obtained
demonstrate that the suggested framework possesses high accuracies

of nodule localization and boundary estimation.

1. Introduction

Lung cancer is still one of the most common
causes of death worldwide in both men and
women, while early screening of smaller nodules
can significantly reduce lung cancer mortality and
prolong the patient’s life [1]. One of the most
common approaches for early detection is the
Computed Tomography (CT) analysis. The
computer-aided detection systems can help the
radiologists to focus on the regions of interest
instead of finding nodules from hundreds of CT
slices. In the following, we will review some
research works carried out in this field. It should
be noted that it is very difficult to compare
various methods because they may use different
databases or different annotation mechanisms.
Traditionally, the lung nodule detection methods
are based on hand-crafted feature extraction using
various image filters and a machine learning-
based method to reduce false positives (FPs). The
shape-based feature descriptors [2, 3], texture
characteristics [3-5], multiscale Laplacian of
Gaussian filtering [6], wavelet features [7], and
curvedness features [8], are examples of the

common methods used in this field. In the
traditional methods, the number of FPs is very
high for each scan; thus a classifier such as
support vector machine (SVM), random forest
(RF), or k-nearest neighbors (k-NN) can be used
to reduce FPs [3,4,8,9]. Moreover, in the
traditional methods, the designed filters may not
deal with all scale and shape variability of the
nodules.

Recently, deep-learning-based approaches using
convolutional neural networks  (CNNs) can
perform an end-to-end detection and learning
salient features. Combining CNN and fully
connected layers can be used to detect lung
nodules [10-13]. Such methods overcome the
problem of filter designing for extracting hand-
crafted features and large FPs.

Recently, the application of deep learning-based
object detection methods in nodule detection has
received much attention. The following is a brief
introduction to them and their application in this
field. Region-based convolutional neural network
(r-CNN) [14], fast r-CNN [15], and faster r-CNN
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[16] are the popular methods for object
detection. In r-CNN, using the selective search,
the category-independent region proposals are
created. Then the region proposals are fed into
a CNN, and a feature vector is extracted from
each region. Finally, the extracted features are fed
into an SVM to filter out FPs. In fast r-CNN, the
entire image and the region proposals are fed
into a CNN, and SVM is replaced with a soft-max
layer. In the faster r-CNN, a neural network-based
region proposal is suggested and the results
obtained are fed into a CNN after using an
attention mechanism. Moreover, mask r-CNN is
used for segmentation. It is developed on top of
the faster r-CNN, so that along with the class label
and bounding box offset, the object mask (that is a
binary image) is considered [17]. In [18], the r-
CNN-based method has been utilized for lung
nodule detection. Ding et al. have utilized a faster
r-CNN-based method to detect the initial nodule
candidates followed by a CNN to reduce FPs [19].
The faster r-CNN has also been used in [20-25] to
detect lung nodules. Some studies have used mask
r-CNN to detect nodules and segment them [26,
27]. In [28], a modified faster r-CNN has been
proposed to detect lung nodules. First, the image
is fed into VGG16 with a de-convolutional layer.
Then the obtained features are sent to the region
proposal network (RPN) to generate the initial
nodule candidates. Finally, the candidate region
along with the convolutional features are fed into
the region of interest (ROI) pooling layer
followed by a multi-task classifier to position the
regression of the candidate area.

Xie et al. have proposed a model consisting of a
faster r-CNN along with two RPNs and a
deconvolution layer for detecting the nodule
candidates [22]. They utilized a 2D CNN-based
boosting architecture to reduce FPs. Cue et al.
have proposed a framework consisting of a
cascaded r-CNN and a feature pyramid network
(FPN) to detect lung nodules [29]. They used
a residual neural network (ResNet) as the
background network to extract the salient features.
Another popular deep learning-based object
detector is the YOLO algorithm, in which the
multiple bounding boxes along with their class
probabilities are predicted by a single CNN.
YOLO and its variants have been used in some
studies to detect lung nodules. George et al. have
used YOLO [30], Xinzheng et al. have
used YOLO-V2 [31] and Haibo et al. have
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utilized YOLO-V3 [32] to detect lung nodules. It
has been reported that such methods achieve a low
accuracy in detecting small nodules.

In this paper, a direct-regression-based approach
was utilized to generate the bounding box of the
lung nodule. In such approaches, the regression
task is learned to generate an object's position and
size from a given point [33]. Briefly, the proposed
framework can be subdivided into the following
steps:

e Preprocessing: the goal of this step is to
remove the irrelevant parts of the image and
reduce the size of the image without losing
important information.

e Generating the ground truth for the
classification and regression tasks according to
the annotation information and the proposed
model. In this method, the distance of each
pixel located in the positive area to the
coordinates of the quadrilateral corners
containing the nodule is learned. The loss
function includes two terms; one for
classification and the other for regression.

e Training the proposed CNN-based model by
minimizing the loss function. In the proposed
model, the features extracted from different
scales are fused in order to deal with various
scale and shape variability.

The proposed model has been evaluated on the
Lung-Pet-CT-DX dataset [34]. This data contains
12984 CT scans belonging to 235 patients. Each
scan contains one nodule identified by the experts.
The position of the nodule is annotated.
According to the studied papers, it seems that no
report of the use of this data has been seen in this
field. The performed experiments show that the
proposed framework can detect most of
the nodules correctly.

The organization of the rest of the paper is as
follows. In Section 2, the pre-processing and the
proposed deep learning architecture are presented.
Section 3 is devoted to the experimental results. In
Section 4, the conclusion is presented.

2. Main Idea and Proposed Method

In this section, the data preprocessing and the
proposed framework are presented. First, a
segmentation method is used in order to remove
the background and irrelevant parts of the images.
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Figure 1. Example of lung corpus extraction. a) Original CT scan, (b) Bit-plane image (output of OR-ing bit number 7 and
bit number 8), c)Output of outlining method, d)Refined extracted border, e) Extracted lung region that is obtained by
multiplying the original image by flood fill image, f) Obtained corpus.

Since there is no need to consider the removed
area for a later computation, it can facilitate
nodule detection. The aim of preprocessing is to
reduce the size of the images without losing
important information. Here, a bit-plane-based
segmentation method is utilized. In this method,
the value of each pixel is converted to an 8-bit
unsigned integer. A bit plane image is created by
OR-ing the bit number 8 and bit number 7. After
applying a threshold on the obtained image, a
sequence of operations such as outlining
algorithm, filtering outer and small rings,
and the flood fill algorithm, the segmented image
is obtained. The explained process is presented in
Figure 1.

Like the image shown in this figure, the nodules
connected to the lung wall are probably not
separated correctly. In order to consider those
areas, instead of only
considering the segmented area, a box
containing this area with a margin of 10 pixels for
the outer sides is considered as a mask. By
applying this mask to the original image, the lung
corpus is obtained. The generated corpora are
used as the input to the model.
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The architecture of the proposed lung nodule
detection using CT image is diagrammed in
Figure (2). Three parts can be seen in the
proposed architecture; 1) convolutional feature
extraction, 2) feature fusion, and 3) multi-task
learning. In the test phase, at the end, non-
maximum suppression is performed as a post-
processing step.

The first part is convolutional feature extraction. It
consists ~ of  nine  convolutional  layers
and four max-pooling layers. In the next part, to
capture nodules of multi-scales, the features
extracted from three streams are combined
after up-sampling. The obtained features are fed
into a multi-task learning part. There are two
branches in the training part: classification task
and regression task.

The output of the classification task, vy , is a
h/4xw /4 tensor, in which (hw) is the dimension
of the original image. Y can be obtained by
down-sampling the segmentation between nodule
and normal from the original image. A high score
means that the pixel most likely belongs to the
nodule category.
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Figure 2. Structure of the proposed architecture for nodule detection.
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Figure 3. (a) A sample CT scan with the ground truth. (b)

Ground truth for classification task. (c) Generating ground
truth for regression task.

The output of the regression task, z, is a
h/4xw /4x8 tensor. For each pixel that belongs
to the nodule area, the distances of the corners of
the quadrilateral boundary of the nodule to that
point are determined.

By considering the offset values as z,
the coordinates of the ith corner of
the bounding box in the input image for pixel
[x ¥ belonging to the positive area
in the downsampled image can be obtained as:
comer; [4x,4y]=[4x +Z (x,y,2i —1),4y +Z(X,y,2i)]

(1)

The loss function used for training includes two
terms (i.e. classification (Loss,, ), and regression

cls
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loss (Loss,, )) and can be represented as Equation

(2):

Loss = Loss,, + ALOSS,,, 2
Here, 4 is the weighting factor that controls the
balance between two losses. The ground truth for
the classification task is generated by down-
sampling the segmentation between nodule and
non-nodule from the input image.

Instead of considering all pixels within a
bounding box as a nodule, we only regard the
pixels around the center of the box as positive
labels. To do so, we consider an ellipse that is
enclosed by the bounding box. The area inside an
ellipse that is a downscale of the original ellipse
by a parameter 0.9 is considered as the positive
area. As an example, a lung CT image with one
bounding box that marks a nodule is shown in
Figure 3. The ground truth
of the classification task is also presented in this
figure.

By considering y; €{0,3 as the ground truth for
i th pixel of the input image and vy, as the

predicted value, the classification loss can be
obtained as:

Loss Dy, logy; +(1-y;)logL-y

output size 4

/i) 3)

cls



Automatic Detection of Lung Nodules on Computer Tomography Scans

Eim’n:{l itmage | Annotation information
(Bounding box)
h
Bit plane image |
i ¥ ¥
” Classification ground Regression ground
£ Thresholding truth truth
8
3 T
o Qutlining method
o
. ¥
Refining the border
v
Lung corpus h J
Train data Test data
¥ l
_,. | Proposed Network (Figure 2) > Trained Network
A J T tln
esting
i | | S metod g
Loss Computation
nEcl .
= ]
s Parameter’s update
[=

Y

Figure 4. Block diagram of proposed framework

The ground truth of the regression task can vary
over a wide range, so for a fast convergence, the
scale and shift operation is used. The ground truth
of the regression task is obtained as follows.

According to Figure 3.c, suppose that
P :[Pl,x ’Pl,y]'PZ :[Pz Pz,y]nps :[Ps Ps,y]1P4 :[P4,X’P4,y]
are the four coordinates of the quadrilateral

containing the tumor in the original image.
Consider pixel C with coordinate [C,, C] , which

belongs to the positive area. The following
equation is used to generate the ground truth.

P -C, P -C
Z[C, C, 2 ~L:2i] =[x 2, 11234 (4)
w

X! X !

As mentioned earlier, the output of the regression
task is a tensor with shape h/4xw/4x8. By
considering P as the i th

corner of the bounding box in the down-
sampled image and p, =4pP", , the ground truth for

the down-sampled image can be obtained.

On the other hand, scale and shift operation can be
used as follows in
order to make the final output tobe in the rage of

G

Z=22"-1 5)
in which, z'is the output of the last layer after
passing a sigmoid activation function.

By considering Z and z as the network’s output
and the ground truth, respectively, the regression

loss can be formulated as:
exp(Z,[i1-Z, i) (6)

Loss,, = >

i=1 p epositive _area

211
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According to the proposed architecture, for each
point in the output map a scored bounding
guadrilateral is obtained. The high-scored points
are preserved for classification and bounding
guadrilateral estimation. However, at some
positions, there are still several overlapped
guadrilaterals. In order to filter out the best
bounding boxes, the non-maximum suppression
method (NMS) can be used. The intersection over
the union (loU) metric can be used as an
appropriate selecting measure. loU is usually used
to quantify the percent overlap between two
bounding boxes. It can be represented as:
intersection —size (B B )
——— @)
union —size(B B )
In the NMS method, first of all, a list of
quadrilaterals with scores higher than a
confidence score is created. In each iteration, a
box with the highest score is removed from the
list and is added to the desired filtered output.
Then the boxes with a high loU with the removed
box are also removed from the list. This process is
repeated until the list is empty.
Since for each image belonging to the database
used only one bounding box is specified, it seems
that there is no need to use the NMS method.
However, here, in order to calculate FP for a
better evaluation, the NMS method is applied on
the quadrilateral with a score higher than a
confidence score. The block diagram is shown in
Figure 4 shows an overview of the proposed
framework.

loU (BLB2)=

3. Experimental Results

Here, in order to evaluate the proposed nodule
detection method, the Lung-PET-CT-DX dataset
is used [34]. This dataset contains 512x512 CT
Dicom images of Lung cancer, subject with the
XML annotation files for each CT image. The
nodule’s location is indicated with a bounding
box. The annotation of each tumor is performed
by five thoracic radiologists with expertise in lung
cancer. Some examples of lung CT scans with
their bounding boxes that mark the nodules are
presented in Figure 5. Here, the images of 235
patients are used to evaluate the proposed
method. 1480 images belonging to 19 patients are
considered as the test set and 11504 scans
belonging to 216 patients are considered as a train
set.

As mentioned, for each image, only one bounding
box is specified as the nodule location. Here, the
proposed method is evaluated from two
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aspects. In both aspects, a detected bounding box
is considered a true positive (TP) if its loU with
the ground-truth is greater than a threshold and its
confidence score is greater than a threshold.
Violation of either of these two conditions makes
a false positive (FP). A detected bounding box
whose confidence score is lower than a threshold
while it is supposed to detect a ground truth is
considered as a false negative (FN). A detected
bounding box whose confidence score is lower
than a threshold while it is not supposed to detect
a ground truth counts as a true negative (TN). TN
is usually not considered in the evaluation for
object detection applications. The two aspects are
as follows:

e Aspect 1: All the obtained quadrilaterals after
applying the NMS method are treated as a
nodule. It is clear that the number of FNs is
decreased while the number of FPs is
increased.

e Aspect 2: Only a quadrilateral with the highest
score is considered as a nodule. Here, the
number of FNs is increased while the number
of FPs is decreased. It has to be noted that
rejecting true positives can be fatal.

Figure 5. A few examples of lung CT scans along with
ground truth.

Figure 6 shows examples of the output of the
proposed method. In this figure, some CT scans in
which more than a single nodule is detected are
presented. Here, the bounding boxes that contain
correctly the recognized nodules are marked in
purple.

For a better evaluation, recall and precision are
used. These metrics can be obtained as Equations
(8) and (9) [35].
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Figure 6. Detection results randomly chosen from test set. Correct predictions and FPs are marked with purple and white
solid boxes, respectively. Numbers beside predictions are confidence scores and loU with ground-truth.

TP

Precision = (8)
TP +FP
Recall = ™ 9)
TP +FN

The results of considering each strategy are
described in Table 1.

It seems that the second aspect performs
statistically better than the first aspect but for
practical approaches, the first aspect is better than
the second one because FN can have bad
consequences for the patients. Moreover, a
comparison between the proposed method and the
YOLOv2-based nodule detection method is
presented in Table 1.

Table 1. Evaluation of nodule detection.

TP FP FN Precision Recall
% %
P.M Aspectl 1297 319 183 80.25 87.63
Aspect2 1201 226 279 84.16 81.15
YOLO  Aspectl 1191 325 289 78.56 80.47
V2 Aspect2 1120 261 360 81.1 75.68
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It can be observed that the proposed method
outperforms this method.

4. Conclusion

In this paper, a deep-learning-based framework
for nodule detection on lung CT scans was
proposed. First, the background and some
irrelevant parts of images were removed using a
bit-plane-based segmentation algorithm. Then the
obtained corpora were fed into a CNN-based
model. The output of the model has two branches:
classification and regression tasks. The regression
task was performed using a direct approach. The
NMS algorithm was used as a post-processing
step in order to filter out the best bounding boxes.
For evaluation, the Lung-Pet-CT-DX database
was utilized. According to the searches in recent
studies, this is apparently the first time this data
has been wused in learning-based nodule
detection. Moreover, the performance of the
proposed method was compared with the
YOLOv2 method. By considering the bounding
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boxes with the highest score as nodules, out
of 1480 nodules, 1201 nodules  were
recognized correctly.
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