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INTRODUCTION

	 At present, imaging techniques are widely used 
in the diagnosis of lung diseases, such as X-ray, 
CT, and MRI.1-3 However, exposing the newborn 
to ionizing radiation will affect their growth and 
development to a certain extent.4-6 Therefore, it 
is necessary to find a method that can be used 
for the early diagnosis of pneumonia. Hence, 
the ultrasound score can be used in the semi-
quantitative assessment of the severity of lung 
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ABSTRACT
Objectives: To explore the diagnostic effect of ultrasound imaging on the illness severity, and to analyze 
neurobehavioral development of neonates with Infectious Pneumonia (IPN), Self- Adaptation (SD), and 
Spatial Smoothing (SS) technologies were adopted to build SDSS. Then, the WFFSF algorithm based on 
Wiener Filtering (WF) and Feature Space Fusion (FSF) and the SNRP-FSF algorithm based on Signal-to-noise 
ratio post-filtering (SNRP) and FSF were introduced for comparison.
Methods: One hundred and thirty-two neonates were divided into group without respiratory failure (S1) 
and respiratory failure group (S2). The study was conducted from March 2018 to July 2020. According to 
scoring systems for neonatal critically illness, they were divided into non-severe group (W1), severe group 
(W2), and extremely-severe group (W3). According to the Scale of Child Development Center of China 
(CDCC), they were divided into a normal neurobehavioral developmental group (P1) and an abnormal 
neurobehavioral developmental group (P2).
Results: The normalized mean square distance l and normalized mean absolute distance f of SDSS 
algorithm were significantly lower than that of WFFSF algorithm and SNRP-FSF algorithm, and the peak 
signal-to-noise ratio (PSNR) was significantly higher than that of WFFSF algorithm and SNRP-FSF algorithm 
(P<0.05). The lung ultrasound score (40.62±7.22%) of S1 was greatly higher than S2 group (28.47±6.29%) 
(P<0.05); the lung ultrasound score (39.13±8.25) in W1 was greatly higher than W2 (27.28±6.39) and W3 
groups (14.33±7.03); neonates in group W2 had higher lung ultrasound scores than W3 (P<0.05), and lung 
ultrasound scores in P1 (42.57±8.58) was greatly higher than that the P2 group (26.49±6.09).
Conclusion: In contrast with traditional algorithms, the SDSS algorithm based on AD has a better reconstruction 
effect on neonatal IPN ultrasound images. The lung ultrasound score can clearly indicate the severity of 
the disease and neurobehavioral development of neonate IPN, and the lung ultrasound score is negatively 
correlated with the severity of the child’s disease and the abnormality of neurobehavioral development.
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diseases.7,8 In order to improve the diagnostic effect 
of ultrasound imaging, intelligent algorithms are 
used to segment the ultrasound images.9 Among 
them, the use of adaptive algorithm to reconstruct 
the ultrasound image can effectively reduce the 
artifacts and noise in the ultrasound image.10

	 In summary, an ultrasound image reconstruction 
algorithm SDSS was constructed based on SD and 
SS technology. Then, it was applied to ultrasound 
imaging diagnosis of neonates with IPN. By com-
paring the lung ultrasound scores of neonates in S1 
and S2, W1, W2, and W3, and P1 and P2, the diag-
nostic effect of ultrasound imaging on the severity 
of the disease was comprehensively evaluated.

METHODS

	 One hundred thirty two full-term newborns 
who were diagnosed with IPN in our hospital 
from March 2018 to July 2020 were selected as the 
research subjects. They were divided into S1 and S2 
groupsThree senior physicians adopted the two-
lung twelve-zone scoring method to diagnose lung 
lesions.In An ultrasonic linear array sensor with M 
independent array elements was set, and the sensor 
was divided into q sub-arrays.  Fig-1.
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represented the noise variance matrix. Then the 
sampling covariance matrix of the ultrasonic linear 
array sensor can be expressed as follows.
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The backward SS covariance matrix of the sensor 
was as follows.
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calculating the arithmetic average according to 
equations (3) and (4), the forward and backward 
SS covariance matrix of the ultrasonic sensor can be 
obtained as follows.
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	 In which, sR  represented the forward and 
backward SS covariance matrix of the ultrasonic 
sensor, f

sR  represented the forward SS covariance 
matrix of the ultrasonic sensor, and b

sR  represented 
the backward SS covariance matrix of the ultrasonic 
sensor. The above was the ultrasound image 
reconstruction algorithm based on SD and SS 
technology, which was set as SDSS.
	 Evaluation index of reconstruction quality. The 
WFFSF algorithm based on Wiener Filtering and 
Feature space fusion and the SNRP-FSF algorithm 
based on signal-to-noise ratio post-filtering and 
Feature space fusion were introduced in the 
study. They were compared to the SDSS algorithm 
proposed in the study. The normalized mean 
square distance l , normalized mean absolute 
distance f, and PSNR were selected to evaluate the 
reconstructed image quality of different algorithms.
	 I. l : it is used to indicate the deviation between 
the reconstructed image and the original image. The 

Fig.1: Sub-array division of ultrasonic linear array sensor.
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higher the value, the greater the deviation between 
the two.
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In which, 
,u vt  represented the pixel density of 

row U and column V of the original image. ,u vr  
represented the pixel density of row U and column 
V of reconstructed image. t  represented the average 
density of the original image. M N×  represented 
the number of pixels in the image.
II. f : it is used to represent the absolute error 
between the reconstructed image and the original 
image. The larger the value is, the larger the error is.
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III. PSNR: the image quality is evaluated mainly by 
calculating the pure mathematical statistics of the 
error between pixels. The larger the value is, the 
less the image distortion is.
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 (8)
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	 In which, MSE  denoted mean square error.
(5) Statistical methods. The data were processed 
by SPSS19.0, mean ± standard deviation (x± s) was 
adopted to express the measurement data, and the 
count data was expressed as percentage (%). The 
lung ultrasound scores of neonates in groups S1 
and S2, neonates in groups W1, W2, and W3, and 
neonates in groups P1 and P2 were compared by 
analysis of variance. With P<0.05, the difference 
was statistically significant.

RESULTS

	 Comparison of mean square error convergence of 
the algorithm. In Fig.2 and Fig.3, it was evident that 
the lung ultrasound reconstructed image by SDSS 
algorithm was more clearly visible, the contrast was 
more obvious, the artifacts and noise were also min-
imal, and the overall effect was better. Descriptive 
statistics of basic data. As shown in Table-I:
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Fig.2: Comparison of the reconstruction effects of three algorithms on a
male neonate’s lung ultrasound image (age 10 days, weight 3.17kg).

Note: A was the original image; B was the WFFSF algorithm; C was the SNRP-FSF algorithm; D was the SDSS algorithm.

Fig.3: Comparison of the reconstruction effect of three algorithms on a female neonate’s lung ultrasound
image (age 8 days, weight 2.85kg). (A, B, and C had the same indications with Fig.3).
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	 Comparison of lung ultrasound scores in S1 and 
S2. As shown in Fig.4 below, the proportion of neo-
nates in S1 (56.06%) was higher than S2 (43.94%). The 
lung ultrasound score of the neonates in the S1 was 
40.62±7.22%, and that in the S2 was 28.47±6.29%. 
The lung ultrasound scores of neonates in S1 were 
greatly higher than S2 group (P<0.05).
	  Comparison of lung ultrasound scores between 
P1 and P2As shown in Fig.5 below, the proportion of 
neonates in the P1 (62.88%) was greatly higher than 

P2 group (37.12%), and the lung ultrasound score 
(42.57±8.58) of P1 was greatly higher than that of the 
neonates in the P2 group (26.49)±6.09) (P<0.05).

DISCUSSION

	 Neonatal pneumonia mainly refers to the pulmo-
nary inflammation caused by pathogen infection in 
the womb, during delivery, or after birth, and it is 
the main cause of neonatal death.11,12 Because the 
lung of newborn is not completely developed, the 
mucous membranes of the trachea and bronchi are 
soft and rich in blood vessels, plus the cleaning abil-
ity is poor, so they are prone to infection and respir-
atory failure.13 Clinically, X-ray examination is used 
to diagnose neonatal pneumonia based on clinical 
symptoms and physical signs.14,15 However, the 
clinical symptoms and signs of neonatal pneumonia 
are not obvious, and X-ray examination may cause 
cancer, gene mutation, and chromosomal mutation. 
As a result, the application of X-ray in the diagnosis 
of neonatal pneumonia is limited. Ultrasound ex-
amination is characterized by non-radiation, sim-
ple operation, and affordable price. When used in 
the examination of lung diseases, it can dynamical-
ly monitor the outcome of lung inflammation.16 Ar-
tifacts or noise in ultrasound images can be attrib-
uted to individual differences, improper operation, 
or environmental factors.17 Therefore, to determine 
the disease process using ultrasound images, im-
age preprocessing is required. In this study, first, an 
SDSS image reconstruction algorithm based on SS 
technology and AD technology was proposed, and 
used to reconstruct neonatal ultrasound images, 
together with other adaptive algorithms. Then, the 
effects of different algorithms were compared. The 
results showed that, compared with WFFSF and 
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Table-I: Descriptive statistics of basic data of neonates.

Variable Classification Sample size 
(person)

Proportion 
(%)

Gender
Male 74 56.06

Female 58 43.94

Age (days)
<9 70 53.22
≥9 62 46.78

Weight (kg)
<3 67 51.08
≥3 65 48.92

Ways to 
produce

Caesarean 
section 82 61.92

Normal 
delivery 50 38.08

Mother’s 
childbearing 
age (years)

<30 75 56.72

≥30 57 46.28

Gestational 
age (weeks)

<34 28 21.43
34-37 65 49.36
>37 39 29.21

Abnormal 
umbilical 
cord

Yes 37 28.15

No 95 71.85

Fig.4: Comparison of lung ultrasound scores in S1 and S2.
Note: A was the proportion of S1 and S2 groups; B was 

comparison of lung ultrasound score.
* indicated that the difference was obvious in contrast 

with the S1 group (P<0.05).

Fig.5: Comparison of lung ultrasound
scores between P1 and P2.

Note: A was the proportion of P1 and P2 groups;
B had the same indication with Fig.4.

* indicated that the difference was obvious in 
contrast with the P1 group (P<0.05).
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SNRP-FSF algorithms,18,19 the SDSS algorithm had 
higher definition and contrast after reconstruction, 
and effectively removed artifacts and noise in the 
image. The main pathological feature of neonatal 
pneumonia is the exudation of inflammatory medi-
ators, and the liquid and gas in the alveoli can cause 
artifacts.20 The SDSS algorithm can remove artifacts 
and noise in ultrasound images, indicating that the 
SDSS algorithm can be applied to reconstruct ultra-
sound images.

CONCLUSION

	 In the study, the SS technology and AD were 
combined to construct an ultrasound image re-
construction algorithm SDSS, which was applied 
to the ultrasound imaging diagnosis of newborns 
with IPN. The lung ultrasound score can clearly in-
dicate the severity of the disease and neurobehav-
ioral development of newborns with IPN. Besides, 
the lung ultrasound score is negatively correlated 
with the severity of the child’s disease and the ab-
normality of neurobehavioral development.
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