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PAPER

A Novel 3D Method Based on Region-Growing  
and Morphology for Lung Segmentation

ABSTRACT
The purpose of this study is to help in the early detection of lung abnormalities by accurately 
segmenting the volume of interest from the CT scans. For this, we suggest a novel method 
that loads the volume by interpolating additional images to increase the resolution, thus 
improving the efficiency of the region-growing application, without any pre-processing, for 
segmenting voxels in the range of -1000 and -500 HU, and then applying a combination of 
chain code and region-growing to repair the lacunae due to blood vessels, trachea branches, 
and/or lesions that have intensities outside the range of interest. The validation of the seg-
mentation result, using metrics, shows how close our method is to the ground truth, with 
an accuracy of 99.99%, a dice coefficient of 98.99%, an IoU of 98.02%, a recall of 98.44%, 
a precision of 99.56%, and an F1-score of 98.99%. Compared to UNET, UNET++, and 3D-UNET. 
Our method presents better results except for recall, which is higher than ours with a minor 
difference of 0.09–0.85%.

KEYWORDS
lung segmentation, interpolation, region-growing, morphology, UNET variants, medical image 
processing

1	 INTRODUCTION

In 2022, the World Health Organization (WHO) claimed that lung cancer was 
in the second place with 2.21 million deaths [1]. However, the time taken to 
diagnose lung cancer has a direct influence on how it can be treated [2]. Early 
diagnosis and treatment, therefore, remain options for improving the chances 
of effectively treating lung lesions. But the first signs of lung damage are not 
necessarily visible, as they often appear small in the first stage. The use of 3D 
analysis contributes greatly to improving the accuracy of early diagnosis [3]. 
Currently, one of the most widespread imaging techniques is CT scanning [4], 
which can provide images distinct enough to establish a diagnosis. But to perform 
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this three-dimensional analysis, it is necessary to provide a 3D segmentation of 
the volume of interest.

In the field of medical image segmentation, a large number of scientific papers 
propose new methods or develop others, such as noise reduction methods [5], [6] 
and contrast enhancement [7], [8]. There are also semi-automatic and automatic 
segmentation approaches such as thresholding [9], [10], region-growing [11], 
[12], [13], and active contour [14], [15]. In recent years, we have started talking about 
artificial intelligence [16], [17], [18], mainly neural networks [19], [20], which have 
revolutionized image segmentation. LeNet-5 [21], AlexNet [22], GoogleNet [23], 
VGGNet [24], and DenseNet [25] are some of the neural models known for their 
efficiency in extracting discriminating features [26]. In 2015, O. Rennerberger and 
Brox [27] created the “U”-shaped convolutional neural network known as UNet. 
It is a connection-skipping encoder-decoder model. To improve predictions, the 
encoder reduces spatial dimensions and extracts features, the decoder progres-
sively reconstructs spatial dimensions, and skipped connections enable low-level 
and high-level data to be combined. Since its creation, several variants of UNet 
have been developed to meet specific needs or to enhance its performance. These 
include 3D-UNET [28] for three-dimensional volumes, Attention-UNET [29], which 
introduces attention mechanisms to improve performance by focusing on import-
ant regions of the image, and ResUNet [30], which combines UNet with residual 
blocks to improve gradient propagation, and DenseUNet [31], which merges UNet 
with DenseNet for better feature reuse, NestedUNet (UNet++) [32] adds hierar-
chical connections between layers for finer-grained reconstruction. Recurrent 
Residual UNet (R2Unet) [33] combines recurrent and residual blocks in UNet. 
TransUNet [34] integrates Transformers with UNet to capture global relationships 
in images. UNet3+ [35] improves skip connections with multi-level aggregation 
mechanisms.

Given the anatomical shape of the trachea and parenchyma and their low inten-
sity since the volume is largely filled with air, automatic segmentation of the respi-
ratory system is a very difficult subject. In this paper, we propose a method that 
loads the volume by interpolating additional images to increase the resolution, thus 
improving the efficiency of the region-growing application for segmenting voxels 
in the -1000 and –500 HU range. A necessary separation process is applied if the 
lungs are connected before using a combination of chain code and region-growing 
to repair the lacunae due to blood vessels, trachea branches, and/or lesions that have 
intensities outside the range.

The rest of this paper is structured as follows: Section 2 presents the related work 
used to segment the organs of the respiratory system. Section 3 presents the datasets 
used and the details of the proposed method, followed by the results and discussions 
in Section 4, and finally, conclusions in Section 5.

2	 RELATED WORKS

In this section, as shown in Table 1, we presented related works on image 
segmentation that were used to segment the lung, airway tree, and lung nodules 
in the rib cage. Liao et al. [36] focused on superpixels and self-generating neural 
forest techniques. As a first step, they utilized image characteristics to produce the 
sequences of ROI areas. To detect the superpixels, they then proposed a technique 
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for performing segmentation of the ROI on the image sequences using the Gradient 
and Sequential Linear Iterative Clustering Algorithm. After segmenting the lungs, 
they employed a self-generating neural forest (SGNF) that was modified for super-
pixel grouping by a genetic algorithm utilizing the gray and geometric details of 
the superpixels. Regarding the segmentation of the nodule, Cavalcanti et al. [37] 
pointed out the difficulties, for instance, that intensity-based methods are useful 
for the solitary nodules but not with the joined ones. Morphological methods, 
thresholding, and background estimation were employed, regarding the nodules 
as the foreground objects. Their method included the removal of the background 
and analyzing the slices without the nodules. They created a ResUNet model, which 
is a combination of UNet and ResNet34, and trained it with several datasets. To 
extract the lungs from the cross-section of CT scans, Nana He et al. [38] used SCN 
clustering made from Nystrom and GAC-based methods. An average ratio of over-
lapping of 0.9148 was obtained. In addition, to extract the lung on the sequences 
of the CT slices. Cha et al. [39] developed a new 4-D CT image segmentation tech-
nique that utilizes signed distance function and optical flow methods to exploit 
the inter-slice relationship. With a Bayesian approach to active contour modeling, 
Chung et al. [40] undertook the detection of juxta-pleural nodules. Which were 
incorporated by segmenting both new and old lung slices. To incorporate juxta- 
pleural nodules into the lung region, Xiao et al. [41] apply modified convex hull, 
fractal geometry, and iterated thresholding techniques. Working with 97 private 
instances, they managed to achieve a pixel accuracy of 0.9245 and an IoU of 0.959. 
This paper [42] presents an airway segmentation technique for volumetric chest 
CT with the aid of a 2.5D CNN. It enhances the precision of volumetric CT image 
segmentation by employing 2.5D convolutional neural network approaches on 
three adjacent cuts processed in axial, sagittal, and coronal orientations. It was 
also tested on multilayer datasets, including the datasets of the EXACT’09 chal-
lenge, and achieved a Dice similarity coefficient of 0.8997 ± 0.0892. This paper [43] 
discusses the development of a semi-automated technique for lung nodules in 
CT scan slices that involves segmentation. The technique consists of two steps. 
Initially, a 2D ROI that carries a nodule is given to undertake patch-wise scan-
ning along the axial direction using an adaptive ROI algorithm. Subsequently, the 
extracted VOI is scanned more thoroughly along the coronal and sagittal axes in 
patch-wise fashion using re-Us Netsi. The method achieved the average dice score 
of 87.5%. Suji et al. [44], [45] combine distance metric computation, chain coding, 
and morphological techniques to assess several slices one by one from a volume. 
Lung nodules were first segmented and then identified employing optical flow 
techniques. [46], [47]. Authors have been combining traditional graph cut methods 
with adaptive shape prior. Sousa et al. [48] achieved a dice coefficient of 0.9778 
on the VESSEL12 dataset. Ma et al. [49] trained more than 40 models, including 
knowledge transfer, domain generalization, and small sample learning, using CT 
scans of COVID-19 patients. For the left and right lungs, they obtained mean dice 
coefficients of 0.973 and 0.977, respectively. Liu, W. et al. [50] improved the U-Net 
network by using the pre-training EfficientNet-b4 as the encoder and the resid-
ual block and LeakyReLU activation function in the decoder. While minimizing 
gradient instability caused by the multiplication impact of gradient backpropa-
gation, the network can retrieve lung field properties efficiently. Gite et al. [51] 
used a UNet++ network for lung segmentation, achieving a mean IoU of 0.95 and 
a segmentation accuracy of 0.98.
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Table 1. Summary of the respiratory system—lungs, airways, nodules—segmentation methods

Ref Year Network/Method Advantages Disadvantages Dataset Performance

[36] 2016 Gradient,
sequential linear 
clustering

Demonstrates the value of 
utilizing the correlation 
between neighboring slices 
of the CT image series

Only private datasets are 
used for testing

LIDC-IDRI Vof – 0.9222

[37] 2016 Background estimation
by motion 
estimation methods

Results from segmentation 
are consistently achieved

No comparison with the 
benchmark dataset’s 
state-of-the-art

LIDC-IDRI Acc – 0.9913

[38] 2017 Active countour,
spectral clustering

– Introduction of key slice and 
slice similarity calculations

LIDC-IDRI Vof – 0.9148

[39] 2018 Adaptive shape prior,
motion, gaph-cut

– Keeping the split item from 
combining with undesired 
surrounding tissue

LIDC-IDRI Dsc – 0.68

[40] 2018 Bayesian Exceeded the Chan-Vese 
model’s performance.

Comparing the private 
dataset only with 
CV and NM-CV

LIDC-IDRI Dsc – 0.9785

[41] 2018 Fractal Geometry,
iterative thresholding

Reduced segmentation time Only Japan was taken into 
account. The CAD pipeline 
was not used

LIDC-IDRI IoU – 0.9245

[42] 2019 Deep Convolutional
Neural Network

Complete 
segmentation model

– LIDC-IDRI Dsc – 0.6

[43] 2020 Deep Residual Unet Better outcomes compared 
to state-of-the-art

Not every nodule in the 
dataset was used to assess 
performance.

LIDC-IDRI Dsc – 0.875

[44] 2020 Morphology based Better outcomes compared 
to state-of-the-art

Limited scans are employed 
in comparison.

LIDC-IDRI Vof – 0.9859

[45] 2022 Morphology based

[46] 2020 Morphology based A new approach to 
integrating optical flow 
techniques into pipelines

Limieted scans are 
employed in comparison.

LIDC-IDRI Acc – 0.9
Sens – 0.745
Spe – 0.9[47]

[48] 2020 ResUnet combined 
of Unet and ResNet34

Good results for VESSEL12, 
HUG-ILD, 24-LCTSC

Produced segmentation 
masks with lower 
quality for the CHUSJ 
private dataset.

VESSEL12 [52] Dsc – 0.9778

HUG-ILD [53]

24-LCTSC [54]

CHUSJ [48]

[49] 2021 More than 40 
pretrained 
baseline models

Data-efficient learning 
benchmark, and largest 
number of pretrained models

– – Dsc – 0.973 left lung
Dsc – 0.977 right  
lung

[50] 2022 Improved UNET Prevent the gradient 
instability, and effectively 
extract lung field 
characteristics

When the lung field is 
obscured by medical 
equipment, distorted, 
or substantially 
deformed from severe 
illnesses, the accuracy 
is comparatively low

JSRT [54] Acc – 0.985,
Spe – 0.985,
Sen – 0.984,
Dsc – 0.979,
IoU – 0.958

MC dataset [55] Acc – 0.989,
Spe – 0.993,
Sen – 0.975,
Dsc – 0.977,
IoU – 0.955

[51] 2023 Nested UNET First implementation 
of UNET++ for lung 
segmentation

– MC dataset [55] Acc – 0.98,
IoU – 0.95Shenzhen 

Hospital X-ray [56]
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3	 MATERIALS AND METHODS

3.1	 Dataset

We use the CT Lung Nodule Analysis 2016 image dataset (LUNA 16) [57], which 
contains 888 3D thoracic CT scans and their masks, to train the reference models 
chosen for the comparison with our approach. This dataset is structured as follows: 
each CT scan has a couple of files, with the mhd/zraw extension, for the mask and 
another couple of files, with the mhd/raw extension, for the original images. We also 
use the Lung Image Database Consortium (LIDC) and the Image Database Resource 
Initiative (IDRI) [58], which contains 1018 three-dimensional images, including the 
888 from LUNA16. We chose to utilize this database because it contains DICOM 
images whose metadata provide information necessary for our segmentation 
method, such as pixel spacing and slice thickness. We require LUNA for the masks, 
while the LIDC database is essential as it provides the individual images along with 
their metadata (slice position, slice thickness, pixel spacing …).

3.2	 Method

Our approach, as shown in Figure 1, consists of using the original images with 
pixel values in the range [-1000, +1000] HU (Hounsfield is the unit of measurement of 
the values obtained by the CT scanner) and increasing the resolution of the volume by 
additional interpolated images using the bicubic interpolation [59]. In addition, we use 
the region-growing algorithm only on pixels with values in the range [-1000, -500] 
HU, which corresponds to the region of interest, i.e., lung tissue and air. The automat-
ically detected center of the optimal tracheal circle [13] will be used as a seed point 
to apply the region-growing to pre-segment the respiratory system (trachea + lungs).

The same point will also be used to segment the section of the trachea that lies 
outside the lungs; the region growing will be stopped before entering the lungs. 
Repair the lacunae due to blood vessels, trachea branches, and/or high-intensity 
lung damage using a combination of chain code and region growing. Ensure that 
the lungs are not connected by applying two times the region growing starting from 
the two extreme points at the left and right of the pre-segmented volume. If this is 
not the case, a separation process is required.

Fig. 1. Method flow chart

https://online-journals.org/index.php/i-joe
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Loading interpolated volume. An image obtained by a CT scanner has a slice 
thickness and a square pixel size, which are determined by the scanner’s sensor 
strip. To achieve higher resolution with more detailed information and improve 
volume quality, we considered adding interpolated images between each two suc-
cessive images to finally obtain a cubic-shaped voxel, as shown in Figure 2.

Fig. 2. (a) Original voxel shape form (b) Cubic shape form of the interpolated voxel

Due to the 3D bicubic interpolation, we observe the augmentation of the 
number of slices, which reflects the resolution increasing; consequently, the detail 
of the organs’ shapes becomes increasingly closer to reality, which provides more 
information about the region we are interested in, as shown in Figure 3.

Fig. 3. Top: Without interpolation; Bottom: With interpolation

Principle of 3D bicubic interpolation: For a point P(x, y, z) in 3D space, the inter-
polated value I(x, y, z) is determined in a three-stage process:

1.	 Interpolation in the x dimension: For each ZK plane, perform a cubic interpola-
tion based on the 4 adjacent points along the x-axis.

https://online-journals.org/index.php/i-joe
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2.	 Interpolation in the y dimension: For each plane Xi, use the intermediate results 
from the previous step to interpolate in the y direction.
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3.	 Interpolation in the z dimension: Merge the interpolation results from the first 
two dimensions to perform an interpolation in the z dimension.
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Automatic detection of the seed point. In the search frame, as shown in 
Figure 4a, limited by 100 pixels on each side of the image center. Each pixel found 
in the ROI interval ([-1000, -500] HU, as shown in Table 2) will be a seed point for 
applying a 2D region-growing to mark a region, to which we calculate parameters 
as described in our previous work [13], allowing us to detect regions that have some 
kind of circular shape, and each region will have a score. This process is repeated for 
each of the first twenty axial slices, and the region with the highest score will be the 
optimal tracheal circle, whose center will be our seed point, as shown in Figure 4b, 
for the 3D region-growing application.

Table 2. Some anatomical structure Housfield range [13]

Bone Liver Muscle Water Lung Air

Min (HU) +1000 +40 +10 0 -700 -1000

Max (HU) +1000 +60 +40 0 -500 -1000

Fig. 4. (a) The search zone (b) The optimal tracheal circle

Region-growing application. To identify the pixels/voxels that are part of our 
area of interest, we apply the region-growing algorithm as follows:

https://online-journals.org/index.php/i-joe
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1.	 Insert the seed point in a list.
2.	 Explore the neighbors.

2.1.	 �For 2D, a 4-connected neighborhood is used, while for 3D, a 6-connected 
neighborhood is used.

2.2.	 Mark
2.1.1.	All pixels/voxels located in the range [-1000, -500] HU.
2.2.2.	For each pixel/voxel marked, we insert it into the list of seed points.

3.	 Delete the current point from the list.
4.	 Proceed in the same way for each point in the list.
5.	 Stop when there are no more points in the list.

At this stage, the application of 3D region-growing will segment the volume 
with gaps caused by blood vessels, tracheal branches, and/or lesions. A mechanism 
must therefore be put in place to correct these gaps. However, before applying the 
correction, we need to ensure that the lungs are not connected. To do this, the part 
of the trachea that lies outside the lungs must be labeled differently from the lungs.

Note that during the application of 3D region-growing, we will also identify,

•	 Rectangles delimiting our area of interest in each slice, recording the x, y coordi-
nates of the two points located at opposite corners, as shown by the blue points 
in Figure 5a.

•	 Cube surrounding our volume of interest, recording the x, y, and z coordinates of 
the two opposite corners of the cube, the front point at top left and rear point at 
bottom right, as shown by the blue points in Figure 5b.

The purpose of this information is to limit the working area in the following steps.

Fig. 5. (a) Rectangle delimiting ROI (b) Cube surrounding our VOI

Segmentation of the trachea outside the lungs. The aim is to segment the por-
tion of the trachea located outside the lungs, knowing that the targeted volume is 
already included in the pre-segmented volume of the previous step. We take the ini-
tially detected seed point to apply 2D region growing for each slice to mark a region 
that must be connected to the region marked in the previous slice. The operation is 
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interrupted when the region surface in the current slice significantly exceeds the 
previous slices. As a result, Figure 6. shows the marked part of the trachea outside 
the lungs.

Fig. 6. Segmentation of the targeted volume of the trachea outside the lungs

Determine whether the two lungs are connected. Choose two points of con-
tact between the volume of interest and the surrounding cube, on the right and left 
rectangular faces of the cube, as shown in Figure 7. Taking these two points into 
account, we apply a 3D region-growing. If we detect two volumes, this means that 
the two lungs are not connected. If they are, we start the separation process.

Fig. 7. (a) The right seed point (b) The left seed point

Separating the lungs. We will examine the separation of the lungs for each 
slice. At this stage, we have the rectangles delimiting our region of interest for 
each slice, as shown in Figure 8a. We divide the rectangle into three sub-rectangles 
of identical dimensions, as shown in Figure 8b, then apply 2D region growing to 
each sub-rectangle. This operation is performed successively on the right and left, 
using the pixels belonging to our ROI at the extremities of each sub-rectangle as 
seed points. The sub-rectangle containing a single region corresponds precisely to 
the contact location. In this sub-rectangle, we employ the combination of erosion to 
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remove contour labels and 2D region-growing as explained above until we obtain 
two labeled regions. Then, we start by applying dilation to identify the contours by 
the label of the adjacent region and remove the pixels that are in contact with both 
regions. In the end, we obtain a separated lung in the current slice, as shown in 
Figure 8c. After separation, a 3D region-growing is performed to label the volumes 
of the right and left lungs.

Fig. 8. (a) Rectangle delimiting a 2D ROI (b) Limit the contact search zone (c) Result of the separation

Repair the lacunes. Initially, we examine each slice to identify the chain 
code of the contours as illustrated in [60]. Based on this form information, we 
can identify openings to the outer surface of the lungs that create convexity, as 
shown in Figure 9a. Subsequently, we define the boundaries of this convexity as 
shown in Figure 9b. Finally, we draw a line and close these openings as shown in 
Figure 9c.

Next, we apply a 3D region-growing from the eight corners of the cube that 
surrounds the volume to identify the space outside our volume of interest. At this 
level, we mark the exterior and the voxels that are part of our segmented volume. 
However, the empty spaces remain unidentified. We perform a two-dimensional 
analysis, and when we find an unlabeled pixel, we use a 2D region-growing to label 
all the pixels in this region. At the end, we examine which lung this hole belongs to 
by identifying the lung that is in contact with the hole’s contour and assigning its 
label to this hole. The process is repeated for the other holes.

Fig. 9. (a) Opening hole (b) Convexity boundaries (c) Draw a line to close the opening hole

Figure 10 shows an example of the final segmentation result for the LIDC-
IDRI-0002 CT scan.
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Fig. 10. Example of the final lung segmentation

3.3	 Evaluation metrics

Ground truth validation [61] improves algorithms by identifying errors, ensures 
the reliability of results, particularly for important medical diagnoses, and provides 
a reliable benchmark for assessing performance.

Note:

TP = True Positive
TN = True Negative
FP = False Positive
FN = False Negative
Is = Segmented Image
Ig = Ground Truth Value

Statistical measurements: Accuracy, sensitivity, precision, and F-score are the 
metrics used to quantify and assess the image segmentation quality score.

•	 Accuracy is frequently used to characterize the segmentation performance of the 
model. On a scale of 0 to 100 percent, a higher value indicates better segmentation. 
It is calculated with this formula:

	 TP TN

TP TN FP FN

+
+ + +

	 (4)

•	 Sensitivity, also known as recall, is used to measure the degree of accuracy of a 
favorable forecast. It is calculated with this formula:

	 TP

TP FN+
	 (5)
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•	 Precision is used to determine the percentage of correct predictions using 
the predicted mask and the associated ground truth. It is calculated with 
this formula:

	 TP

TP FP+
	 (6)

•	 The F1-score is calculated with the following formula by taking the harmonic 
mean of the precision and recall values. Therefore, simultaneously optimizing 
precision and recall is necessary to maximize the F1 score:

	 2

1 1

Precision Recall
+

	 (7)

Overlapping measures: These metrics, which also include widely used metrics 
like the Jaccard Index and the Dice Similarity, are used to find overlapping and 
non-overlapping regions in segmented images and ground truth.

•	 Dice similarity is used to assess the similarity of a predicted mask with its ground 
truth mask. A score of 1 indicates perfect overlap, while a score of 0 indicates no 
overlap. Calculated by the following formula,

	 2�TP

TP FP FN+ +
	 (8)

•	 The Jaccard index, also known as recall, is used to compare the predicted mask 
and the ground truth mask. Calculated by the following formula,

	 Is Ig

Is Ig

�
�

	 (9)

4	 RESULTS AND DISCUSSION

This section covers the validation of our method using commonly used metrics, 
described in the next section, that guarantee the accuracy of segmentation and clas-
sification algorithms. We therefore decided to train the UNET, UNET++, and 3D-UNET 
models to segment the lung and take them as a reference for comparison with our 
proposed method.

4.1	 Experimental results

a)	 Training: To ensure the credibility of our study, we are going to train the models 
chosen for comparison. To improve the accuracy of these models, we will tar-
get only pixels for 2D images and voxels for volume in our interval of interest 
between -1000 and -500 HU, as shown in Table 2. The training was run on the 
hardware accelerator A 100 GPU with 40 GB system RAM and 40 GB GPU RAM in 
Google Colab Pro. During the training phase, each model was trained volume by 
volume, which means it takes all the images from a volume before going to the 
next one. With the following parameters:
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•	 Batch size: 8
•	 Epochs: 20
•	 Callback: model checkpoint, early stopping

	 These parameters were determined through experimentation on a reduced data-
set prior to the final training in order to achieve the best results.

	  Of the 888 volumes in the LUNA 16 dataset, 728 are used for training, and 
160 volumes are reserved for testing and validation.

	  Figure 11 shows the changes in different metric scores, for each model, during the 
training phase. As we can observe, for UNET and UNET++ the metrics reach stability 
from the 5th epoch. Instead of the 3D-UNET, reach stability around the 15th epoch.

Fig. 11. Metric graph for UNET, UNET++, and 3D UNET during the training phase

b)	 Quantitative evaluation: To comprehensively evaluate the segmentation perfor-
mance of the proposed method, we conducted extensive comparative experi-
ments using the UNET, UNET++, and 3D-UNET models for lung segmentation. The 
results of the quantitative evaluation, based on validation metrics, obtained for 
the 160 patients from the LUNA 16 dataset are presented in Table 3.

Table 3. Performance metrics comparison

UNET UNET++ 3D-UNET OURS

Accuracy % 99.39 99.40 99.33 99.99

Jaccard Index % 94.29 95.27 95.97 97.96

Dice Similarity % 96.81 97.38 97.94 98.96

Recall % 98.47 98.57 99.23 98.38

Precision % 97.23 97.59 97.83 99.56

F1 score % 97.76 98.01 98.52 98.96

	 As seen, the performance of the proposed method was demonstrated by the accu-
racy value, which was very close to 100% within a difference of 0.01%. Thus, the 
method was able to improve the dice coefficient by 1.02–2.15%, reflecting how 
close we came to the ground truth mask. Similarly, other metrics were increased 
by 1.99–3.67% for the Jaccard index, 1.73–2.33% for precision, and 0.44–1.2% for 
the F1-score. Except for Recall, where our proposal was in last place with a minor 
difference of 0.09–0.85%. These results are clearly visible in Figure 12, which 
shows a graph for each metric for the 160 patients used for testing and validation. 
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Our method is represented by the red curve, which is practically positioned over the 
others with a visible margin. Except for the recall, which remains close to the others.

Fig. 12. Metric charts of the 160 CT volumes used for test and validation

	 In Table 4, we examined the time required for each model to perform training 
as well as the time needed to achieve 3D segmentation. The results show that the 
3UNET model is the best in terms of response time after training, which lasted 
9 hours and 23 minutes. However, our method presents significant competition, 
as it does not require training and remains close to the average segmentation 
time of the 3D-UNET model.

Table 4. Training time and time for 3D segmentation of the 160 volumes

UNET UNET++ 3D-UNET Our

Training 10h40m 18h37 9h23m –

Segmentation min time 15.1 s 350 s 13.7 s 15.3 s

Segmentation max time 352.9 s 459.6 s 108.2 s 180.1 s

Segmentation avg time 193.6 s 280.3 s 54.4 s 68.1 s

c)	 Qualitative evaluation: To validate the effectiveness of our method, in this exper-
iment, 7 patients were randomly selected for examination. The visualization 
results of the segmentation are shown in Figure 13. And because we added some 
interpolated images, we note the comparison is made only on the original slices. 
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As can be seen, the first 5 rows show that UNET, UNET++, and 3D-UNET fail to 
segment certain parts from the lungs, especially the part where there is con-
tact between the lungs and the main trachea. In the remaining rows, UNET and 
3D-UNET identify some parts of the colon. While our method identifes the lungs 
correctly, avoiding these errors.

Fig. 13. Comparison of the ground truth to the outcomes of segmenting CT images using UNET, UNET++, 
3D-UNET, and our segmented masks

5	 CONCLUSION

This paper presents a novel approach for segmenting the respiratory system 
from a CT scan medical image based on increasing the volume resolution by using 
bicubic interpolation, which provides more details for the targeted organ structures; 
a region-growing algorithm to mark the volume starting from a seed point detected 
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automatically inside the trachea; and mathematical morphologies to repair the 
lacunae due to the parts that have high intensity.

As is known, the region-growing algorithm has some limitations. So, to overcome 
these limitations, we increased the volume resolution by adding new interpolated 
images to gain more textural information. We detected automatically the steep point 
inside the main trachea using the best circle algorithm. By restricting the working 
zone inside the cube and rectangles determined during the first round of the 3D 
region-growing application and taking into account only voxels that are in the range 
of -1000 and -500 HU, we were able to decrease the amount of time required to 
complete the task.

This method is tested against an artificial intelligence model based on convolu-
tional neural networks, known as UNET, as well as its variants UNET++ and 3D-UNET. 
Based on validation metrics, we have demonstrated that the suggested approach 
offers extremely high segmentation accuracy.

The images, acquired by an X-ray scanner, have a thickness that reflects the 
distance between two successive images. In some cases, this thickness can reach 
up to 2.5 cm, depending on the acquisition configuration. However, our method is 
based on the pixel dimension in millimeters (generally around 0.474609375 mm). 
This implies that the greater the thickness, the greater the number of interpolated 
new images. In the case of 2.5 cm, approximately 52 interpolated images need to be 
created, which is simply not ideal for our method. This is noted as a perspective for 
future research.
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