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Impact of reconstruction algorithms on the success rate and 
quality of automatic airway segmentation in children under 

ultra-low-dose chest CT scanning 

INTRODUCTION 

CT is a commonly used imaging tool in clinical 
examination. Benefiting from the natural contrast 
between soft tissue and air, chest CT is the preferred 
way to evaluate airways and lung lesions (1-3). With 
the continuous development of artificial intelligence 
(AI), automatic image segmentation has been used 
more for medical purposes. The technology of using 
big data to automatically segment and evaluate the 
lungs and airways continues to evolve (4-6), and its 
accuracy continues to rise (7, 8). Improving the                
diagnosis speed (9) and reducing subjective error 
among doctors (10, 11) has become the direction of  
imaging development (12, 13). Most of the existing             
clinical studies on AI, radiomics, and automatic              
segmentation of CT images have used standard              
radiation dose, and it is not clear how reduced       
radiation dose affects automatic segmentation results 
(4-13). However, this is an important issue to address, 

since in CT examination, one should follow                         
the principle of “as low as reasonably                                   
achievable” (ALARA principle) (14) to minimize            
radiation damage to patients during the CT process. 
The reduction of radiation dose will affect image 
quality. Furthermore, even if the same radiation dose 
is used, different reconstruction and post-processing 
algorithms will affect the image noise and image           
texture (15). Will these changes in image quality affect 
the success rate and quality of the automatic               
segmentation, especially in the low radiation dose 
scan conditions? We wanted to add useful                   
information by using ultra-low radiation dose chest 
CT images of children generated with different            
reconstruction algorithms, to identify factors that 
affect the success rate and effectiveness of automatic 
segmentation in clinical applications. Specifically, we 
wanted to investigate the impact of the newly            
developed deep learning image reconstruction 
(DLIR) algorithm. 
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ABSTRACT 

Background: To investigate the success rate and quality of automatic airway 
segmentation using ultra-low dose CT (ULD-CT) images of different reconstruction 
algorithms. Materials and Methods: Fifty two children who underwent chest ULD-CT 
were divided into three groups for analysis based on age: group A (n=13, age, 1-
2years), group B (n=19, age, 3-6years) and group C (n=20, age, 7-13years). CT images 
were reconstructed with filtered back-projection (FBP), 50% adaptive statistical 
iterative reconstruction-Veo (50%ASIR-V), 100%ASIR-V, deep learning image 
reconstruction (DLIR) with low (DLIR-L), medium (DLIR-M), and high (DLIR-H) 
strengths. Subjective image quality was evaluated using a 5-point scale. CT value, 
noise, and sharpness of the trachea were measured. The VCAR software was used to 
automatically segment airways and reported the total volume. Segmentation success 
rates were recorded, and segmentation images were subjectively evaluated using a 6-
point scale. Results: The average tracheal diameters were 8.53±1.88mm, 
10.69±1.65mm, and 12.72±1.97mm, respectively for groups A, B, and C. The 
segmentation success rate depended on patient groups: group C reached 100%, while 
group A decreased significantly. In group A, 100%ASIR-V had the lowest rate at 7.69%, 
while DLIR-M and DLIR-H significantly improved the rate to 38.64% (P=0.03). For the 
segmented images, DLIR-H provided the lowest noise and highest subjective score 
while FBP images had the highest noise and 100%ASIR-V had the lowest overall score 
(P<0.05). There was no significant difference in the total airway volume among the six 
reconstructions. Conclusion: The airway segmentation success rate in ULD-CT for 
children depends on the tracheal size. DLIR improves airway segmentation success 
rate and image quality. 
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MATERIALS AND METHODS 
 

General patient information 
This study was a retrospective study and was  

approved by the ethics committee of Beijing                     
Children’s Hospital (registration number: 2019-46, 
date of registration: Aug 27, 2019), the informed  
consent was waived. In this study, 52 cases of chest 
CT with ultra-low dose CT (ULD-CT) protocol were 
continuously collected from February 1st, 2020 to 
August 31st, 2020 (table 1). There were 36 males and 
16 females (average age 6.57±3.13 years, range 1-13 
years). Patient inclusion criteria were: 1.  

Follow-up chest CT (within 3 months of the            
routine enhanced chest CT) necessary for patients 
diagnosed as having thoracic malignant tumors; 2. 
Less than 18 years of age; 3. Patients had the stable 
conditions without new respiratory symptoms and 
rapid weight loss after the last chest CT examination. 

 
CT data acquisition 

All examinations were performed on a 256-row 
CT scanner (Revolution CT, GE HealthCare, USA). A 
patient age-dependent tube voltage protocol was 
used to maintain similar image noise across patient 
populations and minimize dose for younger patients: 
70kV for patients of 1-2 years old; 80kV for patients 
of 3-6 years old; and 100kV for patients of 7-13 years 
old. A fixed tube current of 10mA (the lowest possible 
tube current selection on the scanner) was used. The 
gantry rotating speed was 0.35s/rot, the helical pitch 
value was 1.375:1, and the detector width was 40mm. 
Children were kept in a quiet state during CT scans. 
For those who could not cooperate, 10% chloral           
hydrate was given orally at a dose of 0.4ml/kg (by 
body weight), and the scan was not started until the 
child fell asleep. 

 
CT data reconstruction 

The ULD-CT raw data were reconstructed into six 
groups with different reconstruction algorithms:  
filtered back-projection (FBP), 50% adaptive                
statistical iterative reconstruction-Veo (ASIR-V), 
100%ASIR-V, and deep learning image                      
reconstruction (DLIR) with low (DLIR-L), medium 
(DLIR-M) and high (DLIR-H) strengths. A standard 
reconstruction kernel was used for all                          
reconstructions, image thickness and spacing were 
0.625mm, and no post-image reconstruction                  
enhancement was applied. 

Routine image quality evaluation 
All images were transferred to an advantage 

workstation (AW4.7, GE HealthCare, USA). Two            
radiologists with 15 and 8 years of experience in          
pediatric diagnostic imaging were asked to perform 
the evaluation. The evaluation process was divided 
into the subjective evaluation and objective             
evaluation. The subjective evaluation also included 
the original CT images and the segmented bronchial 
tree. 

The subjective evaluation for the original CT        
images used a 5-point scoring system. During the 
evaluation process, all patient information and scan 
parameters were shielded. The radiologists could 
freely adjust the window width and window level of 
the images according to personal habits, multiplanar 
reconstruction technique was also used to evaluate 
the airways. The two radiologists gave their scores 
independently. The subjective score was based on 
image noise, the display ability of the trachea and the 
bilateral bronchi, the clarity of airway walls. The 
scores of 3 points and higher were regarded as            
acceptable, and 5 points were the best.  

The specific evaluation criteria were as follows: 5 
points: low or no image noise, airways (trachea and 
bronchi and subsequent branches) had very clear 
boundaries, and tracheal diameter could be                  
confidently and accurately measured, very strong 
diagnostic confidence; 4 points: low image noise,  
airways had clear boundaries and tracheal diameter 
could be accurately measured, strong diagnostic            
confidence; 3 points: moderate image noise, airways 
had slightly blurred boundaries, tracheal diameter 
could be measured, moderate diagnostic confidence; 
2 points, high image noise, airways had blurred 
boundaries, tracheal diameter could not be                 
confidently measured, low diagnostic confidence; 1 
points: very high image noise, airways could not be 
confidently defined and tracheal boundaries could 
not be defined for measurement. 

After the subjective evaluation, the two                      
radiologists performed the conventional objective 
measurement together on the workstation: first, the 
slice at the aortic arch level was selected to measure 
the transverse diameter of the trachea; second, on the 
same image slice, a circular region of interest (ROI) 
with ¼ of the area of the trachea was placed in the 
center of the trachea (T) to measure its CT value and 
standard deviation (SD). The standard deviation was 
used to represent image noise. ROI of the same size 
was also used to measure the CT value and SD of          
mediastinal soft tissue (S). The signal-to-noise ratio 
(SNR) of the trachea was calculated as equations 1 
and 2:  

 

SNR = CT (T) / SD (T)    (1) 
 

And contrast-to-noise ratio (CNR) was calculated 
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Characteristics Average number, (range) 
Male: female, n 36: 16 

Ages, years 6.57 ± 3.13, (1.1-13.0) 
70 kV group (1-2 years), n 13 
80 kV group (3-6 years), n 19 

100 kV group (7-13 years), n 20 

Table 1. Patients’ characteristics. 
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as: 
 

CNR = (CT (T) - CT (S)) / ((SD (T) + SD (S))/2) (2) 
 

Where; CT(T) and SD(T) represent the CT value 
and standard deviation of trachea, respectively, and 
CT(S) and SD(S) the CT value and standard deviation 
of mediastinal soft tissue, respectively. 

The DICOM images of the same image slice were 
then transferred to a standalone computer to               
undergo the offline blur metric (BM) analysis (16). The 
blur metric analysis quantifies the sharpness of image 
texture by comparing intensity variations between 
adjacent pixels of the original and low-pass-filtered 
images. The BM values are expressed as numeric  
values ranging from 0 to 1 with lower BM values       
indicating sharper images and more defined tracheal 
boundaries. 

 

Segmentation and evaluation of bronchial tree  
After finishing the routine measurement, the 

bronchial tree was automatically segmented by using 
the thoracic Volume Computer Assisted Reading 
(VCAR) software provided by AW4.7. The VCAR            
software automatically and intelligently identifies the 
bronchial tree; the software only retains and displays 
the bronchi and their subsequent branches, then         
deletes other pixels, and calculates the volume of all 
retained pixels. If the image quality is poor, VCAR will 
not make automatic segmentation and will display 
data errors. The success rate and image quality of the 
segmented bronchial tree images were evaluated and 
compared among different patient groups and             
reconstruction groups. The total volume of an entire 
bronchial tree was also noted and compared.  

The automatic segmentation success rate refers to 
the ratio of the number of cases of successful              
bronchial tree segmentation without an error             
message after VCAR processing to the total number of 
cases in each of the patient group and reconstruction 
group. The subjective image quality evaluation of the 
segmented bronchial tree images was focused on the 
number of bronchi detected: 0 for the failed cases in 
the automatic segmentation; 1 for the main trachea 
and bilateral main bronchi only; 2 for 1-4 lobar main 
bronchi; 3 for a total 5 lobar bronchi; 4 for 1-5            
segmental bronchi; 5 for 6-10 segmental bronchi and 
6 for more than 10 sub-segmental bronchi. 

 

Statistical analysis 
All data were recorded, and continuous data were 

expressed as mean ± standard deviation. The             
Kolmogorov-Smirnov test was used to check for          
normal distribution, and analysis of variance with 
Bonferroni correction was used to compare whether 
there were statistical differences between different 
reconstruction algorithms. The Friedman test with 
Bonferroni correction was used to compare             
non-normally distributed continuous data and        
ordinal data such as image quality scores. The kappa 

test was used to evaluate the consistency of the           
subjective scores of the two radiologists. A p<0.05 
was used to indicate a statistically significant                
difference. 

 
 

RESULTS 
 

There were 13 children in the 1-2 years age group 
(Group A), 19 children in the 3-6 years age group 
(Group B) and 20 children in the 7-13 years age 
group (Group C). The average volume CT dose index 
(CTDIvol) for the entire patient cohort was 0.07±0.03 
mGy (0.04 – 0.10 mGy), 5% of the dose level based on 
the European Guidelines on Diagnostic Reference 
Levels for Paediatric Imaging (17), and the dose-length
-product (DLP) was 1.81±0.84 mGy.cm. The average 
diameter of the trachea from the six reconstruction 
algorithms was 8.53±1.88 mm, 10.69±1.65 mm and 
12.72±1.97 mm for children in groups A, B and C,  
respectively. There were significant differences in the 
average diameter of the trachea among different             
patient groups (p<0.001). 

Evaluation of image quality of unsegmented            
images 

Detailed results for the original CT images are 
shown in Table S2-6. The subjective image quality 
evaluation results for the original CT images showed 
that there were statistically significant differences 
among different reconstructions (F=242.13, 
P<0.001). DLIR-H had the best overall image quality 
with the tracheal wall being displayed and the lowest 
noise in the lumen, resulting in a median score of 4 
points. 100%ASIR-V and FBP had the worst overall 
image quality scores, with no statistical difference 
between the two groups. Specifically, the 100%              
ASIR-V images had blurred tracheal walls, and FBP 
images had the highest image noise level.  

The objective image quality results showed that 
there was no significant difference in the tracheal 
transverse diameter measurement results among 
different algorithms, and there was no significant 
difference in the CT values of the trachea and              
mediastinal soft tissue (P =1.00); However, there 
were significant differences in the SD measurement 
of the trachea and mediastinal soft tissue and SNR 
and CNR of trachea among different reconstructions 
(all P<0.05); DLIR-H and 100%ASIR-V had the best 
values in SD, SNR and CNR among groups but with no 
difference between them. The BM results showed 
that the lowest (best) value was with DLIR-L,           
followed by DLIR-M, 50%ASIR-V, DLIR-H, 100%         
ASIR-V and FBP. The results of DLIR-L in group A 
were the same as those of DLIR-M.  

 

Evaluation results for the segmented bronchial 
tree 

Detailed results for the segmented bronchial tree 
are shown in figure 1 and tables 2-4. There was no 
statistically significant difference in the overall         
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success rate for the automatic image segmentation 
among the 6 reconstructions. However, the results in 
individual patient groups were different. The overall 
success rate was 25.64% (20/78), 67.54% (77/114) 
and 100% (120/120) for groups A, B and C,                 
respectively. For Group A where the average                
diameter of the trachea was 8.53±1.88mm, 100%
ASIR-V had the lowest success rate of 7.69% for the 
automatic image segmentation while DLIR-M and 
DLIR-H significantly improved the rate to 38.64% 
(P=0.03). For Group B, 100%ASIR-V also had the  
lowest value in the success rate among all               
reconstructions, but the differences were not              
statistically significant. Detailed success rates of         
automatic image segmentation with different               
reconstructions for different patient groups are listed 
in figure 1A. 

The subjective evaluation of the segmented           
bronchial tree showed that DLIR-H and DLIR-M            
images were better than other reconstructions with 
more bronchial branches with a median score of 5 
points. DLIR-L came second. 100%ASIR-V had the 
worst score (with a median score of 3 points) with 
distorted tracheal walls and incomplete bronchial 
branches. However, due to the low recognition rate of 
images in Group A, the median score for every            
reconstruction was 0 point for this group (the best 
average score was 1.77 with DLIR-H, and the worst 
score was 0.15 with 100%ASIR-V), even though DLIR 
images showed more bronchial branches (figure 1B). 
The airway volume obtained by automatic               
segmentation showed no statistical difference among 
different reconstructions (P < 0.05) (figure 1C). 

The consistency of subjective scores of image 
quality was excellent with the Kappa value of 0.83, 
and the consistency of subjective scores for the         
segmented bronchial tree was excellent with the  
Kappa value of 0.92 between the two radiologists. 
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Figure 1. Detailed results for a segmented bronchial tree of six 
algorithm images: filtered back-projection (FBP), 50% adaptive 
statistical iterative reconstruction-Veo (ASIR-V), 100%ASIR-V, 

and deep learning image reconstruction (DLIR) with low         
(DLIR-L), medium (DLIR-M) and high (DLIR-H) strengths. 1A: 

success rates of automatic image segmentation with different 
reconstructions for different sub-voltage groups; 1B:               
subjective image quality scores of the automatically                   

segmented bronchial tree with different reconstruction             
algorithms; and 1C: total volumes of the bronchial tree with 

different algorithms. 

 FBP 
50% 

ASIR-V 
100%

ASIR-V 
DLIR-L DLIR-M DLIR-H 

total 
69.23% 
(36/52) 

71.15% 
(37/52) 

61.54% 
(32/52) 

67.31% 
(35/52) 

75% 
(39/52) 

73.08% 
(38/52) 

70kV 
23.08% 
(3/13) 

23.08% 
(3/13) 

7.69% 
(1/13) 

23.08% 
(3/13) 

38.46% 
(5/13) 

38.46% 
(5/13) 

80kV 
68.42% 
(13/19) 

73.68% 
(14/19) 

57.89% 
(11/19) 

63.16% 
(12/19) 

73.68% 
(14/19) 

68.42% 
(13/19) 

100kV 
100.00% 
(20/20) 

100.00% 
(20/20) 

100.00% 
(20/20) 

100.00% 
(20/20) 

100.00% 
(20/20) 

100.00% 
(20/20) 

Table 2. Success rates of automatic image segmentation with 
different reconstructions for different sub-patient groups. 

FBP: filtered back-projection; ASIR-V: Adaptive Statistical Iterative 
Reconstruction-V; DLIR: Deep learn image reconstruction; DLIR-L: DLIR 
with low strength; DLIR-M: DLIR with medium strength; DLIR-H: DLIR 
with high strength.  
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DISCUSSION 
 

In this study, we investigated the impact of         
tracheal size and different reconstruction algorithms 
on the success rate and quality of automatic               
segmentation of bronchial tree of pediatric patients 
in ultra-low radiation dose conditions. Automatic 
image segmentation is widely used (16), especially for 
organizations with large contrast and good boundary 

(18-20), such as CT angiography, and CT Colonography. 
With the application of radiomics and AI technology, 
the accuracy of automatic segmentation algorithms 
has been improved (21-22), but image quality remains 
an important factor limiting the success rate of           
automatic segmentation (23). However, most studies 
have not described the influence of radiation dose 
and image reconstruction algorithms on automatic 
segmentation, especially for pediatric patients with 

Table 4. The total volume of bronchial tree automatically segmented by VCAR software with different algorithms. 
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algorithm  score 
total 70kV 80kV 100kV 

median 
score 

No. 
(percentage) 

median 
score 

No. 
(percentage) 

median 
score 

No. 
(percentage) 

median 
score 

No. 
(percentage) 

FBP 

0 

4 

32 (30.77%) 

0 

20 (76.92%) 

4 

12 (31.58%) 

5 

0 (0.00%) 
1 0 (0.00%) 0 (0.00%) 0 (0.00%) 0 (0.00%) 
2 3 (2.88%) 3 (11.54%) 0 (0.00%) 0 (0.00%) 
3 9 (8.65%) 3 (11.54%) 6 (15.79%) 0 (0.00%) 
4 18 (17.31%) 0 (0.00%) 18 (47.37%) 0 (0.00%) 
5 37 (35.58%) 0 (0.00%) 2 (5.26%) 35 (87.5%) 
6 5 (4.81%) 0 (0.00%) 0 (0.00%) 5 (12.5%) 

50%ASIR-V 

0 

4 

30 (28.85%) 

0 

20 (76.92%) 

4 

10 (26.32%) 

5 

0 (0.00%) 
1 0 (0.00%) 0 (0.00%) 0 (0%) 0 (0.00%) 
2 4 (3.85%) 4 (15.38%) 0 (0%) 0 (0.00%) 
3 6 (5.77%) 2 (7.69%) 4 (10.53%) 0 (0.00%) 
4 20 (19.23%) 0 (0.00%) 20 (52.63%) 0 (0.00%) 
5 40 (38.46%) 0 (0.00%) 4 (10.53%) 36 (90.0%) 
6 0 (0.00%) 0 (0.00%) 0 (0.00%) 4 (10.0%) 

100%ASIR-V 

0 

3 

40 (38.46%) 

0 

24 (92.31%) 

3 

16 (42.11%) 

6 

0 (0.00%) 
1 0 (0.00%) 0 (0.00%) 0 (0.00%) 0 (0.00%) 
2 2 (1.92%) 2 (7.69%) 0 (0.00%) 0 (0.00%) 
3 10 (9.62%) 0 (0.00%) 10 (26.32%) 0 (0.00%) 
4 10 (9.62%) 0 (0.00%) 10 (26.32%) 0 (0.00%) 
5 20 (19.23%) 0 (0.00%) 2 (5.26%) 18 (45.0%) 
6 22 (21.15%) 0 (0.00%) 0 (0.00%) 22 (55.0%) 

DLIR-L 

0 

4 

34 (32.69%) 

0 

20 (76.92%) 

3 

14 (36.84%) 

5 

0 (0.00%) 
1 0 (0.00%) 0 (0.00%) 0 (0.00%) 0 (0.00%) 
2 0 (0.00%) 0 (0.00%) 0 (0.00%) 0 (0.00%) 
3 10 (9.62%) 0 (0.00%) 10 (26.32%) 0 (0.00%) 
4 16 (15.38%) 4 (15.38%) 12 (31.58%) 0 (0.00%) 
5 36 (34.62%) 2 (7.69%) 2 (5.26%) 32 (80.0%) 
6 8 (7.69%) 0 (0.00%) 0 (0.00%) 8 (20.0%) 

DLIR-M 

0 

5 

26 (25%) 

0 

16 (61.54%) 

4 

10 (26.32%) 

6 

0 (0.00%) 
1 0 (0.00%) 0 (0.00%) 0 (0.00%) 0 (0.00%) 
2 0 (0.00%) 0 (0.00%) 0 (0.00%) 0 (0.00%) 
3 2 (1.92%) 0 (0.00%) 2 (5.26%) 0 (0.00%) 
4 22 (21.15%) 4 (15.38%) 18 (47.37%) 0 (0.00%) 
5 16 (15.38%) 6 (23.08%) 6 (15.79%) 4 (10.0%) 
6 38 (36.54%) 0 (0.00%) 2 (5.26%) 36 (90.0%) 

DLIR-H 
  

0 

5 
  

28 (26.92%) 

0 
  

16 (61.54%) 

4 
  

12 (31.58%) 

6 
  

0 (0.00%) 
1 0 (0.00%) 0 (0.00%) 0 (0.00%) 0 (0.00%) 
2 0 (0.00%) 0 (0.00%) 0 (0.00%) 0 (0.00%) 
3 2 (1.92%) 0 (0.00%) 2 (5.26%) 0 (0.00%) 
4 21 (20.19%) 5 (19.23%) 16 (42.11%) 0 (0.00%) 
5 15 (14.42%) 5 (19.23%) 6 (15.79%) 4 (10.0%) 
6 38 (36.54%) 0 (0.00%) 2 (5.26%) 36 (90.0%) 

Table 3. Subjective image quality scores of the automatically segmented bronchial tree with different reconstruction algorithms. 

FBP: filtered back-projection; ASIR-V: Adaptive Statistical Iterative Reconstruction-V; DLIR: Deep learn image reconstruction; DLIR-L: DLIR with low 
strength; DLIR-M: DLIR with medium strength; DLIR-H: DLIR with high strength. 

VCAR volume (ml) FBP 50%ASIR-V 100%ASIR-V DLIR-L DLIR-M DLIR-H 
total 17.22±6.94 17.16±6.96 16.87±6.75 17.43±6.67 17.24±6.61 17.07±6.64 
70kV 6.85±3.62 6.81±3.52 9.81±0.00 7.50±4.17 6.96±3.09 6.72±3.06 
80kV 11.29±3.53 11.26±3.34 10.78±3.34 11.54±3.62 11.28±3.54 11.49±3.35 

100kV 16.71±6.94 16.67±6.96 16.38±6.75 17±6.67 16.82±6.61 16.69±6.64 
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smaller trachea and bronchi. Although there have 
been recent reports that the use of the DLIR             
algorithm can improve the automatic detection rate 
of pulmonary nodules (24), there is no analysis of how 
DLIR improves the automatic segmentation effect, 
and there is a lack of in-depth research on the impact 
of CT image quality on automatic segmentation.              
Following the ALARA principle in radiation dose, we 
tried to maintain similar image noise (when using the 
same reconstruction algorithm) for different patients 
in our study to minimize the influence of image noise 
on the automatic segmentation success rate.  

Our results implied that image noise alone might 
not be the major factor impacting the success rate of 
segmenting bronchial trees, since all three patient 
groups had similar image noise, but drastically            
different success rate in automatic segmentation, 
when the same reconstruction was applied, so we 
believe the success rate was mainly driven by the 
different tracheal diameters.  

Further analysis of the results also indicated that 
for patients with small size trachea (< 10mm in             
diameter) and bronchia, the combination of image 
noise and sharpness generated by different               
reconstruction algorithms might have a significant 
impact on the segmentation success rate and image 
quality of segmented bronchial trees. For the patient 
group with the smallest tracheal size, 100%ASIR-V 
images, which had the second lowest image noise 
among the six reconstruction groups, had the lowest 
success rate at 7.69%, while DLIR-M and DLIR-H  
significantly improved the success rate to 38.46%.  

Previous studies have shown that a higher            
percentage of ASIR-V significantly changes the               
noise-power-spectrum (NPS) in images when               
reducing noise, reducing the peak frequency which 
causes blurred image edges, coarser image noise 
presentation and “plastic”-looking image appearance 
that may affect diagnosis (25). On the other hand, the 
DLIR algorithm uses deep learning to directly remove 
noise in generating images, and better maintains  
image texture and high-frequency information to 
provide clearer tissue boundaries than the ASIR-V 
algorithm (26).  

In our study, we further verified our findings          
using the blur matrix and found that DLIR images had 
either only slightly higher (DLIR-M) or lower image 
noise (DLIR-H) compared with 100%ASIR-V images, 
but much lower blur matrix values. With a better  
balance of image noise and sharpness (figures 2 and 
3), the success rates of automatic segmentation were 
higher. Taking into account previous research results 
(23) showing the use of DLIR algorithm can improve 
the success rate of automatic segmentation of lung 
nodules and small airways, our results further             
supported the hypothesis that by improving image 
texture, reconstruction algorithms, such as DLIR, 
could further improve the success rate of automatic 
segmentation.  

There are still some limitations in this study. 
Firstly, the sample size in the 70kv group was small, 
and the problem of low automatic segmentation           
success rate was not fully considered, resulting in too 
few cases in the 70kv group; Secondly, the low dose 
protocols were set according to age, so it was                 
impossible to compare the differences among            
different dose levels on the same group of children, 
therefore the dependence on radiation dose; Finally, 
we only applied one automatic segmentation            
software and the robustness with other automatic 
segmentation software needs further study.  

176 Int. J. Radiat. Res., Vol. 22 No. 1, January 2024 

Figure 2. Automatic segmentation with VCAR software of a         
9-years old boy of six algorithm images: filtered back-

projection (FBP, figure 2A), 50% adaptive statistical iterative 
reconstruction-Veo (ASIR-V, figure 2B), 100%ASIR-V (figure 

2C), and deep learning image reconstruction (DLIR) with low 
(DLIR-L, figure 2D), medium (DLIR-M, figure 2E) and high           

(DLIR-H, figure 2F) strengths. Scan voltage was 100kV with 
0.10mGy in CT dose index. Compared with other images,           

DLIR-H and DLIR-M images showed more bronchi (arrows). 

Figure 3. 3A-3E are automatic segmentation images of VCAR 
software and 3G-3L are multi-planar reformat images of a          

2-years old boy. Scan voltage was 70kV with 0.04mGy in the 
CT dose index. 3A and 3G: filtered back-projection images, 3B 
and 3H: 50% adaptive statistical iterative reconstruction-Veo 
(ASIR-V) images, 3C and 3I: 100%ASIR-V images, 3D and 3J: 

deep learning image reconstruction (DLIR) with low strength 
images, 3E and 3K: with medium strength, 3F and 3L: with 
high strength. Compared with other images, the left main 
bronchus of 100%ASIR-V was distorted and smaller (short 

arrow), there were fewer bronchial branches (long arrow), and 
the image quality was too smooth and blotchy. DLIR image 

could show more bronchi. 
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CONCLUSION 
 

The airway segmentation success rate in ULD-CT 
for children depends on the tracheal size. DLIR          
improves the success rate and image quality of          
airway segmentation which are affected by both     
image noise and sharpness. 
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