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*is work aimed to explore the clinical application value of CT imaging technology based on the optimal Atlas segmentation
algorithm (OASA) in the diagnosis of pediatric mycoplasma pneumonia (MP). Eighty-eight children with MP were selected and
divided into group A (CT image based on the OASA) and group B (chest X-ray) according to the diagnosis methods.*e detection
rate, image feature performance, and image quality satisfaction of the two groups of children were compared. *e results showed
that the detection rate of group A was 97.73% and that of group B was 95.46%, and there was no considerable difference between
the two (P> 0.05). *e pleural effusion detection rate of children in group A was evidently superior to that of X-ray group, while
the increased bronchovascular shadows’ detection rate was greatly inferior to that of X-ray group (P< 0.05). Comparison results of
nodules’ shadows, patchy shadows, acinar parenchyma shadows, and interstitial infiltration between two groups showed that there
was no notable difference (P> 0.05). CT image quality satisfaction (98.50%) was higher versus X-ray (79.46%) (P< 0.05). To sum
up, CT images based on the OASA can be adopted in the clinical diagnosis of pediatric MP, and CT images were better than
chest X-rays.

1. Introduction

Pediatric MP is usually an infectious respiratory disease
caused by mycoplasma pneumonia [1, 2]. *e diseased
population accounts for more than 50% of all children with
pneumonia, and the incidence is increasing year by year.
Pediatric MP will cause damage to various organs and bodily
functions of children, which has a great impact on the
normal growth and development of children [3].*e clinical
symptoms of the child are mainly headache, fever, sore
throat, and sputum, and the body fluids and sputum of the
child are infectious. It is very easy to cause mycoplasma
variant infection to occur, and it may cause death when it is
more serious [4]. Since it lacks specific clinical symptoms, it
is difficult to make an accurate diagnosis based on the
symptoms and signs of the child. Mycoplasma pneumonia
antibody detection is a common effective method for
detecting pneumonia, and it has certain diagnostic value for
pediatric MP [5]. However, its detection time is slightly

longer, and it takes several days for the antibody titer to rise,
and its wide application is limited. *erefore, finding a
suitable diagnosis method is of great significance for the
early prevention and subsequent treatment of MP.

With the rapid development of medical imaging tech-
nology, many kinds of imaging technology are utilized in the
diagnosis of various clinical diseases, which provides more
accurate information for doctors. CTand X-ray are effective
methods for the clinical diagnosis of MP and they are widely
adopted in the clinical diagnosis and treatment of pediatric
MP [6, 7]. In contrast to traditional X-ray, CT imaging
technology has short scanning time, high resolution imag-
ing, and high anatomical detail. It can observe the complex
structure and find the small abnormal situation. CT imaging
is currently the preferred method for detecting pulmonary
diseases and subtle structural changes [8]. With the in-
creasing adoption of CT technology in the medical field,
image segmentation has become a research hotspot in
medical image processing. Medical image segmentation is
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crucial for accurate disease positioning, 3D visualization,
and subsequent treatment [9, 10]. Due to the individual
differences in the anatomical structure of lung tissue, there is
also incomplete or low contrast of the lung fissure, which
increases the difficulty of lung segmentation. *erefore, the
study of lobar segmentation and its algorithm performance
is of great significance for the clinical diagnosis of pulmo-
nary diseases.

After the pulmonary anatomical structure was analyzed,
the optimal Atlas map was utilized to search for the acute
location of pulmonary fissure combined with the region of
interest of pulmonary fissure. *e CT image technology
based on the OASA was proposed. *e clinical adoption
value of MP in diagnosing pediatric pneumonia by CT
imaging technology based on the OASAwas explored, which
was compared with X-ray diagnosis results. It was hoped
that theoretical basis for the clinical diagnosis and subse-
quent treatment of pediatric MP could be provided.

2. Materials and Methods

2.1.ResearchObjectsandGrouping. *e 88 children withMP
in the hospital from October 2018 to June 2020 were selected
as the research objects. *ey were 47 males and 41 females.
*e children’s age ranged from 6months to 12 years, with an
average age of 4.29± 1.26 (years). All patients were divided
into CT group (group A) and X-ray group (group B)
according to different diagnosis methods, with 44 cases in
each group. *is experiment had been approved by the
ethics committee of the hospital, and the children and their
families involved had been aware of and agreed with it.

Inclusion criteria were as follows: (I) patients met the
diagnostic criteria of Pediatrics Mycoplasma Pneumonia in
Practice; (II) patients were without congenital disease; (III)
patients and their families had signed the informed consents;
(IV) patients were without abnormalities in liver, kidney,
heart, and lungs; and (V) patients were with complete
clinical data. Exclusion criteria were as follows: (I) patients
with chronic lung diseases, asthma, and so forth; (II) patients
with mental or intellectual disabilities; (III) patients with
abnormal immune function; and (IV) patients with severe
infectious diseases.

2.2. DiagnosisMethods. *e children in group A underwent
CT examination using Philips Brilliance 16-slice spiral CT
scanner. *e children were placed in a supine position. *e
scanning range was from the tip of the lung to the bottom of
the lung. *e scanning time was 1 s, the voltage was 120 kV,
the current was 100–150mA, the layer thickness was 5mm,
the layer distance was 5mm, and the pitch was 1.2. *e
coronal and sagittal focal areas were reconstructed. After
that, an enhanced scan was performed with iohexol as the
contrast agent, and the injection speed was 1.5mL/s. *e
distribution of lesions in the lungs of the children was
observed, as well as the imaging characteristics of lung
shadows and lung interstitium.

*e children in group B took chest X-ray examination,
Philips multifunction X-ray machine was utilized to take the

positive image of the chest of the children, and the chest was
scanned in the conventional way. *e scan parameters were
set to voltage of 65 kV and current of 0.6mAs. *e distri-
bution of lesions in the lungs was observed, and so did the
morphological characteristics, density of the lesions, and the
morphological characteristics of the pulmonary mesen-
chyme and pleura.

2.3. CT Images Based on OASA. First, the lung area was
extracted and positioned according to the CT image. *e
optimal threshold method [11] was utilized to identify and
extract the lung area of the CT image, and then the lung area
of interest was extracted. *e noise in the area was mainly
cleared and the boundary was smooth. *e specific process
was shown in Figure 1.

*e automatic update split threshold is calculated as
follows:

G
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2
. (1)

In equation (1), Uf is the average gray value of the target
area;Ub is the average gray value of the background area; and
Gi+1 is the segmentation threshold of step i+ 1.

*e threshold is iteratively updated until the threshold in
step e no longer changes; that is, Gi+1 �Gi.

*en, the initialization of the fissure area of the lung was
carried out, which was mainly divided into three steps. the
first step is pulmonary tracheal target area extraction.*e air
region of the CT image was selected as the seed point, the
airway region was extracted by the 3D region growth
method, and then the branches were refined one by one.
Finally, the branches within the 15 nodes were taken as the
final output of the pulmonary tracheal branches. *e second
step is target region segmentation of pulmonary vessels. *e
pulmonary vessels were segmented by fuzzy segmentation.
*e third step is calculation and regional initialization of the
distance map of the pulmonary fissure area. 2D Euclidean
distance transformation equation was adopted to calculate
the distance from the pixel of lung tissue area to the “branch”
of lung lobe, and the nearest pixel was divided into specific
lung lobe area. *e boundary between different lobe regions
was the initial location of the lobe fissure. *e Euclidean
distance equation is expressed as follows:
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In equation (2), D is Euclidean distance; (xo, yo) is the
coordinate of the “branch” in the 2D image.

*e Atlas segmentation scheme is mainly adopted to
search the image with the most similar anatomical structure
to the scanned image to be tested and to search the location
of the lobe fissure according to the registration-segmenta-
tion technology, so as to complete the accurate segmentation
of the lobe. (I) *e template image that is closest to the
location and characteristics of the pulmonary fissure is
looked for; (II) registration transformation is performed to
obtain the best mapping transformation parameters and
transform mask 1 image into mask 2 image; and (III) fusion
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of mask 2 image and image to be tested is conducted to
complete fissure detection. *e specific process is shown in
Figure 2.

*e segmentation algorithm combines the prior
knowledge of the map. *e template map contains the
original image and the mask image of the lung lobes. *e
location information of the lung lobes is represented by
Plandmark, and the location information of the scanned image
to be tested is represented by qlandmark.*e registration of the
template image of the Atlas is based on the minimum de-
viation Δ of the two. *e expression of the minimum de-
viation Δ is as follows:

Δ �
1
2

pLandmark(x1, . . . , xi)

qLandmark(x1, . . . , xi)
+

pLandmark(y1, . . . , yi)
qLandmark(y1, . . . , yi)

􏼠 􏼡.

(3)

In equation (3), pLandmark(x1, . . . , xi) and
pLandmark(y1, . . . , yi) are the x and y coordinates of the lung
lobes in the template image, respectively; and
qLandmark(x1, . . . , xi) and qLandmark(y1, . . . , yi) are the x and
y coordinates of the lung lobes in the image to be tested,
respectively.

To enhance the calculation speed and segmentation
accuracy, the minimum deviation combined with the per-
ceptual hash matching method can be adopted to realize the
fast search of the optimal Atlas for CT images. *e calcu-
lation method of the optimal similarity S(t) is as follows:

S(t) � 􏽘
n

t�1
aKt + bΔt( 􏼁. (4)

In equation (4), t is the registration template image; K is
the perceptual hash similarity; Kt represents the hash sim-
ilarity between the test image and the template image; Δt is
the deviation value between the test image and the template
image. a is set to 0.25 and b to 0.75. If the value of S(t) is
greater than 0.85, it is the optimal Atlas image.

*e average distance MEAN, maximum distance MAX,
and accuracy of area of interest AROI of manually defined
reference standard and automatic segmentation are adopted
to evaluate the algorithm segmentation performance. *e
expression of the nearest voxel distance Dis for reference
criteria and lobe segmentation results is as follows:
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In equation (5), (xA, yA, zA) and (xM, yM, zM) repre-
sent the voxels defined by computer and manual segmen-
tation, respectively.
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, (6)

MAX � max Dis{ }. (7)

In equations (6) and (7), l represents the size of volume
data in the x direction; m is the size of volume data in the y
direction; and n is the size of volume data in the z direction.
In addition, the standard deviation SD of voxel position is
defined according to the mean distance value.

AROI �
SA ∩ SM

SA ∪ SM

. (8)

In equation (8), AROI represents segmentation accuracy.
SA represents the area of the lung defined in 2D cross section.
SM represents the area of the lung divided by a computer.

2.4. Observation Indexes. *e clinical data of the two groups
were compared, including age, gender, and onset time. *e
distribution of lesions (upper left lung lobe, lower left lung
lobe, upper right lung lobe, middle right lung lobe, and lower
right lung lobe), detection rate, and imaging characteristics
were compared between the two groups. *e satisfaction of
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Figure 1: Lung area extraction process.
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attending physicians with the image quality obtained by CT
and X-ray examination was compared and analyzed.

2.5. Statistical Analysis. SPSS 20.0 statistical software was
adopted for analysis. Measurement data were expressed as
mean± standard deviation (x± s), and t-test was adopted for
comparative analysis; count data were expressed as per-
centage (%), and χ2 test was adopted for comparison and
analysis between groups. If P< 0.05, the difference was
statistically significant.

3. Results

3.1. CT Image Segmentation Results Based on OASA. *e
OASA was utilized to segment the chest CT images, and the
segmentation performances of the six parts including left
upper lung lobe (ULL), left lower lung lobe (LLL), right
upper lung lobe (URL), right middle lung lobe (MRL), and
right lower lung lobe (LRL) were quantitatively evaluated
using indicators of AROI, MEAN, MAX, and SD. *e de-
tailed results are shown in Table 1. According to the data,
the OASA proposed in this work had strong robustness,
and its MEAN, MAX, AROI, and SD values were 9.22mm,
15.62mm, 97.26%, and 0.93, respectively.

To further verify the segmentation effect of the OASA, it
was compared with Elastix and NeftyReg segmentation
methods. *e performance comparison results of different
segmentation algorithms are shown in Table 2. From the
data, the MEAN, MAX, AROI, and SD values of the Elastix
method were 10.57mm, 17.54mm, 95.21%, and 1.26, re-
spectively. *e values of MEAN, MAX, AROI, and SD of the
NeftyReg method were 10.09, 18.65, 94.49%, and 1.48 re-
spectively. *e values of MEAN, MAX, AROI, and SD of the
OASA were 9.22mm, 15.62mm, 97.26%, and 0.93, re-
spectively. Based on the above results, the OASA proposed in
this work was more accurate andmore stable for the location
of lung lobe region segmentation in CT images, and all
performance indicators were superior to those of Elastix and
NeftyReg segmentation methods.

3.2. Clinical Data of Children with MP. *e comparison of
the clinical data of the two groups of children is shown in
Table 3. From the table data, there were 24 males and 20
females in group A, with an average age of 4.47± 1.26
(years), and an onset time of 2.28± 0.36 (d). *ere were 23
males and 21 females in group B. *e average age was
4.38± 1.18 (years), and the onset time was 2.32± 0.25 (d).
Based on the above results, there was no considerable dif-
ference between group A and group B regarding the gender,
age, and onset time (P> 0.05).

3.3. Detection Rate Comparison Result. CT images and
X-rays were adopted to diagnose the two groups of children
with MP, and the detection results of the two groups are
shown in Figures 3–5. Figures 3 and 4 showed that, in group
A, 13 cases were detected in the left upper lobe, 15 cases were
detected in the left lower lobe, 8 cases were detected in the

(1)

(2)

(3)

Mask 1 Optimal atlas

Optimal map 
transformation

Downsampling
Registration 

image

Mask 2 Processed image

Image after fusion

Registration transformation

Figure 2: Flow of the OASA.

Table 1: Performance evaluation of the OASA.

Left lung Right lung
Mean value

ULL LLL URL MRL LRL
AROI (%) 96.89 95.76 97.12 97.87 98.17 97.26
MEAN (mm) 12.52 14.37 6.56 6.82 5.26 9.22
MAX (mm) 23.87 18.24 11.89 12.38 11.28 15.62
SD 0.89 1.10 0.88 1.03 0.75 0.93

Table 2: Performance comparison of different segmentation
algorithms.

Elastix NeftyReg Optimal Atlas segmentation
algorithm

AROI (%) 95.21 94.49 97.12
MEAN
(mm) 10.57 10.09 6.56

MAX (mm) 17.54 18.65 11.89
SD 1.26 1.48 0.88
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right upper lobe, 4 cases were detected in the right middle
lobe, and 3 cases were detected in the right lower lobe. In
group B, 12 cases were detected in the left upper lobe, 14
cases in the left lower lobe, 9 cases in the right upper lobe, 4
cases in the right middle lobe, and 3 cases in the right lower
lobe. Figure 5 disclosed that the detection rate of children in
group A was 97.73%, the detection rate of children in group
B was 95.46%, and the detection rate of children with MP in
groups A and B was not evidently different (P> 0.05).

3.4. Contrast of Imaging Features. CT examination was
performed in MP children in group A, and the imaging
images of some of the children are shown in Figure 6. *e
main features were pulmonary parenchymal shadow, large-
scale consolidation or patchy, pleural effusion, and so forth.
X-ray examination was performed on patients in group B,

and images of some children are shown in Figure 7, which
were mainly manifested as patchy shadows, significantly
increased hilar shadows, and acinar parenchyma shadows.

*e imaging features of the two groups of children with
MP were compared, as shown in Figures 8–10. Patchy
shadows accounted for 22.05% and nodules accounted for
14.76%. Acinar parenchyma shadows accounted for 26.98%
and interstitial infiltration for 13.26%. *e proportions of
increased bronchovascular shadows and pleural effusion
were 9.54% and 22.03%, respectively. *e proportion of
children in group B with patchy shadows was 24.45%, and
that of nodules was 12.37%. Acinar parenchyma shadows
accounted for 24.84% and interstitial infiltration for 13.26%.
*e proportion of increased bronchovascular shadows was
28.32%, while that of pleural effusion was 4.93%. Pleural
effusion detection rate in group A was greatly superior to
that in group B (P< 0.05). *e detection rate of increased
bronchovascular shadows in group A was inferior to that in
group B considerably (P< 0.05). *e differences of the two
groups of children with nodules, patchy shadows, acinar
parenchyma shadows, and interstitial infiltration were not
substantial (P> 0.05).

3.5. Image Quality Satisfaction Comparison. *e satisfaction
of the attending physician with the image quality obtained
by CT and X-ray detection is shown in Table 4. For CT
examination method, the proportions of satisfied, relatively
satisfied, and dissatisfied were 74.24%, 24.26%, and 1.50%,
respectively. For the X-ray examination methods, the pro-
portions of satisfied, relatively satisfied, and dissatisfied were
65.37%, 14.09%, and 20.54%, respectively. *e satisfaction
with CT image quality was 98.50%, which was notably higher
compared to satisfaction with X-ray image quality of 79.46%
(P< 0.05).

4. Discussion

Pneumonia is usually caused by a respiratory virus and
occurs mostly in childhood. MP is a common cause of
community-acquired respiratory infections, accounting for
40% of pneumonia cases in children above 5 years of age
[12]. CT imaging technology and X-ray are clinically
common MP imaging diagnostic techniques for childhood
pneumonia. Due to its convenient operation, low cost, and
high diagnostic accuracy, it is accepted by patients and
medical workers. In this work, the OASA was adopted to
improve and optimize the segmentation effect of medical CT
images. *e results showed that the OASA had higher ac-
curacy for CT image segmentation results relative to Elastix
and NeftyReg segmentation methods, for the index values of
MEAN, MAX, AROI, and SD of 9.22mm, 15.62mm, 97.26%,
and 0.93, respectively, which was consistent with the re-
search results of Arabi and Zaidi [13], suggesting that the
OASA can improve the accuracy of medical CT image
segmentation.

*en, CT imaging technology and chest X-ray were
adopted to diagnose children with pneumonia MP, and it
was found that the detection rate of children in group A was

Table 3: Contrast of clinical data of children with MP.

Group A (n� 44) Group B (n� 44) P

Gender (male/
female) 24/20 23/21 0.063

Age (years) 4.47± 1.26 4.38± 1.18 0.315
Onset time (d) 2.28± 0.36 2.32± 0.25 0.326
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Figure 3: Contrast of left lung detection cases between two groups
of children with MP.
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Figure 4: Contrast of right lung detection cases between two
groups of children with MP.
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97.73%, and that of children in group B was 95.46%. No
considerable difference was shown between the two
(P> 0.05), indicating that both CT images and X-rays can be
adopted for diagnosis of pediatric MP, and both of these
imaging diagnostic techniques had high diagnostic value
[14, 15]. It was found that the main feature of CT was the
shadow of the lung parenchyma, large consolidation, or
patchy shadows, and pleural effusion can be seen. X-ray
images were mainly characterized by increased patchy
shadows, increased hilar shadows, and acinar parenchyma
shadows. *e pleural effusion detection rate of children in
group A was evidently higher compared to X-ray group, and

the increased bronchovascular shadows detection rate was
substantially lower versus that of the X-ray group (P< 0.05).
*ere was no obvious difference in nodule shadows, patchy
shadows, acinar parenchyma shadows, and interstitial in-
filtration between the two groups of children (P> 0.05),
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Figure 5: Contrast of total detection rate between two groups of children with MP.

Figure 6: Chest CT image of MP children.

Figure 7: X-ray image of MP children.
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Figure 8: Contrast of percentage of nodules and patchy shadows
between two groups of children.
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Figure 9: Contrast of percentage of acinar parenchyma shadows
and interstitial infiltration between two groups of children.
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suggesting that both CT images and X-rays can present the
specific imaging manifestations of MP, and CT was more
sensitive to the diagnosis of pleural effusion, which provided
a reliable basis for clinical treatment. *e results were
consistent with the results of Cho et al. [16] and Saraya et al.
[7]. *is work also revealed that the attending physician’s
satisfaction with CT image quality (98.50%) was higher
versus X-ray (79.46%), P< 0.05. Based on the above results,
for children with MP, the diagnosis of CT imaging tech-
nology was more accurate. In clinical practice diagnosis, the
correlation between the clinical symptoms of pneumonia
MP and viral infection was high, so it was imperative to
combine other laboratory indicators for comprehensive
examination. In addition, both CT images and X-rays can be
adopted for the diagnosis of pediatric MP, while the X-ray
dose was lower, which was more suitable for children.
*erefore, in the actual diagnosis, the appropriate diagnosis
method should be selected according to the symptoms of the
child’s condition. Generally, the diagnosis can be made
through X-ray and laboratory indicators, and CT exami-
nation should be taken when necessary to improve the
detection rate.

5. Conclusion

*e OASA was adopted to process the CT images and was
utilized in pediatric MP clinical diagnosis. It was found that,
in contrast to the traditional segmentation algorithm, the
OASA enhanced the segmentation effect of CT images. Both
X-ray and CTimages can diagnoseMP, but CTdiagnosis was
more accurate and the images were clearer. However, there

are still some shortcomings in the research. For example, the
number of samples is limited, and there is no CT image
control that is not processed by the algorithm. In the future,
increasing the number of samples and using other seg-
mentation algorithms to optimize CT images for compar-
ative analysis of diagnostic effects should be considered. In
short, the results of this study can provide a reference for the
imaging diagnosis and follow-up treatment of pediatric MP.

Data Availability
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CT X-ray χ2 P

Satisfied (%) 74.24 65.37 0.673 0.282
Relatively satisfied (%) 24.26 14.09 1.427 0.163
Dissatisfied (%) 1.50 20.54 3.272 0.003
Satisfaction rate (%) 98.50 79.46 4.342 0.001
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