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This study aimed to investigate the differential diagnosis value of routine magnetic resonance imaging (MRI) and magnetic
resonance diffusion-weighted imaging (DWI) in hyperacute intracranial hemorrhage (HICH) and hyperacute cerebral infarction
(HCI). Fifty-five patients with HICH were set as group A, and 55 patients with HCI were selected as group B. All the patients
underwent routine MRI and DWI examinations. The morphological distribution and signal characteristics (low, high, or mixed)
of the lesions in the two groups were recorded. The diagnostic accuracy, sensitivity, and specificity of routine MRI and DWT were
compared for distinguishing HICH and HCI. The results suggested that the lesions in patients with HICH were mainly manifested
as mixed signals (40 cases), while those in patients with HCI showed high signals (48 cases). HICH occurred in the basal ganglia in
44 cases, in the brain stem in 6 cases, in the cerebellum in 4 cases, in the cerebral cortex in 0 cases, and in the corpus callosum in 1
case. HCI occurred in the basal ganglia area, brain stem, cerebellum, cerebral cortex, and corpus callosum in 5, 3, 35, 12, and 0
cases, respectively. The diagnostic accuracy, specificity, and sensitivity of DWI for HICH and HCI were significantly higher than
those of routine MRI (P <0.05). It was indicated that compared with routine MRI, DWI was more effective in the diagnosis of

HICH and HCI, with clearer and more accurate images and better diagnostic performance.

1. Introduction

Stroke, also known as a cerebrovascular accident, is an acute
cerebrovascular disease. It is a group of diseases that cause
brain tissue damage due to sudden rupture of blood vessels
in the brain or the inability of blood to flow into the brain
due to vascular obstruction, including ischemic and hem-
orrhagic stroke [1-3]. Statistically, the incidence of ischemic
stroke is higher than that of hemorrhagic stroke, accounting
for about 65% of all strokes [4, 5]. Stroke occurs in people
more than 40 years old, more men than women; in severe
cases, it can cause death. Stroke can also be divided into
intracranial hemorrhage and cerebral infarction, of which
cerebral infarction is caused by cerebral thrombosis, ath-
erosclerosis, cardioembolic embolism, etc. These result in
the sudden interruption of blood flow in the cerebral blood
vessels, causing local brain tissue necrosis and thereby

forming symptoms of neurological deficits. Intracerebral
hemorrhage is caused by the spontaneous rupture and
hemorrhage of cerebral blood vessels, which causes the
blood in vessels to overflow into the parenchymal cells of the
brain, resulting in necrosis and swelling of the patient’s brain
tissue [6, 7]. Clinically, intracerebral hemorrhage and ce-
rebral infarction that occur within 6 hours are called hy-
peracute intracranial hemorrhage (HICH) and hyperacute
cerebral infarction (HCI). However, there are obvious dif-
ferences between the two, and the treatment options are also
completely different [8]. Therefore, the accurate identifica-
tion of HICH and HCI within 3-6 hours of onset has a great
influence on the effectiveness of treatment for patients.

In recent years, with the rapid development of medical
imaging technology, various imaging methods can not only
indicate morphological changes in brain tissue but also
provide information on cerebral blood flow and metabolism,
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playing an important role in early diagnosis and treatment
[9-12]. Computerized tomography (CT) utilizes precise and
accurate X-ray beams, gamma rays, ultrasonic waves, etc.,
together with highly sensitive detectors, to scan a certain part
of the human body one plane by one plane. It has the
characteristics of fast scanning and clear images. It is often
used in the clinical diagnosis of stroke, but with low sen-
sitivity [13, 14]. Magnetic resonance imaging (MRI) can map
the internal structure of an object according to the different
attenuation of the released energy in different structural
environments inside the material as well as the emitted
electromagnetic waves detected in a gradient magnetic field.
Taking advantage of the high resolution, multi-parameters,
and so on, it has also been gradually applied to the clinical
diagnosis of stroke, but there are certain limitations as well
[15-17]. Diffusion-weighted imaging (DWI), as a new MRI
method, is different from traditional T1-weighted imaging
(T1WI) and T2-weighted imaging (T2WI). It can describe
the diffusion process of molecules (especially water mole-
cules) in biological tissues through specific MRI sequences
and software to generate images from the resulting data
[18, 19]. At present, most of the studies on the diagnosis by
DWI are aimed at the symptoms of cerebral infarction, and
the diagnostic effect of cerebral hemorrhage is not com-
pletely clear.

To sum up, imaging techniques are common to diagnose
stroke, but there are differences in the application effects of
various imaging techniques to a certain extent. It is necessary
to choose the most reliable examination method. Thus, 55
patients with HICH were included in group A, while 55
patients with HCI were included in group B. Routine MRI
and DWI examinations were performed on all the patients,
and the pathological diagnosis results were used as the gold
standards. The diagnostic accuracy, sensitivity, and speci-
ficity of routine MRI and DWI for HICH and HCI were
calculated to innovatively explore the diagnostic perfor-
mance of different MRI imaging techniques for HICH and
HCL

2. Materials and Methods

2.1. Research Objects. Fifty-five patients with HICH and 55
patients with HCI were chosen as the research objects, as
they were admitted to the hospital from October 2020 to
December 2021. The 55 cases with HICH were included in
group A, and the 55 cases with HCI were in group B. This
study had been approved by the ethics committee of the
hospital, and all patients participated voluntarily and signed
informed consent forms.

Inclusion criteria: if the patients could offer complete
basic information, had no contraindications to MRI ex-
amination, signed the informed consent, and were older
than 20 years old.

Exclusion criteria: if the patients were complicated with
mental illness, complicated with heart, liver, and kidney
dysfunction, or complicated with diseases of the blood
system. Patients had poor compliance in examinations, or
they withdrew from the project due to personal reasons.
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2.2. Imaging Methods. The patients were examined with a
fiber-optic superconducting 1.5T magnetic resonance in-
strument. Scanning parameters for routine MRI and DWI
(coronal TIWI, coronal T2WI, and fluid-attenuated inver-
sion recovery (FLAIR)) are listed in Table 1.

2.3. Image Processing. The obtained images under routine
MRI and DWTI were read by two senior radiologists using a
double-blind method. After the image data were sent to the
General Electric workstation, the hematoma or infarction
locations were selected in the original window for image
correction. The apparent diffusion coefficient (ADC) maps
were obtained after processing, and the ADC values of the
lesions of HICH and HCI were measured. With
0.8 x 10> mm? taken as the boundary, there were two in-
tervals of 0.4-0.8 x 10> mm” and 0.8-1.2x 107> mm®.

2.4. Observation Indicators. The general data of the patients
(male to female ratio, average age, average height, average
weight, proportion of high blood pressure, proportion of
diabetes, and proportion of smoking history) were recorded.
The images of patients with HICH and HCI were compared,
and the morphological distribution and the low, high, or
mixed signal characteristics of the lesions were also recor-
ded. The diagnostic accuracy, sensitivity, and specificity of
routine MRI and DWI for HICH and HCI were calculated
with pathological diagnosis results as the gold standards. The
ADC values of patients with HICH and HCI were compared
as well.

2.5. Statistical Methods. The SPSS 19.0 statistical software
was used for data processing. Measurement data were
expressed as mean + standard deviation (+ S), while enu-
meration data were expressed as percentage (%). One-way
analysis of variance was adopted for the pairwise compar-
isons of the indicators of patients between group A and
group B. The difference was statistically significant at
P <0.05.

3. Results

3.1. Comparison of General Data. Figure 1 showed the
comparison of the patients’ general data between the two
groups. The ratio of male to female, the average age, the
average height, the average weight, the proportion of high
blood pressure, the proportion of diabetes, and the pro-
portion of smoking history in group A were all not sig-
nificantly different from those in group B (P > 0.05).

3.2. Imaging of Patients with HICH and HCI. Figure 2 dis-
plays the images of a patient with HICH. There was oxy-
genated hemoglobin in the right lateral ventricle, which had
a slight effect on the MRI signal. TIWI showed a low signal,
T2WI showed a high signal, but the T2WI signal was un-
even. The images of a patient with HCI were presented in
Figure 3. The lesion was shown with an obvious high signal,
together with the strip-shaped high signal shadow inside.
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TaBLE 1: Imaging scan parameters.
Parameters Routine MRI T,WI T,WI FLAIR
Slice thickness 1.5 mm 5mm 1.2mm 1.2mm
Slice spacing 5mm 1.5mm 4mm 4mm
Matrix 256 x 256 256 x 185 256 x 185 256 x 185
Field of view 150 x 220 mm 220 x 220 mm 220 x 220 mm 220 x 220 mm
Time of echo/time of repetition 580 ms/35 ms 660 ms/40 ms 660 ms/40 ms 660 ms/40 ms

40 -

Cases
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m Group A
m Group B

Cases

High blood pressure

m Group A
m Group B
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200 -
150 -
100 -
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FiGure 1: Comparison of the general data of patients in the two groups. (a) The comparison of gender; (b) age, height, and weight
comparison; (c) proportion of high blood pressure, diabetes, and smoking history comparison.

N

> B\ S

(d) (e)

FIGURE 2: Imaging data of a patient with HICH. (a-e): TIWI, T2WI, pressurized-water T2WI, DWI, and FLAIR, respectively.

3.3. Signal Comparison of Lesions. In Figure 4, the signals of
the lesions in patients were compared between the two
groups. The lesions in patients with HICH were dominated
by mixed signals. 40 cases were shown under DWI (72.73%)
and 21 cases were under routine MRI (38.18%); the dif-
ference was considered to be statistically significant
(P <0.05). The lesions in patients with HCI were mainly
shown as high signals, among which 48 cases were shown
under DWI, accounting for 87.27%. 30 cases were shown by

routine MRI, which accounted for 54.55%, and the differ-
ence was also of statistical significance (P <0.05).

3.4. Comparison of ADC Values. The ADC values of the two
groups of patients were compared in Figure 5. There were 12
patients in group A whose ADC value was in the range of
0.4-0.8 x 10> mm?, and 43 patients whose ADC value was
0.8-12x10°mm?2 In group B, the ADC value of
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= MRI
m DWI

= MRI
m DWI

(®)

45

Cases

FiGure 4: Comparison of the signals of the lesions in the two groups of patients. (a—c) showed the comparison of low signal, high signal, and
mixed signal, respectively. *Compared with the corresponding signal under DWT, P < 0.05; *compared with that in group B P <0.05.

Group B

FIGUre 5: Comparison of ADC values between the two groups of
patients. 1 stood for 0.4-0.8x 10>mm? and 2 meant
0.8-1.2 x 107> mm?>. *Compared with the data of group A P <0.05.

0.4-0.8x 10> mm? was found in 43 cases and that of
0.8-1.2x10> mm?® was found in 16 cases. There was a
statistically significant difference in ADC value between
group A and group B (P <0.05).

3.5. Comparison of Imaging Examination Performance.
Figure 6 displays the comparison of the diagnostic accuracy,
sensitivity, and specificity between the two groups as well as
between routine MRI and DWI. For diagnosing HICH by
routine MRI, the accuracy was 73.12%, the sensitivity was
79.66%, and the specificity was 65.37%. The diagnostic ac-
curacy, sensitivity, and specificity of DWI were 96.33%,
92.65%, and 85.15%, respectively. For HCI, the diagnostic
accuracy of routine MRI was 65.81%, the diagnostic sensi-
tivity was 81.45%, and the diagnostic specificity was 70.32%.
The diagnostic accuracy, sensitivity, and specificity of DWI
for HCI were 97.14%, 90.74%, and 82.45%, respectively. The
accuracy, specificity, and sensitivity of DWI for diagnosing
both HICH and HCI were significantly higher than those of
routine MRI, showing statistically significant differences
(P<0.05).

3.6. Comparison of the Lesion Locations in the DWI
Examination. Figure 7 shows the comparison of lesion
locations in the two groups in the DWI examination. In
DWI examination, HICH occurred in the basal ganglia,
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F1GURE 6: Comparison of the diagnostic accuracy, sensitivity, and specificity of the two groups by routine MRI and DWI. (a) Comparison of
the accuracy; (b) the sensitivity; (c) the specificity. *Compared with the data under DWI, P <0.05.
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FiGure 7: Comparison of lesion locations in the DWI examination
between two groups. 1-5 represented the basal ganglia, brainstem,
cerebellum, cerebral cortex, and corpus callosum, respectively.

brain stem, cerebellum, cerebral cortex, and corpus callosum
in 44, 6, 4, 0, and 1 cases, respectively. HCI occurred in those
locations in 5 cases, 3 cases, 35 cases, 12 cases, and 0 cases,
respectively.

4. Discussion

Stroke is a common clinical disorder of cerebral blood
circulation, generally divided into cerebral infarction and
intracerebral hemorrhage. If the diseases occur within
6 hours, it is called the hyperacute phase [20, 21]. Clinically,
the optimal treatment time for stroke is 3-6 hours, in which
the best prognosis can be achieved for patients. However,
because the clinical manifestations of cerebral infarction and
intracerebral hemorrhage are similar, the treatment options

are different. It is necessary to seek an efficient and high-
precision method to distinguish HICH from HCI [22]. The
commonly used clinical examination methods are CT and
MRI techniques, but the diagnostic sensitivity of both CT
and routine MRI is not high. It is prone to missing and
misdiagnosing some cases, which will lead to delay and
aggravation of the patients’ condition [23, 24]. Different
from the traditional MRI technology, DWI can use the pulse
sequence sensitive to the diffusion movement to detect the
diffusion motion state of water molecules in the tissue and
then express it in MRI images. Therefore, 55 patients with
HICH and 55 patients with HCI, admitted to the hospital
from October 2020 to December 2021, were included as the
research objects. The patients with HICH and HCI were in
group A and group B, respectively, and all of them expe-
rienced routine MRI and DWI examinations. First, the
general data of the patients in two groups were compared,
and it was known that the ratio of males to females, the
average age, the average height, the average weight, the
proportion of high blood pressure, the proportion of dia-
betes, and the proportion of smoking history in group A
were not remarkably different from those in group B
(P >0.05). Such a result provided a feasibility for subsequent
analyses, and the results would be reliable [25].

From the images, the oxygenated hemoglobin was ob-
served in the right lateral ventricle of patients with HICH.
The low signal was shown on TIWTI and the high signal on
T2WI, but the signal on T2WI was uneven. The lesion in
HCI patients showed obvious high signal with strip-shaped
high signal shadow insides. It was indicated that the signal
levels of HICH and HCI were different in MRI images



[26, 27]. The quantitative data showed that the lesions in
patients with HICH were dominated by mixed signals (40
cases), while those in patients with HCI were dominated by
high signals (48 cases). These were consistent with what the
above images presented, further confirming that there were
significant differences in the signal of lesions. In terms of
lesion location, 44 HICH cases had their lesion in the basal
ganglia, 6 cases in the brain stem, 4 cases in the cerebellum, 0
cases in the cerebral cortex, and 1 case in the corpus cal-
losum. There were 5, 3, 35, 12, and 0 HCI cases that had
lesions in the basal ganglia, the brain stem, the cerebellum,
the cerebral cortex, and the corpus callosum, respectively.
Thus, it could be concluded that HICH mostly occurred in
the basal ganglia region, while HCI occurred in the cere-
bellum and cerebral cortex mostly, showing the very distinct
difference between the two [28].

In addition, the performances of routine MRI and DWI
were also compared in the detection of HICH and HCI. For
HICH, there were 40 cases of mixed signal under DWI,
accounting for 72.73%; and 21 cases of mixed signal under
MRI, accounting for 38.18%. The difference was statistically
significant (P < 0.05). For HCI, 48 cases were observed with
high signal under DWT (87.27%), 30 cases with high signal
under MRI (54.55%), and the difference was of statistical
significance (P <0.05). These indicated that DWI images
had a significant effect on the clearer and more accurate
display of HICH and HCI, showing a high signal of HCI and
a mixed signal of HICH. DWI had a high reference sig-
nificance for the differential diagnosis of the two diseases.
The diagnostic accuracy, specificity, and sensitivity of DWI
for HICH and HCI were significantly higher than those of
routine MRI, with differences of statistical significance
(P <0.05). This was similar to the findings of Zhao et al. [29],
suggesting that DWI could better show the functional and
physiological changes of water molecules in human tissues.
Therefore, DWI was superior to routine MRI in the de-
tection of both the diseases.

5. Conclusion

The diagnostic value of routine MRI and DWT was discussed
in 55 patients with HICH and 55 patients with HCI. The
lesions in patients with HICH showed mixed signals mainly,
which were mostly in the basal ganglia. The lesions in pa-
tients with HCI were represented by high signals and were
mostly in the cerebellum and cerebral cortex. DWI produced
clearer and more accurate images than routine MRI for the
display of HICH and HCI, showing high-signal character-
istics of HCI and mixed-signal characteristics of HICH. The
diagnostic accuracy, sensitivity, and specificity of DWI were
also higher. However, there were still some unresolved issues
in this research. The sample size of the patients included was
small and the source was single, and there was also a lack of
long-term data on the prognosis of patients. The impact of
the DWT examination on the prognosis of patients was not
discussed. The patient samples would be re-included in the
future for a deeper analysis. In conclusion, the results
provided data reference for the imaging differentiation of
HICH and HCIL.
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Modalities like MRI give information about organs and highlight diseases. Organ information is visualized in intensities. The
segmentation method plays an important role in the identification of the region of interest (ROI). The ROI can be segmented from
the image using clustering, features, and region extraction. Segmentation can be performed in steps; firstly, the region is extracted
from the image. Secondly, feature extraction performed, and better features are selected. They can be shape, texture, or intensity.
Thirdly, clustering segments the shape of tumor, tumor has specified shape, and shape is detected by feature. Clustering consists of
FCM, K-means, FKM, and their hybrid. To support the segmentation, we conducted three studies (region extraction, feature, and
clustering) which are discussed in the first line of this review paper. All these studies are targeting MRI as a modality. MRI
visualization proved to be more accurate for the identification of diseases compared with other modalities. Information of the
modality is compromised due to low pass image. In MRI Images, the tumor intensities are variable in tumor areas as well as in

tumor boundaries.

1. Introduction

Medical imaging provides potential information and an easy
visualization of diseases such as brain tumors to doctors and
biomedical experts. The accurate identification of brain
tumors requires a visualization of the disease area. Superior
quality of visualization is possible on the MRI modality
when the image processing technique or soft computing
technique is used [1]. Tumor segmentation is possible with
different soft clustering techniques and also with traditional
image processing techniques. They help to identify accurate
features for clinical analysis. Hence, segmentation tech-
niques are helpful for the identification of the region of
interest (ROI). The studies [2, 3] revealed that MRI faced
numerous challenges for the identification of diseases.
Segmentation of medical imaging is not straightforward;
it required sequence. Firstly, this was due to the MRI image
being a low pass information image, and therefore more

enhancements were required. Moreover, MRI dataset ex-
periences data complexity issues. For cases of complex
dataset, feature selection was required for the identification
of relevant features for MRI images. Even though the images
were enhanced, the ROI was still compromised due to the
poorly managed intensities [4]. Moreover, although con-
tinuous tumor intensities were easy to detect, in certain
situations, the segmentation process still requires special
mechanisms for favorable results.

2. Related Work

In the comparative study, the literature of various previous
studies was compared in terms of their efficient problem-
solving capabilities. This comparative study s divided into three
sections: (1) enhancement and region extraction, (2) feature
reduction and selection, and (3) segmentation. Other literature
studies have been considered for better segmentation results.


mailto:arifmuhammad36@hotmail.com
https://orcid.org/0000-0002-7449-2701
https://orcid.org/0000-0001-8358-968X
https://orcid.org/0000-0002-8347-8733
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://doi.org/10.1155/2022/1541980

Here, image extraction is helpful as a pre-step in seg-
mentation. Region extraction is also equally important. In a
study, the pre-enhancement step is proposed where spackle
noise is handled as compared to the Otsu algorithm. The
study [3] preprocesses the image and handles the noisy
images with localization. Noise of MRI image is tackled,
region of interest is found out through feature extraction,
and classification of cells is calculated [5]. In another study,
different modalities were reviewed, and it was deduced that
MRI segmentation is more challenging due to the low pass
and high pass [6]. The confidence region is important to
enhance the shape of a tumor with multiple parameters just
like the classification of an image pixel to estimate the region
of interest [7]. An improved Sobel edge detection algorithm,
which draws close contour to extract the accurate region of a
brain tumor, is proposed [3]. In this proposed algorithm, the
bias correction field estimating the inhomogeneous inten-
sities using two multiplicative components has a biased
correction field and the input image. Reference [8] suggests
that, for biomedical applications, software is used to check
the active contour internal energy as well as external energy
using the Marr, gradient vector flow, and vector field
convolution methods [9]. In [10], a multilevel Otsu
threshold enhances the image with determining 41 signifi-
cant intensity points and assigns them threshold; then, using
combination, they are enhanced by the algorithm.

In another study, an image enhancement was performed
with denoising, watershed, and visual analysis of the image
by connected components, and finally the image was eval-
uated [11]. A histogram was used as a formal analysis of the
image, and the intensity of the brain tumor image was
corrected by applying standard deviation.

In the given study, they mentioned the model about
normalized the images, and obtained the information from
the normalized image. The white portion in normalized
image was enhanced and easily visible [12]. The MICCAI
BraTS brain tumor dataset contained many aspects with a
good set of data in comparison to other datasets. This
processed brain tumor dataset then underwent a skull
(cranium) stripping process of the image, where it was re-
moved by the ITK tool kit [13]. Region scale fitting was
enhanced where the edge stop function was improved.
Hence, the region of interest denoises the noisy region [14].
In this study, the FCM was used to enhance the edges of the
brain tumor image [15]. This method smoothly detected the
inner contour versus the outer contour, while examining the
start and end of the contour point. Hence, the background
evolved smoothly from the foreground of the image [16].
There was a need for improvement of the edges of the brain
tumor [17]. Furthermore, another study detected the edges
of the region of interest (ROI) through the Bayesian contour,
which also produced the measurement area and volume of
ROI [11]. In another study, hyperintense lesion was dealt
with through a combination of Gaussian mixture model,
synthetic image, and support vector machine [18]. In [19],
more focus has been made on the multi-contrast scan in
which the variation of tumor stages is presented, 65 algo-
rithms have been tested, and not a single algorithm has
produced any good performance to classify the intensities
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properly. In addition, in another study, the accurate iden-
tification of a brain tumor was performed through the
combination of growing region, segmentation, gray level
cooccurrence matrix (GLCM) feature extraction, and clas-
sification through probabilistic neural network (PNN)
[20, 21].

In [22], the enhanced Darwinian particle swarm opti-
mization was compared with the PSO for the enhancement
of the brain tumor image. The glioma tumor feature de-
tection was classified using the Gaussian mixture model
(GMM) in [23]. The initial learning rate improved the
performance of self-organizing map (SOM) for the gener-
ation of a better dataset classification and results as suggested
by [24]. Hence, the latest technologies have not improved the
confidence region of brain tumor detection.

In the blow mentioned concepts, features like shape,
texture, and intensity played an important role as an in-
termediate process between image enhancement and seg-
mentation. Features were extracted from datasets, complex
dataset values were classified, and hence classification fea-
tures were able to be reduced. Therefore, the study needed
certain feature selection criteria. The features were combined
with other supervised and unsupervised algorithms. A better
segmentation was achieved through the best texture-based
feature by checking the entropy. With the SVM feature
classification, the tumorous and nontumorous images were
identified [25]. In [26], SOM was improved with its weights,
and therefore its capabilities were improved for relevant
feature selection. Furthermore, weighted SOM was im-
proved at this level, and it did not require preprocessing.
Furthermore, a higher classification accuracy feature was
selected in [27]. Additionally, the study [28] contained
accounts about the multiple kernels that selected the relevant
features from the dataset. They were classified by SVM, and
after the classification process, they assigned a label to each
image with accuracy. In [24], there was an important step
that was improved by using the Gaussian function that
resulted in good performance. Another study [23] revealed
that a Gaussian 43 mixture model showed the best feature
accuracy on the heterogeneous tumor region as compared to
the latest technology of PCA and wavelet. In [29], shape-
based features were extracted with major axis, minor axis,
area, circularity, and two-classifier decision tree algorithm,
C4.5. The multilayer perceptron showcased the best classi-
fication accuracy. This kind of study was helpful in the
analysis of image enhancement. At first, the image is seg-
mented through the Berkeley wavelet algorithm. Next, the
texture features were extracted and classified. The image was
classified as tumorous and nontumorous accurately [30].
The major portion of [31] was about the analysis of an image
labeled as tumorous and nontumorous. The first image was
segmented through the execution of morphological opera-
tion, and the next image then underwent a texture feature
extraction. Those extracted features were classified as tu-
morous and nontumorous.

In [31], the method was claimed to have improved the
segmentation the Histogram of Oriented Gradients (HOGs)
feature used to capture the variation of pixel values and these
values are classified through the SVM. In [32], the
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segmentation was performed through the Spiking Pulse-
Coupled Neural Network (SPCNN) with feature extraction
through fast discrete curvelet transformation, reduction
through PCA +LDA (linear discriminant analysis), and
classification through probabilistic neural network. In [33],
the features were extracted through two-dimensional dis-
crete transformation wavelet and reduced through proba-
bilistic principal component analysis, and the image was
classified using AdaBoost algorithm. In [34], the classifier
was improved where SWT was combined with PCA for
dimension reduction, with four classifiers on SVM im-
proved. In this referenced study, shape, texture, and in-
tensity-based features were extracted, reduced, and
classified. For feature reduction, principal component
analysis was used. As the images hold high dimensionality,
they will expand the computation time and the storage
capacity. And they are classified as 2D extracted feature,
whereas 3D extraction results in time consumption of 44
features [35]. In [36], multi-contrast images were analyzed
through unsupervised algorithm, where efficient brain tu-
mor structure was achieved [36]. In [37], numerous re-
searchers cited here selected the optimal features with a
combination of binary particle swarm optimization with
mutation time variations. Additionally, in another study, the
HOG feature-based classifier was suggested to detect brain
tumor images [20]. Another study [38] revealed an updated
self-organizing map, an improvement to SOM, which
provided better feature classification as compared to the-
state-of-the-art SOM. In [39], the nuclei-based neural net-
work classified the tumor with the help of the proposed
features. In [40], improved classification was proposed from
the selected feature, and it was found to be helpful in the
segmentation of brain tumor. Moreover, textural features
were helpful for the detection of tumor types such as ma-
lignant or benign [41]. However, the review of the referenced
studies showed that not a single study was able to select the
best deterministic feature for segmentation.

Notably, segmentation is found to be a significant
process for the exclusion of the tumor region in brain MRI.
For segmentation, the detection of tumor-like feature is
crucial, but the task is difficult especially when the intention
is to detect a tumor automatically. The segmentation of
medical images can be viewed by different methods. Surveys
have been conducted to check both techniques of image
processing under the umbrella of segmentation and different
modalities of medical imaging [42]. Medical imaging is used
for the analysis of image segmentation of the related 45
regions being analyzed, and it is based on different appli-
cation techniques such as region-based, classification, or
hybrid methods [43]. The segmentation can be also achieved
through good statistical calculation, computational appli-
cation on the dataset, and confusion matrix with its deri-
vations [44]. It has been acknowledged that there is a
conventional technique of segmentation which removes
noise over boundaries of an MR image using filters [45].
Automatic segmentation becomes challenging if there are a
variety of tumor tissues in the image [46]. Furthermore, in
[47], an image was segmented through two phases. The first
phase was to limit the image by using a histogram. The

second phase involved the extraction of the tumor where an
automatic seed was automatically adjusted. Hence, pixel-
based segmentation was obtained [47]. In addition to these
studies, image registration was a faster technique for seg-
mentation as compared to active contour. In addition, with
the cranium removal (skull stripped) image, the registration
performance increases. The study [48] determined the
complete enhancement of the tumor shape from a longi-
tudinal analysis of the image. Moreover, this technique
provided favorable results because of random regularization
of image energy method applied. Therefore, extreme vari-
ation of intensities was easily managed [49]. In [50], a hy-
perintense MRI image FLAIR was used, and a small lesion
was measured for clinical application. The small lesion was
significant for the visualization of a small lesion of heter-
ogonous shape of tumor. Based on [18], the heterogonous
issue lies in the T2 weighted image, with the same intensity, a
small lesion was also determined with the Gaussian mix
model. This detection method identified the intensity out-
side the mean. In [51], three contributions were achieved; for
one axial image, the brain’s left and right parts were analyzed
through unsupervised learning.

The second contribution was to enable the independent
intensity normalization of an image, and the third was the
segmentation of the brain tumor image through CNN.
Multi-cascaded convolution neural network (MCCNN) with
the combination of coarse fine-grain segmentation method
produced a good segmentation, but these 46 segmentations
were more enhanced with the connected conditional ran-
dom field (CRF) [52]. In [53], the tumor was segmented
using CNN and local as well as global features. With the
reduction of the parameters, the issue of overfitting was also
managed. The study was chosen to fine-tune the contour for
registration. It enabled the descriptor extraction of an image
block. Thus, adaptive matching was obtained. This process
was a fully automatic process for the segmentation of brain
tumors [54].

Another study explicated a two-phase process; in phase
one, random forest algorithm generated a classified seg-
mentation which was combined with the level set for de-
lineation of the tumor boundaries [55]. This referenced
method was good for the enhancement of the region of in-
terest. It reduced the noise of signal-to-noise ratio. Firstly, the
GLCM along with DWT was applied for denoising process.
Then, a probabilistic neural network was used to identify the
patch. After that, the segmentation analysis was made through
classification [21]. The contrast resulting from the combi-
nation of criterion, fuzzy C-means and spatial technique
produced an impactful segmentation. With this combination,
the segmentation was addressed, and the outliner issue was
also resolved [56]. In [1], the SOM performed initial clus-
tering, which included the FKM and memberships at an
average and soft computing techniques apart from artificial
intelligence, which have been combined for new biomedical
applications in present day. The soft computing techniques
were then compared with their state-of-the-art techniques for
performance measurement perspective.

Unsupervised learning plays an importantrole. According
to [57], an unsupervised multi-objective algorithm was



proposed. The target pixels were extracted in clusters. With the
mentioned step, the region of interest (ROI) was segmented.
According to [36], one unsupervised algorithm was applied
for identification of contrast intensities. In comparison with
the contrast, a deep learning neural network approach was
proposed to segment region of interest (ROI); this practice of
research was done for the purpose of automation, and the
segmentation speed of the proposed algorithm was good for a
number of brain tumor images. Manual practice was
discouraged.

Different state-of-the-art literature exists; for example,
[29] segments the tumor using deep learning neural net-
work. U-Net is a deep learning model. This network was
used for automation purpose. This automatic algorithm is
compared with other state-of-the-art techniques. In another
study [58], the 3D feature of images is taken as input, and
then the input image is segmented through deep learning
CNN. In another study, CNN 4.55 is combined with opti-
mized parameters; CNN 4.55 is good for classification of the
MRI feature; for more optimization, t-test is used for
identification of the accurate classification parameter in
disease image [58].

In [59], the K-means cluster is combined with mor-
phological operation. The result of the combination of both
techniques is segmentation of region of interest (inner in-
formation of tumor). In [60], a segmentation technique was
suggested with combination of KFC and HCSD. KFCM
segments the tumor pixel; this technique also gives the
details of nontumorous pixels; however, HCSD segments the
tumor pixel cluster. In another study, the tumorous pixels
are extracted and then detected for accurate identification of
accurate class of tumor cells in MRI images [61]. Twenty (20)
matrices are evaluated to measure the accurate performance
of the algorithm, fuzzy cluster values are compared with
ground truth reality image, and then 20 parameters help to
evaluate the results [62].

In line with the above study, three types of techniques,
namely, hybrid-based technique, learning-based technique,
and atlas-based technique, were used for the segmentation of
tumor pixels, with the evaluation metrics being Dice and
Jaccard [63]. In other research, the PSO and EDPSO are
compared across 48 instances, and the results are verified for
both classification and segmentation [22]. In another study,
an unsupervised learning algorithm was proposed. The
reason for the design of this algorithm was multiobjective.

In [64], both K-means and SOM are combined where
SOM identifies the scattered pixel and K-means identifies
hard clustering values of pixels. In [52], the multi-cascaded
neural network offers portion segmentation. The multi-
cascaded neural network with random forest was proposed,
and this hybrid approach is compared with the random forest.

According to [53], the neural network is trained for
segmentation using local and global feature. The results are
improved with CNN parameter named as max pooling. In
another study, contour was drawn around the boundaries of
tumor for identification of tumor region [54]. In [56], a local
based FCM algorithm (LCFCM_S) identifies the region with
robust outlier. In another study, two phases are included for
segmentation; in the first phase, voxel based classifier along
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with random forest is used, and in the second phase, active
contours are identified using level set method (LSM) [55]. In
addition, [65] reviewed the segmentation methods over MRI
images.

In [66], the effective segmentation is performed through a
series of steps. K-means cluster and FCM clusters are com-
bined, the resultant cluster is further combined with mor-
phological operation, and morphological operation is
performed for thresholding of tumor pixels. In [42], different
modalities like MRI and CT scan are discussed; these mo-
dalities can be further segmented and classified. In [1], tra-
ditional image processing is compared with soft computing.
In [67], the segmentation of image is performed through
K-means and analyzed through HOG feature along with SVM
classifier for detection of brain image. An image was seg-
mented by K-means segmentation with preprocessing of
brain MRIL.

In another study, the brain tumor image is segmented
through combination of modified FCM (MFCM) and
Bacteria Foraging Optimization (BFO) [68]. In [4], FKM is
combined with SOM for identification of tumor boundaries,
with the performance evaluation performed utilizing com-
parison parameters such as Dice overlap index (DOI),
Jaccard index (JI), sensitivity, specificity, peak signal-to-
noise ratio (PSNR), mean squared error (MSE), and com-
putational time in addition to the memory needs for pro-
cessing the magnetic resonance (MR) brain images. DOI and
JI gave the voxel similarity, whereas the MSE and PSNR
indicated the quality of image with numeric value. In this
study, automatic detection of the tumor region in MR brain
images was achieved and possessed a positive effect in
assisting radio surgeons in identifying the precise topo-
graphical location of tumor region. In a study by Rahim et al.
[69], local features were extracted for region detection, and
eigenvectors were used for segmentation. Furthermore, in
[70], a review was conducted on soft clustering, tradition
image processing, and artificial neural network (ANN). In
[71], it was revealed that automatic pathological analysis
possessed greater value than manual image analysis, espe-
cially when the focus was on accuracy or time. In another
study, a review was conducted to check the segmentation and
evaluation methods for identification of disease [72]. In [63],
for dedicated kind of method for MRI, segmentation of brain
tumor (glioma) was suggested in a survey. In another study, a
specific general classification-based segmentation was sug-
gested with evaluation parameters like Dice and Jaccard.

In [73], segmentation is performed through deep learning
on glioma images, and analysis of tumor is done through
classification of glioma images as compared to normal cell
images. In [74], a tumor is segmented through localization,
then thresholding is performed, and at last statistical evalu-
ation is performed. In [75], a study was conducted with a
combination of SCM and modified SVM and modified FCM
which provided a better segmentation of the brain tumor.

In another study, FLAIR sequence of MRI is segmented
through the CNN technique. Another technique named as
Simultaneous Truth Estimation (STAPLE) is used to gen-
erate the ground truth images. In [58], a cascade of 2.5D
CNN was proposed for segmentation with classes of
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FIGURE 1: Process of medical image segmentation.

intensities of the brain tumor. In [76], very special deep
learning technique, which assigns label to the global tumor
images as compared to the detailed tumor image, was
proposed. In [77], K-means is combined with CNN; in
parallel for segmentation, the accuracy with unsupervised
learning is more accurate as compared to supervised
learning and CNN. In [78-84], segmentation methods are
compared with deep learning. Hence, it is emphasized that
not a single study among the referenced ones was capable of
solving the issues of variation of intensities, extreme in-
tensities, and features clustering.

In another study, efficient segmentation is performed
with the combination of SOFM and FKM.

In studies like [85-91], segmentation and classification
play an important role for identification of disease in medical
imaging.

Figure 1showsthedesign oftheresearch process; thisfigure
isakind of pre-map of thereviewwork. Furthermore, datasetsof
medicalimagesareacquired. Then, thoseimagesareinputtothe
preprocessing phase. In this phase, tumor region is extracted
using the mentioned traditional image processing techniques.
Furthermore, thehigher-dimensionalfeaturesofthebigdataset
images are reduced to small set. From small set, a set of specific
features was selected through the mentioned techniques in
Figure 1. The images of the big datasets are segmented through
the preferred clustering techniques. All of the three phases are
combined at the level of hybrid segmentation.

3. Dataset and Processing

Dataset and processing include the details of modalities like
magnetic resonance imaging (MR). Modality information
can be published or unpublished. It includes the details of
MRI and MRI based dataset. The discussion can be seen in
Section 3.1 and Section 3.2.

3.1. Magnetic Resonance Imaging (MRI). Out of the different
kinds of image modalities in existence, three modalities have
been identified as being frequently used: the application of
X-ray, computed tomography (CT), and magnetic resonance
imaging (MRI). Notably, the MRI can be easily distinguished
from the other two modalities. CT scan is more similar to
MRI as both are able to view the internal structure of the
physique. However, unlike MRI which utilizes a powerful
magnet and radio waves to function, the CT scan employs a
sophisticated X-ray system to capture a 360-degree image of
the targeted internal body area and organs. The targeted
human organ is exposed to the X-rays. During the process of
CT scan, a person must be laid down on a sliding table, and
the machine rotates for capturing cross-sectional images of
the body. Meanwhile, X-rays utilize electromagnetic waves
with a wavelength of approximately 0.01 to 10 nanometers.
Pretibial / edema (PTE) indicates signs of abnormal level of
fluid in the human body. All the three mentioned image



modalities (X-ray, CT, and MRI) are medical imaging tests
used in medical image processing. In medical imaging
science, MRI is superior in many instances in comparison to
X-rays and CT scan [92].

The main purpose of medical imaging is to process
internal organ visualization. It is used to diagnose ailments.
It is a must to possess prior knowledge regarding the
chemistry of the human body before capturing images. A
human body consists of matters termed as atoms. An atom
consists of three elements: an electron, nucleus, and proton,
where electrons revolve around the nuclei. Modalities give a
powerfully aligned margin around the nuclei within the
body.

The variable magnetic field inside the body that causes
the atoms to resonate is called the nuclear magnetic reso-
nance (NMR). The nuclei produce a strong magnetic field.
The scanner detects the magnetic field and produces an
image [42]. The MRI employs the same physical effect as the
nuclear magnetic resonance (NMR).

The human body normally consists of water (H,0),
composed of 2 hydrogen atoms (H,) and one oxygen atom.
The hydrogen nuclei (protons) will align with the magnetic
field of 0.2 to 3 tesla. The scanner produces a strong magnetic
field that creates varying magnetic fields, and because
protons are part of atoms, they will absorb varying energy
from the variable field created by the scanner. They flip their
spins when the field is turned off and gradually return to the
normal spin which is called precession. The return of energy
will produce a radio frequency that is measured by the
receiver in a scanner, and this will create an image. The
protons in the different parts of the body will return to their
normal spin at different rates, and this enables the scanner to
distinguish different tissues, assisted by the setting of the
scanner which produces a contrast that enables this dif-
ferentiation of the tissues. MRI is used for testing healthy
and also abnormal cells and tissues with the use of micro-
waves that are spread over the internal organs of the human
body to obtain an image of the targeted organ as shown in
Figure 2.

In Figure 2, an MRI machine is presented with its
components such as magnets that produce magnetic fields in
the body, and the scanner will create the image. MRI pro-
vides magnetic field and X-rays such as radio frequency (RF)
pulses; it is not recommended during radiation for the first
diagnosis. For safety measures, the doctor goes through an
MRI magnet. MRI uses an implanted magnet that heats up
the field. Therefore, before the patient is examined, it is
important to check and evaluate the implanted magnet
properly and the patient’s risk factors, for safety measures.

When a continuous magnetic ray is directed onto the
patient, the ray penetrates through, and this sensation is felt
by the patient. In addition, the flipping of a magnet used in
MRI procedure produces a certain sound/beep noise; thus,
for protection, it is necessary to insulate the room. The
radiofrequency rays are transmitted by the scanner, and the
body absorbs those radiations, thereby limiting the rays of
the scanner. The future of the MRI with the advancement of
science magnet flip has been modified, and now more
magnets can be used. The enhancement of organ imaging
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with quantitative technique has enabled an image of the
brain up to 1 mm be obtained. This permits doctors to
perform analyses on brains.

Molecules tend to diffuse in a parallel manner along the
fibers. A technique known as Digital Tensor Imaging (DTI)
measures the parallel diffusion. Functional magnetic reso-
nance imaging (fMRI) is a kind of MRI that checks the
functional activity in the brain and measures the flow of
blood toward other parts of the body. The fMRI basically
measures the blood oxygen level depending on the contrast
because the neurons of the body are active and contain more
oxygen levels and vice versa. Most researchers employ the
fMRI with DTT for examination and evaluation purposes.
Nevertheless, for this current case study, the researchers
ascertained that the MRI is adequate as the MRI quality of
image is acknowledged to have undergone improvements.
This current research study has identified the MRI as having
sufficient accuracy to detect brain tumors, which is the focus
of this study.

The brain tumor detection was realized through the
modality of the MRI; an abnormal mass or cell collection in a
particular part of the body is called a tumor. When this
process is found in the brain, it is termed as a brain tumor.
Furthermore, any tumor can be either benign (noncan-
cerous) or malignant (cancerous). Both types have the po-
tential to grow inside the brain, and their growth
subsequently creates pressure within the brain, which is life
threating. Brain tumors are classified into two main classes,
primary and secondary. When tumors reside in the brain,
they are termed as primary benign. When they spread to
other parts such as the lungs and chest, they are termed as
secondary tumors in which metastasis is formed, and this
leads to the spread of the tumor. The risk factors of brain
tumor are dependent upon age, race, family history, and
race. The symptoms of brain tumors are vomiting, headache,
confusion, and weakness.

Generally, doctors initiate their examination by checking
the condition of the brain through the MRI. If a tumor is
found, the doctor will then set out on further examination to
determine whether the tumor is benign or malignant.

The MRI measures the size of the tumor in the brain after
detailed imaging of the brain is executed. Before the imaging,
a patient is given an injection into the vein which works as a
tracer. The tracer helps to highlight the region of interest
(ROI), which is ensued by detail MRI to detect a tumor.
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T1 and T2 are important relaxation time factors as they
can separate the tissues. The time constant for the z-axis plan
is termed as the T1 parameter, whereas the time constant for
the xy-axis plan is termed as the T2 parameter. T1 is greater
than T2 element in the biological factor. T1 relaxation time
difference produces a T1 weighted image, whereas the T2
relaxation time difference produces a T2 image. To deter-
mine the protons in every tissue, the sum of the protons in
each tissue is taken per unit and is termed as proton density
(PD) image.

During MRI, six items are employed with six components,
and they are (1) coil, (2) shim coil, (3) radio frequency coil, (4)
receiver coil, (5) gradient coil, and (6) computer. The CT scan
and X-ay are both one-dimensional planes, whereas the MRI
consists of three-dimensional planes. One of the dimensional
planes consists of the axial plane, with the orientation of the
image direction is from the head to feet. The next dimensional
plane is the sagittal plane, with the orientation of the image
plane from the back to the front of the human body. The third
and final dimensional plane is the coronal I plane, with the
orientation of the image plane from leftarm to right arm. All of
the images from the dimensional planes mentioned can be
used for medical analysis of the internal body that enables
doctors to perform clinical analysis. MRI does not perform
ionization radiation. With short T relaxation time, fat signal
typically appears bright in most significant clinical imaging
sequences and can conceal the latent pathology such as edema,
inflammation, or enhancing tumors. The visualization of the
interior representation of a human body is akin to the internal
tissues; it can be seen in Figure 2.

One of the disadvantages of the MRI images is the
production of a noisy image. Occasionally, the image fea-
tures are overlapped. In instances when a disease is dis-
covered through the analysis of an image, the presence of
overlapping features will pose problems to the clarity of the
case. Furthermore, the MRI is considered as very expensive
in comparison to modalities such as the X-ray. The aspect
ratio of original image is 4 : 3. The most important benefit of
MRI is its 3-dimensional image details.

The standard means of producing the information of the
brain is using the brain imaging technique that presents the
image of the brain in digital or MRI film format. There are
many applied benefits of these images, for example, in
clinical purposes such as diagnosis systems or forensic
purposes such as human identification systems.

3.2. MRI Dataset. The MRI dataset can be found in both
published and unpublished datasets. The published dataset is
accessible online, whereas the unpublished ones need to be
made available. Previously available published dataset is the
Harvard brain tumor repository (such as https://www.med.
harvard.edu/AANLIB/home.html). The main disadvantage
of using this dataset images is the availability of skull
(cranium) images. Presently available dataset is the MICCAI
BraTS$ brain tumor dataset which consists of images of the
brain with the exclusion of the skull (cranium) in the images
[13]. Ground truth images are also available in the dataset.
Scientists worldwide will enhance the dataset annually [19].

FIGURE 3: Image of T1 (BraTS17_13_2_1).

Q&.

FIGURE 4: Image of FLAIR (BraTS17_13_2_1).

FIGURE 5: Image of T2 (BraTS17_13_2_1).

FIGURE 6: Image of TICE (BraTS17_13_2_1).

In Figures 3-6, four sequences of images are provided. They
are termed as T1, FLAIR, T2, and TICE. They indicate
intensity-wise information in the dataset. They are also la-
beled based on their intensities. T1 provides the details of
enhancing tumor core, while T2 and FLAIR provides the
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FIGURE 7: Soft computing and image segmentation approaches.

details of edema, and T1CE provides the details of en-
hancement as well as the complete shape of the tumor.

4. Approach

The segmentation and analysis of the brain tumor images
with high accuracy using MRI are enabled through two
methods, which are image processing and soft computing
[94].

Image processing penetrates deep inside the tumor and is
based on image information, whereas soft computing analyzes
the image intelligently. With soft computing, the number of
brain tumor image can provide the features of the image.
Figure 7 illustrates seven types of segmentations which are
contour-based, region-based, multi-resolution-based, machine
learning-based, and hybrid soft computing-based segmenta-
tions. Contour involves curve analysis of the shape. Region-
based segmentation explores the information inside the edges.
Statistical-based segmentation is used for investigation pur-
poses and is divided into two groups; they are the clustering and
the predictive modeling. Multi-resolution-based segmentation
creates the objects through the employment of an iterative
algorithm. Meanwhile, the machine learning techniques are
used to divide the information of the image. However, different
from the traditional techniques, soft computing employs the
clustering techniques which provide information of the image;
the techniques are combined in hybrid.

5. Image Enhancement

The term image enhancement refers to the improvement of the
image appearance or to the improvement of the contrast and
visibility of features of concern. In addition, image en-
hancement is the development of digital images to produce
suitable results for analysis or demonstration; clustering gives
particular information. These techniques perform the analyses

of images. The enhancement of a medical image is important
as it helps radiologists or surgeons to identify the abnor-
malities in human organs. The main medical image en-
hancement categories include the spatial domain methods and
frequency domain methods.

Image enhancement provides brightness to an image by
making changes in pixel values or by transformation of pixel
values, and this has been accomplished with equations and
formula. As Fourier transformation (FT) is also an example
of image enhancement, the values of the pixel will be
changed.

f—9 (1)
S=TI(r). (2)

Equation (1) shows a one-to-one function, where T'is the
transformation of domain f to domain g with pixel, and the
transformation pixels’ intensity can be within the range
[0-2k™']. In (2), T is the transformation of r intensities.
These intensities are formed with the mapping function. S is
the variable in which the intensity values will be stored.
Other transformations can enhance the image. Furthermore,
T transformation has been used by logarithmic transfor-
mation, power transformation, and piece-wise linear image
transformation and for intensity transformation of image
[95].It can be seen in Figure 8 where one T1 image is input,
and Figure 9 is the enhanced image.

6. Segmentation

In image processing, an image is an input, and after pro-
cessing, the processed image is returned. The output is an
image with attributes. The segmentation is carried out by
subdividing an image into its parts or objects. This process of
subdivision will be carried out till the problem is solved. Two
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F1Gcure 8: Input T1 sequence image.
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FIGURE 9: Image enhancement of Figure 8.

properties of segmentation exist. These are continuous and
discontinuous segmentation.

Segmentation can be seen by means of image processing
and by soft computing. By using image processing, the
intensity of detecting features is enabled by using line, edge,
and point. The intensity of an image is also addressed
through the soft computing methods. Some methods are
represented in Table 1.

The segmentation methods are used for detecting fea-
tures based on sharp local intensities and the type of feature
that they can isolate such as edges, isolated lines, and isolated
point edges which are found over the pixels where the in-
tensity changes abruptly so as to reveal the connected edges
of a pixel. An edge detector can be used to locate and identify
an object. The line may be viewed as an edge segment in
which the intensity of the background of either side is higher
or lighter than the intensity of the line pixel. Points are line,
and one point in width or height will be single pixel [95]. In
the following paragraph, segmentation methods are dis-
cussed clearly by means of image processing and soft
computing.

The study [97] indicated the cluster techniques K-means
and fuzzy C-means (FCM) which were combined for tumor
segmentation. The K-means functions rapidly, whereas FCM
performs accurate segmentation of a brain tumor. Thus, the
functions of these two techniques were combined to produce
the K-means integrated with fuzzy C-means (KIFCM) ap-
proach, which was proposed for segmentation. Another
study [74] of automatic segmentation of tumor from T2 is
performed with statistical operation. This statistical-based
segmentation enhanced the low intensities of an image. In
addition, in a study [98] on a brain tumor detection method,
the method involved the combination of steps such as
preprocessing, segmentation through neural network, and

image analysis that was performed though Gabor filter and
Bayesian neural network classifier. In addition to the
aforementioned studies, another study [2] revealed that the
MRI was the widely preferred and used method of medical
imaging. In this study, the statistical evaluation consists of
the mean, median, mode, variance, and standard deviation.
The mathematical / formulation was also discussed, where it
facilitated the identification of the statistical features of an
MRI image and aided the segmentation. In [99], the
supervoxel (volume elements) was over-segmented. Con-
gruent with this, the supervoxel of an image was compared
to the supervoxel of the atlas (for multi-atlas segmentation of
brain MR images). Accordingly, from the MRI supervoxel
images, labels were transferred to the atlas. In another study
[100], the automated localization of a brain tumor in the
MRI that employed potential cluster was compared to the
K-means clustering algorithm. The research suggested that
future work could address the calculation of the appropriate
number of N clusters to locate one or more tumors. This
depends mainly on the relative total intensity of the tumor
regions with respect to the total intensity of the image.

6.1. Segmentation Performance. The performance of animage
processing algorithm is improved with segmentation. In the
majority of studies, the image processing technique is com-
bined with segmentation such as edge detection and is coupled
with intensity thresholding. Image segmentation based on
morphology is a good technique to be used for brain tumor
identification. The segmentation techniques work with dif-
ferent types of image processing such as histogram equal-
ization, filters, region of interest, classification, morphological
operation, dominant gray level run length, feature selection,
feature extraction, region growing, K-means clustering, ex-
pectation maximum, and fuzzy logic [41].

6.2. Threshold. Threshold is about mapping the intensity
value of the corresponding pixel value. If TR is applied to
pixels in the neighborhood yield and the (x, y) value of
output, then g is equal to the neighbor with an origin at (x,
y). Thus, segmentation directly focuses on the characteristics
of an image such as region-based intensity and property.

6.2.1. Threshold and Its Types. For the identification of in-
tensity, consider a histogram T1. The histogram corresponds
to the image in such a way that the background light and
object pixels have intensity values that are grouped into two
dominant modes. For global thresholding, T'is constant over
the image. For variable thresholding, T1 changes the image
completely. It is also known that variable thresholding is also
termed as local thresholding, where T1 at any point of the (x,
y) can depend on the neighbor’s mean of average. If Tl
depends on the spatial coordinate of (x, y) in the variable
thresholding, the term will be referred to as adaptive
thresholding or dynamic thresholding. If the threshold
problem involves certain histogram and the histogram has
three threshold classes, one of the classes is for the
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TABLE 1: Segmentation techniques.

Sr. .

References Techniques
no.
1 [96] Histogram, fuzzy c-means, and K-means
Thresholding, region growing, clustering, classifiers, Bayesian approach, deformable methods, atlas guided approach,

2 [42] ’
edge-based methods, and compression-based method

3 [43] Thresholding, histogram, region of interest (ROI), clustering techniques, classification techniques, expectation

maximization, and graph cut
4 [45] Image texturing and range filters
5 [46] Dominant gray level run length

background and two of the classes are for the objects; such
classification is known as multi-thresholding classification.

6.2.2. Region-Based Segmentation. The objective of seg-
mentation is to partition an image into regions. The problem
of finding boundaries of a region based on discontinuities is
that the threshold is accomplished based on pixel distri-
bution property, such as intensity via color. However,
through advancements made in the field, segmentation of
tumor region can be found directly [101].

A method known as region growing can assist in the
identification of the seed based on the similarities of the
neighboring pixels and on the predefined seeds. Seed se-
lection is based on particular criteria. If there are no criteria
available, then the study will compute each node and the
same property of seed will be processed for region growing.
The formation of clusters posits such a seed nearest to the
centroid. There is a need for some descriptor based on
certain color intensities or texture, or useful information.
The descriptor will look for similar colors only, but not for
their connectivity. Hence, the possibility for region growing
is misleading.

Region growing will stop if no pixel satisfies the growth
rate or due to the similarity of colors or texture. Therefore,
considering the historical account of the pixel, it checks the
likeness among the candidate pixels. Such a description is
partially available [101].

6.2.3. Histogram. In a histogram, an image in which the
intensity levels are separately identified is generated. These
intensity levels are derived from different ranges of pixel
values. The complete ranges of intensities are available in the
histogram. These intensities consist of a dynamic range which
helpsto increase the contrast of the gray scale level. Histogram
equalization is the transformation of discrete distributive
intensities into discrete distributive intensities. To normalize
ahistogram, each ofits values is divided by the total number of
pixels in an image. In histogram equalization, each value of
the histogram is modified or the contrast of every value is
calculated. It produces a linear trend to the cumulative dis-
tributive function (CDF) which is associated with the image.
The processing of CDF relies on histogram equalization.
Linear CDF results in a uniform histogram [102].

6.2.4. Dominant Gray Level. This technique is mainly used
for feature extraction. The dominant gray level run length

matrix (DGLRLM) is based on the calculation or it is the
computation of the gray level found in different channels or
lengths. Different gray level run length or the different
consequences of gray level run are applied in this study. Run
length is used for segmentation; this technique is based on
the gray level run, which is defined as a collinear that is
connected to a set of pixels, all possessing the same gray level.
The length of the run is the number of pixel points in every
run or iteration [101].

6.2.5. Range Filter. In the local subrange filter, statistical
subrange of different intensities within the window was
used. The range distance is the statistical measure of the
sample variation. The edge is a discontinuity in mean in-
tensity. If the variation in the local range is small, minor
computation is needed. The local range distance is con-
sidered large if a region has large discontinuities at the
intensity level. Hence, range filter detects the intensity values
among the edges within the window. The output range may
be max or min, where the range values are multiplied by a
certain constant to affect a clear picture of edges. Local range
filter needs less amount of time for execution because it has a
small input as a range filter for segmentation through
creating structure element for extraction of neighbor range
value [47].

6.2.6. Morphological Operation. The above-mentioned
study was developed for binary images and later extended to
the gray scale function and images. The fundamental
morphological operations are erosion, dilation, opening, and
closing. These operations are helpful to remove the cranium
from the brain tumor image. They are very strong features of
image processing. With these, the images’ pixels can be
added to or removed from the MRI image [101].

6.3. Feature Extraction. Feature extraction extracts the
cluster that indicated the predicted tumor at the output. The
extracted cluster is introduced to the threshold process. It
may be the binary mask over the complete image. It makes
the dark pixel darker and the white one whiter or brighter. In
the threshold coding, each transformation coefficient is
compared with threshold T2. If the value is less than that, it is
compared with other thresholds and assigned zero. How-
ever, if it is more than threshold T, then it will be considered
as effective.
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The difference between feature selection and feature
extraction is that for feature selection, the feature is of the
subset of the original feature set. Meanwhile, in feature
extraction, a new feature subset is built from the original
one.

6.3.1. Feature Selection. Feature selection is a process that
selects a subset of features relevant to the application. With
the help of feature selection, it enables the search for a subset
of features in this study.

The criterion of selection is the extent of classification
accuracy, based on the optimization subset of the feature
chosen. This is performed for reduction of the data di-
mensions and computation time and an increase in the
classification accuracy. The selection of a subset feature from
the total number of features is based on the optimization
criteria [43].

6.4. Feature Classification. A feature classification is con-
sidered as an important step in the medical imaging process
for the identification of a brain tumor. There are various
classifiers available. Based on the curtained phenomena, the
extracted feature labels are evaluated. The K-means helps the
accuracy of the feature classification. With the following
studies, a critical discussion on feature classification will
assist in the analysis for the best feature classification and
their combination.

The ensuing discussion will be very helpful for the de-
tection of brain tumor images. To detect brain tumors with
MR, it is important to achieve feature classification accu-
racy. Thus, if the accuracy has been achieved completely,
then the accuracy from all of the three planes, namely, the z-
axis termed as axial images of MRI, the y-axis image termed
as the coronal plane, and the x-axis termed as the sagittal, is
ensured.

In the prior discussion, classification and novel hybrid
classifier were discussed for the detection of normal and
abnormal brain incidences. In the majority of the studies,
100 per cent of classification accuracy is achieved after
performing the experiments. In [103], a series of steps over
image such as the wavelet transformation were performed.
At different levels, features were then reduced by using
principal component analysis (PCA) which is a dimen-
sionality-reduction method for feature extraction. Finally,
the backpropagation neural network (BP-NN) was
employed, and it has been revealed that the accuracy over the
axial z-axis images was more than 90 per cent. Henceforth,
the modern classification and combinations of brain MRI
images were invented. According to Zhang, [104], the
proposed “weighted” type Fourier transformation (WFRFT)
+ principal component analysis (PCA) + generalize eigen-
value proximal SVM (GEPSVM), WERFT + PCA_twin SVM
(TSVM), indicated better results.

In addition, further advancements in the field brought
forth the successful invention used for automatic abnormal
brain detection that employed improved classifiers with the
combination of quantum behaved particle swarm optimi-
zation (QPSO), kernel support vector machine (KSVM), and
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TasLE 2: Combination of classification technique and classification
accuracy.

Sr. Referenced Techniques
no. studies !
1 [103] DWT, SWT
Artificial B colony algorithm DWT
) [105] PCA K-fold stratified cross validation
FNN classifier

SCAB

3 [107] Fourier transformation, DWT, BNN
DWT, PCA, SVM

4 [110] Kernel-SVM (KSVM)

K-fold technique

wavelet energy, obtaining the best results comparatively.
Secondly, the wavelet energy feature was the best for ab-
normal brain detection through CAD (Computer Aided
Diagnose) [105, 106]. After the application of a 5-fold cross
validation technique, the KSVM PSO was applied over the
trained data; optimal KSVM revealed the state of t normal or
abnormal brain. Thus, this technique was applied to 90
images, with a 97.7 per cent accuracy, which is a higher
accuracy in comparison to backpropagation neural network
(BP-NN) (86.22%) and RBE-NN (91.33%) [107, 108]. In
another study, for the automatic classification of brain MR
images into normal or abnormal, the wavelet, SVM, and
BBO were used. The results of this study showed compar-
atively better accuracy, 97.78 per cent, than that of other
studies using the biogeography-based optimization.

KSVM (BBO-KSVM) technique [105] is a combination
of biogeography-based optimization and particle swarm
optimization, and it is used to train the FNN. In [107], the
stationary wavelet transformation (SWT) produced better
results. The classification results were 98.5 per cent with a
combination of adaptive comparative particle swarm opti-
mization (ADCPSO) and fuzzy neural network (FNN) de-
rived from over 160 images from the Harvard site, and
neural network has been applied [107]. Scalable Chaotic
Artificial Bee Colony algorithm classifies normal and ab-
normal brains of T1 weight images with an accuracy of 100
per cent [109]. In [110], automatic detection of tumorous
and nontumorous images was performed with 99 per cent
accuracy through the combination of DWT, PCA, and LS
classifier. An automated and intelligent medical decision
support system is in use for brain MRI scan classification.
Hence, the optimal classifier combination demonstrated a
higher classification accuracy of MRI brain tumor images for
identification. In Table 2, a combination of feature extrac-
tion, reduction, selection, and classification is given. From
the abovementioned details, their classification accuracy can
be observed.

6.4.1. Overlap Accuracy (OA). Overlap accuracy is deter-
mined by the statistical measure where the closeness of an
image or object is measured. The overlap accuracy calculates
the extent of the overlap of the white portion and how much
overlap of the white portion occurs among two images of
black and white. One image is a ground truth reality image,
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and another image is a segmented image. It is determined
that images have complete overlap when the segmented
image perfectly matches the ground truth reality image.
With black and white input images where foreground is
white and background is black, the conditions are as follows:
If the segmented foreground white pixels overlap with the
ground truth of the foreground, the image will then be
considered as true positive, and the pixels will be labeled as
foreground and indicate the tumor portion. In another case,
the background portion will show up as black pixels of the
tumor image when they overlap with the background black
pixels of the ground truth image, where the image will then
be considered as true negative. When the foreground pixels
in the segmented image overlap with the background of
ground truth, the image will then be considered as false
positive. In another case, when the segmented image
background overlaps with the foreground of ground truth
reality image, the image will be considered as false negative.

A = segmented image, (3)

B = ground truth reality image, (4)

total image area = A * B, (5)
OA = (total im:ge area) + 100, )

Equation (3) is the segmented or the test image, and this
segmented image is stored in A. Equation (4) shows the
ground truth reality image, and it is stored in variable B. The
total image area is the product, and this is shown in (5) and is
formed with the combination of (3) and (4). Finally, (6)
returns the percentage of the overlap of the white foreground
segmented pixel with the white foreground ground truth
pixel and is formed with the combination of (3) and (4).

7. Discussion

From the content of the article, it was found that region ex-
traction, feature selection, and hybrid segmentation were the
most applied methods. They played important roles in medical
image processing (MIP). Similarly, better techniques have been
proposed in the field of MIP. However, MIP was still lacking in
areas pertaining to region extraction, confidence element ex-
traction, and segmentation; therefore, time was needed to
invent new methods or extend existing ones. Notably, dataset is
an important element in the field of MIP. Datasets like Harvard
brain tumor repository and BraTS brain tumor challenge are
helpful for experimentation. A huge amount of experimen-
tation has been performed, but issues persist and were visu-
alized when the sequence of image (FLAIR, T1, T2, T1CE) was
analyzed. In BraT$ brain tumor dataset, the tumor core region
was enhanced by the T1 sequence; thus, it is important to
analyze this region. It can be seen in article [20] that the edema
region, complete tumor region, and enhancing tumor region
show the tumor areas with different labels. Due to the in-
tensities, a labeled image seems to be challenging.
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The scope of the mentioned issues is crucial, as the issues
are opening new horizon which needs inventions and im-
provements. Firstly, the MRI image region extraction was
executed through confidence interval, but it was inadequate
for the identification of complete tumor pixels. These pixels
are required in enhancing tumor core. If tumor pixels can be
identified, the probability of tumor region identification
increases. Therefore, in [111], the confidence region was
needed for the accurate identification of enhancing tumor.
Secondly, in another suggested study, SOM selection
assigned weight to the features, but improvement was re-
quired to select the best single feature. These features must be
highly accredited feature on the dataset. Due to the high cost
of processing, the feature selection algorithm needed im-
provement. Accurate features are needed to assist in the
segmentation of tumors [26].

In some other studies, hybrid segmentation algorithm
was used. Segmentation was achieved, but extreme varia-
tions or extending intensities of intensity were an open
question. Extreme intensities of tumor were mixed with
other normal brain intensities [52]. Therefore, there were
issues in the hybrid segmentation methods when the al-
gorithm performed segmentation. A hybrid unsupervised
learning algorithm was required for managing the extreme
variation of intensities [68].

8. Conclusion

MRI modality is compared with other modalities like CT
scan, X-rays, and PET scan. Different state-of-the-art studies
over brain tumor detection are available, like, feature se-
lection and segmentation technique. Where the region ex-
traction techniques identifies region of brain tumor and
features are extracted and selected from the image dataset.
Segmentation gives region of interest after series of steps.
Concepts are more specific on MRI like MR imaging, MRI
dataset, MRI enhancement, segmentation, feature extrac-
tion, comparative studies, and discussion on the basis of
critical analysis. We can see after comparative analysis of
techniques that the article highlights issues of variation of
intensity, which needs to be extracted from a certain region
of brain; secondly, feature selection is important aspect from
big datasets, and the specific feature selection from state of
the SOFM is another challenge. Finally, segmentation is
required for extreme variation of intensities on the tumor
boundaries.
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This study was aimed to explore the relationship between depression and brain function in patients with end-stage renal disease
(ESRD) complicated with depression based on brain magnetic resonance imaging (MRI) image classification algorithms. 30
people in the healthy control group and 70 people in the observation group were selected as the research objects. First, the
preprocessing algorithms were applied on MRI images. With the depression classification algorithm based on deep learning, the
features were extracted from the capsule network to construct a classification network, and the network structure was compared to
obtain the difference in the distribution of brain lesions. Different classifiers and degree centrality, functional connection, low-
frequency amplitude ratio, and low-frequency amplitude were selected to analyze the effectiveness of features. In the deep learning
method, the neural network model was constructed, and feature extraction and classification network were carried out. The
classification layer was based on the capsule network. The results showed that the correct rate of the deep learning feature
extraction network structure combined with the capsule network classification was 82.47%, the recall rate was 83.69%, and the
accuracy was 88.79%, showing that the capsule network can improve the heterogeneity of depression. The combination of
fractional amplitude of low-frequency fluctuation (fALFF), DC, and amplitude of low-frequency fluctuation (ALFF) can achieve
the accuracy of 100%. In summary, MRI images showed that patients with depression may have neurological abnormalities in the
white matter area. In this study, the classification algorithm based on brain MRI images can effectively improve the
classification performance.

1. Introduction

With the continuous development of the economy and the
continuous advancement of social development, China has
also accelerated its entry into an aging society, and the
number of people with poor sleep quality, anxiety, and de-
pression is also increasing [1]. With the advancement of
dialysis technology and the implementation of medical in-
surance, more and more end-stage renal disease (SRD) pa-
tients are receiving hemodialysis treatment, and their survival
time is relatively longer [2]. According to relevant statistics,
about 1.8%-23% of women and 1.1%-15% of men in the
general population have depression, and the proportion of
depression in ESRD is 20%-30% [3]. Depression seriously
affects the physical and mental health of patients, and

severely ill people will have thoughts of committing suicide.
Physical complications and abnormal signs of ESRD patients,
such as blood system, bone disease, and cardiovascular
disease, have attracted special attention. An ESRD patient
will have abnormal mental or neurological syndromes such
as anxiety, depression, neurasthenia, and fear [4]. It is often
easier to be ignored. Depression can cause the patient’s mood
or mood to be low, lack of interest, and suicidal tendencies,
somatic symptoms such as sleep disturbance, appetite dis-
turbance, sexual dysfunction, and non-specific somatic
diseases such as pain and general discomfort. Depression
generally affects the life of patients through the patient’s
concern for their own health, deterioration of nutritional
status, abnormal immune function, medication and dialysis
compliance, and low response to stress state [5, 6].
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The etiology of depression in ESRD patients is caused by
physical factors, social and psychological factors and other
factors. Uremia toxins and complications can induce or
aggravate the depression symptoms of ESRD patients.
Marital relationship, economic pressure, and social support
can also aggravate the depressive symptoms of ESRD pa-
tients [7, 8]. Diffusion tensor imaging (DTI) is a new type of
diagnostic method developed on the basis of diffusion-
weighted imaging, which can accurately describe the ex-
pansion direction and amplitude of water molecules. DTI
can also show the path of white matter fiber tracts in vivo.
The data obtained by DTI can be used to reconstruct the
three-dimensional microscopic directional map of the white
matter fiber tracts of the brain. This method of imaging is
called diffusion tensor tractography (DTT) [9]. DTT imaging
is a new technology developed on the basis of diffusion-
weighted imaging. Six directions are added to the diffusion
sensitivity gradient, and the diffusion state of water mole-
cules is described based on the three-dimensional space.
With the rapid development of imaging technology, DTT
plays an important role in the diagnosis and treatment of
brain diseases [10]. This imaging method is based on the
similarity of the shape and direction of the diftuse ellipsoid
between adjacent voxels. It is very useful for the analysis of
the integrity and directionality of the central nerve fiber
network [11].

At this stage, segmentation algorithms in the field of
computer vision have many applications in the segmenta-
tion of image features, but they have not formed a sign of
evaluating the quality of the algorithm. Machine learning
based on computer intelligence is easier to recognize and
analyze data [12, 13]. Intelligent segmentation of MRI image
boundaries and features uses functional parameters to ex-
tract feature contours, and the image data obtained through
image segmentation is more scientific, providing effective
reference value for disease prediction [14, 15]. Compared
with other medical images, MRI can provide doctors with
more brain information based on the collected data and
design different scan parameters to make a good diagnosis of
the disease. The preprocessing of MRI images can largely
eliminate morphological differences between individuals, as
well as machine noise mixed in during the acquisition
process and physiological noise caused by non-cerebral
neural activities. The extraction of MRI image features can
effectively describe the gray matter of the brain or brain
neural activity from different angles, which is also a way to
analyze and diagnose the brain structure of patients with
depression [16, 17]. Brain MRI images of depression patients
can clearly distinguish the difference between the two
through MRI images, and pathological research on MRI with
the help of machine learning methods can become an im-
portant content in computer-aided diagnosis [18].

In this study, the MRI images of patients with ESRD
complicated with depression were firstly processed with
algorithms, and then features were extracted. The classifier
design and fusion algorithm from multiple perspectives were
adopted to analyze the impacts of different characteristics on
the brain function of patients, aiming to provide a reference
for the treatment of patients with depression in the clinic.
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2. Methods

2.1. Research Objects. In this study, ESRD patients who were
hospitalized from June 2018 to December 2020 were selected
and defined as the observation group. They all meet the di-
agnostic criteria of major depression in the American Diag-
nostic and Statistical Manual of Mental Disorders (4" Edition).
The specific items included (i) 18-68 years old, Han nation-
ality, and right-handed; (ii) the total score was >18 evaluated
using the 17 edition of the Hamilton Depression Scale; (iii)
before enrollment, the patients had not used antidepressant or
antipsychotic drugs, and none of the patients had alcohol
dependence, hypertension, diabetes, schizophrenia, and epi-
lepsy, etc., There were 70 cases that met the inclusion criteria,
including 26 males and 44 females; and their age ranged from
32to 63 years old, with an average of 51.56 + 2.74 years old. The
patient’s course of illness was 2-12 months, and the dialysis
time was 7-10 months. There were 14 cases of polycystic kidney
disease, 13 cases of chronic interstitial nephritis, 16 cases of
obstructive nephropathy, 15 cases of hypertensive nephrop-
athy, and 32 cases of chronic glomerulonephritis. The general
condition of the patient was recorded in detail.

The inclusion criteria were defined as follows: patients
who met the ESRD diagnostic criteria and aged >18 years
old; patients with complaints of mental abnormalities, un-
conscious disorders, and sleep disorders; patients with good
understanding and communication skills; and patients who
were volunteer to join this study.

The exclusion criteria were given as follows: patients who
had a history of severe mental disorders and those who did
not cooperate; patients whose image analysis results were
affected by factors such as serious image motion artifacts;
patients who were unable to take care of themselves, were
slurred in speech, were seriously ill, etc.; patients who
cannot cooperate with the investigation or who did not agree
to participate in the investigation; and patients whose kidney
DTI images showed renal abnormalities, changes around the
kidney, and diseases of the collective system.

Healthy control group: employees and healthy volun-
teers were recruited. The inclusion criteria were given as
follows: (i) no drugs had been used before enrollment; (ii)
individuals and families had no current or ever suffered
mental disorders;(iii) no obvious traumatic brain injury;(iv)
no MRI contraindications; (v) no obvious medical disease;
and (vi) the patient voluntarily participated in the study to
understand the content of the study. 30 healthy people were
studied, including 12 males and 18 females, aged 22-57 years
old, with an average of 53.09 +2.38 years old.

This study had been approved by the ethics committee of
the hospital. All patients and their families had signed the
informed consent forms.

2.2. Assessment Using Scale. The Chinese version of the
Hamilton Rating Scale for Anxiety (HAMA) (14™ version)
was selected to evaluate the anxiety of the two groups of
subjects. Both Chinese version scales were widely used in
clinical and scientific research, and their validity and reli-
ability were very good.
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2.3. MRI Scan Image Parameters. In this study, all patients
and healthy controls received 3.0T superconducting MRI
whole body scanner, using 8-channel head coils for MRI
scanning. Before the scan, we described the examination
process in detail to the patients, made the patients supine,
and advised them to use earplugs to reduce the impact of
equipment noise and maintain steady breathing. The
scanning sequence included T1 fast-recovery fast spin-echo
(FSE) (FRFSE) sequence and DTI sequence. The same level
and positioning were adopted, the positioning line was
parallel to the anterior commissure-posterior commissure
(AC-PC) plane, and the whole brain was scanned from the
base of the skull to the top of the skull. The scan time was
about 20 minutes. The scanning parameters were described
as follows. For cranial horizontal axis FSE sequence TIWI:
time of echo (TE) was 15-25 ms, and time of repetition (TR)
was 500 ms. For FSE T2WTI: the TE and TR were 90-120 ms
and 2500 ms, respectively; layer thickness was 8 mm, and
layer spacing was 2mm. DWI scanning used a single ex-
citation plane echo sequence, using 2 dispersion b values
(0-1000 s/fmm?): the field of view (FOV) was 24 cm X 24 cm,
matrix was 256 x128, layer thickness was 8 mm, layer
spacing was 2 mm, three perpendiculars to each other dis-
persion sensitive gradient direction, and the TR/TE was
6000/110 ms. The DTI sequence scan also used a single
excitation plane echo sequence, the horizontal axis scan, the
dispersion sensitive gradient direction was 13, t and the TR/
TE was 10000/110 ms. The FOV was 24 cm X 24 cm, matrix
was 256 x 128, layer thickness was 5 mm, layer spacing was
0mm, NEX = 1, and the scanning time was 160 seconds. The
obtained MRI images were sent to the workstation, and the
images were processed using Function II software.

2.4. Image Analysis. 'The data obtained from MRI scans were
used in the software and 3.0T MRI scanner. Two experienced
doctors with 5 years of working experience in the diagnostic
imaging department were invited to select random double-
blind principles to analyze the DTI images of patients. The
diagnosing physicians read the film without knowing the
general clinical data of the patients. First of all, the quality of
the image was evaluated, and artifacts and noises in the
image were removed to avoid affecting the doctor’s diagnosis
of DTI. The morphology and DTI images that met the di-
agnostic requirements were included in the final DTI image
analysis, the ADC and FA of the kidneys were finally
measured, and the abnormalities of the kidneys were
observed.

2.5.Image Standardization. Image standardization was done
to eliminate the differences in the morphology of individual
brains and interference and analyze the fixed points of MRI
images. The standardization process of MRI images is shown
in Figure 1 below.

2.6. Feature Extraction of Image. In the feature extraction of
MRI images, the intensity of each voxel in the brain changed
with time series. The changing information can be used to

describe the brain nerve activity from different angles. The
commonly used variable characteristics mainly included
degree centrality, regional homogeneity, low-frequency
amplitude, functional connection, and low-frequency am-
plitude ratio. These features can prove whether the brain
nerve activity was normal, and these features were also
different in the extraction stage of different preprocessing
processes. The extraction stage of different features in the
MRI image preprocessing process is shown in Figure 2.

Functional connectivity refers to changes in the brain
with mental illness, which can reflect the increase or decrease
of the connection between the brain function network areas.
Different areas of the brain have different perceptions of
functions such as hearing, cognitive control, emotional
understanding, and vision. Researchers generally look at the
brain as a complex network. Each area is a node of the brain
network, and the connection node is the functional con-
nection of the brain. Many researchers have produced maps
of different brain regions, which are divided into 246 or 116
brain regions. After MRI images are standardized, automatic
anatomical markings are made in the Montreal Neurological
Institute (MNI) space, which are used more in research.
Based on this, the brain regions were divided with automatic
anatomical markers in this study. First, the average value of
the signal hydroxyl groups was calculated at different mo-
ments in the brain regions, as shown in Figure 1.

Xi=) Xg. (1)

Xi represents the ith brain area and Xg represents the signal
intensity of voxel g in the brain area, then, the Pearson
correlation coefficient f/ between the two brain areas is
expressed as follows:

il = cov (Xi, Xj) _ YI(Xilt] - Xi) (Xjlt] - Xj)]

(2)

In equation (2), Xi[t] and Xj[t] represents the regional
average signal intensity of brain area iand brain area jattime f,
respectively; Xi and Xj refers to the time average signal in-
tensity of brain area i and brain area j in the entire time series,
respectively. The function connection matrix is as follows:

f11f12f13"'f1N

R = f21f22f23"'f2N . (3)

lefNZfN3"'fNN

In the equation above, N represents the size of the
matrix, and N also represents the number of brain regions in
the map. If N=116, the brain is divided into 116 brain
regions and below equation is obtained:

fij =T (4)

Then, it is necessary to extract the functional connection
of the triangular area in the matrix. The extraction of
functional connection features still depends on the structure
of the brain network Atlas.
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2.7. Degree Centrality and Regional Homogeneity. Degree
centrality represents the association between a given voxel
and the whole brain voxel. If certain nodes in the brain are
abnormal, some areas cannot be matched with healthy
people’s nodes consistently, which will lead to mental illness.
In the contrast center feature extraction, the connectivity of
the brain is measured by the number of strong correlation
connections of brain voxels, and the correlation between
different voxels is expressed as an equation.

[(Xil] (X [11-X))]
\jz[x (X0t - X;)°

Xi[t] and Xj[t] represents the regional average signal in-
tensity of brain area i and brain area j at time ¢, respectively;
and the average time voxel signal intensity of the ith and jth
voxel positions are denoted as Xi and X j, respectively.

If there were n voxels in the MRI image, an undirected
unweighted adjacency matrix of n*n size can be con-
structed according to the coefficients, and the centrality
measure of voxel i is shown in the following equation:

(5)

_{ 1f;;>0.25,i#j, ©
7| oother,
Dbj=Ydy,j=12,...N,i#]. (7)

The correlation coefficient between voxels ij in equation
(6) represents the number of other voxels connected with
each voxel, and the feature is extracted.

Regional homogeneity is the abnormality of neural ac-
tivity on the basis of brain lesions, which reflects the degree
of synchronization of the voxel field signals of the FMRI data
in the time series. Feature extraction itself has a smoothing
effect and did not require Gaussian filtering. Feature

acquisition was achieved by calculating voxels and neigh-
boring voxels. The equation is as follows:

Y.X;[t) - NY, X, [t])

Q= (1/12)»(N* - N)

(8)

X;[t] represented the voxel intensity at the ith voxel position
at time f, V represents the number of selected domain in-
tensity voxels, and N reached the total number of voxels.

Amplitude of low-frequency fluctuation (ALFF) can be
used to detect the difference in neuronal activity between
depressed patients and healthy people. When the low-fre-
quency amplitude was calculated, the image was band-pass
filtered. The energy range of the filtered signal was
(0.001-0.08), and the frequency spectrum calculation equa-
tion is as follows:

n

l[h] — ZX, [k]ej(Zn/N)hk' (9)

i=1

X

X; represents the frequency spectrum calculated by the
Fourier transform of the time series of voxel i.

The low-frequency amplitude of the voxel is calculated as
follows:

ALEE, = Z\/ Ke[OOl s 08;71] (10)

In equation (10), fs represents the sampling frequency.

The feature extraction of fALFF was based on the
problem that the low-frequency amplitude of the physio-
logical noise signal in the periphery of the large blood vessel,
and the brain cistern was higher than the low-frequency
amplitude of the brain nerve signal. The ratio of the total
amplitude of the low frequency to the total amplitude of the
entire frequency range is as follows.
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The low-frequency amplitude can suppress the physio-
logical noise brought by the large blood vessels. When the
low-frequency amplitude was close to the high-frequency
amplitude, the equation (11) can inhibit it.

21 21
FALEE,;= ,K€]0.01—,0.08— |. (11)

S N

2.8. Classification Algorithm Based on Deep Learning.
Many clinical MRI images in the study of patients with de-
pression have large feature dimensions, and the disease response
of mental disorders exists in all corners of the brain. In some
areas, there are a large number of initial features that do not
interfere with each other. To extract features in a very large space,
a good classifier is needed to select the optimal feature subset. In
the designed classifier, the classification model is used to classify
new samples. In the deep learning algorithm, the Capsule
Network (CapsNet) is an emerging neural network architecture.
Compared with the convolutional neural network (CNN), the
CapsNet has stronger generalization ability and does not require
a lot of training. Some precise details can be better preserved,
such as the position, inclination, thickness, and size of the
object’s rotation. It can also enhance the feature extraction ability
of network details without an additional process of losing and
then recovering. The capsule network can be simple a unified
architecture completes different visual tasks. As shown in Fig-
ure 3, after a standard convolutional layer ReLU Convl with a
step size of 1 was inputted, it would generate 256 channels for
feature images. Then, a modified capsule convolutional layer was
inputted to generate an 8-dimensional vector instead of a table
volume. The length of each vector ||L2|| represents the possibility
that the input image belongs to 10 categories.

The optimization of network parameters is different
from general neural networks. The CapsNet uses dynamic
routing to back-propagate and iteratively update the pa-
rameters of each layer. The calculation equation of the loss
function is as follows:

2 2
L, :Tpmax(O,rrfr —”Vp“) +A(1 —Tp)max(o, "Vp" —mf) .
(12)

In the above equation (12), P represents the classification
category index, m* and m~ takes values 0.9 and 0.1, re-
spectively. When the sample type is P, when Tpis set to 1, the
loss function is expressed as follows:

1y = max (0 [,

The value of Tp is close to 0.9, and the loss function is
close to 0, which is also the model result that the network
hopes to train.

If the sample category is not P, the loss function is given
as follows:

2
. (13)

2
L, = A max <0, "Vp" - m_> . (14)

The appearance of the A value reduced the loss value that
did not appear in the P category, and thus, avoiding the
initial loss from being too large, resulting in the shrinking of
the length of all output vectors. The overall loss can be
expressed as below equation (15):

W _ 0
L9=31," (15)
P

2.9. Statistical Methods. SPSS21.0 statistical software was
adopted to perform statistical analysis on DTT parameters.
Measurement data conforming to the normal distribution
were represented by mean +standard deviation (" x+s),
and non-conforming count data were represented in the
form of frequency or percentage (%). «=0.05 was un-
dertaken as the test level for comparison between groups.
When P <0.05, the difference was considered to be sta-
tistically significant.

3. Results

3.1. General Data of Patients. The comparison of the de-
mographic data of the two groups of study subjects showed
that there was no statistical difference between the healthy
control group and the depression group in terms of gender,
education level, age, and marital status (P <0.05) (Table 1).

The general information of the observation group is
shown in Table 2. The main occupations were workers,
farmers, civil servants or institutions, self-employed, and
teachers. The main sources of expenses were municipal
medical insurance, provincial medical insurance at their
own expense, and rural cooperative medical care.

3.2. Network Classification Results. The neural network
model was constructed in the deep learning method, and the
feature extraction and classification network were per-
formed. The classification layer was based on the capsule
network. The experimental results of the CNN feature ex-
traction network structure and the CapsNet classification are
shown in Figure 4. The correct rate of the constructed
network was 82.47%, the recall rate was 83.69%, and the
accuracy was 88.79%. It showed that the CapsNet can im-
prove the heterogeneity of depression, which was suitable for
the classification of MRI images.

3.3. Multi-Feature Ensemble Classification Results. The idea
of ensemble learning is to integrate multiple feature clas-
sification models to classify depression. In order to maxi-
mize the classification performance, fALFF, DC, and ALFF
were aggregated, and the prediction results of the combined
model were weighted and averaged to obtain the final
classification result. It can be observed from the results
shown in Figure 5 that the combination of the three can
achieve the accuracy of 100%. Compared with the other two
forms, the combination of the three had significant differ-
ence (P <0.05).
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FiGure 3: Classification algorithm of CapsNet.

TasLE 1: Comparison on general data of patients in two groups.

Item Depression group Healthy control group P value
Number of cases 70 30 —
Age (years old) 51.56 +2.74 53.09 £2.38 —
Gender — — 0.574
Number of males 26 12 —
Number of females 44 18 —
Marital status — — 0.879
Unmarried 14 7 —
Married 56 23 —
Education level (years) 12.24 +3.65 15.24 +2.61 0.243
HAMD (scores) 26.37 £4.36 337+1.13 —
HAMA (scores) 21.43+5.21 2.41+1.42 —
TaBLE 2: General data of patients.
Category Number Profession Number Average age Source of expenses Number
Polycystic kidney 14 Worker 26 50.06 +£3.13 Own expense 8
Chronic interstitial nephritis 13 Farmer 12 42.60 +4.04 District medical insurance 8
Obstructive nephropathy 11 Civil servants 8 31.56+5.78 City medical insurance 11
Hypertensive nephropathy 10 Self-employed 15 46.56 +2.28 Social medical insurance 14
Chronic glomerulonephritis 22 Teacher 9 31.06 +3.62 Rural cooperative medical 29
Total 70 — 70 51.56 +£2.74 — —
89
88.09
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5 o 8247 §° 94 R
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FIGURE 4: Network classification results. [ ALFF+DC
FALFF+DC

3.4. MRI Images. The healthy patients were selected to
observe MRI images. Figure 6 shows the images on MRI
showing no obvious structural abnormalities. Figure 6(a) is a
cross-sectional MRI image of the main structures of the
brain, which can show structures such as the

m FALFF+DC+ALFF

FIGure 5: Integrated classification results. “compared with the
other two groups, “P < 0.05.
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(b)

FIGURE 6: MRI images of healthy people.

interhemispheric fissure of the frontal lobe and the superior
cerebral vein. Figure 6(b) shows a normal axial image of the
brain lobes, with the frontal lobe occupying 2/3 of the upper
layer of the cerebral hemisphere, and the occipital lobe near
the posterior horn of the lateral ventricle. Figure 6(c) shows a
craniocerebral anomaly, clearly showing the middle cerebral
artery in the middle frontal gyrus of the craniocerebral gyrus
and in the center of the semiovale.

Figure 7 shows an image of a male patient in the ob-
servation group. Figure 7(a) is a side view of the brain, and
an MRI image shows a disorder of the central nervous
system. Figures 7(b) and 7(c) show the “tiger stripe sign”,
T1WI shows a streak-like structure with low signal in the
high-signal area, and the MRI signal shows abnormal lobular
transverse shape. The lesions are mainly concentrated in the
hypothalamus, and there are abnormalities in the hypo-
thalamus pituitary gland in the sellar region. The arrow in
the figure marks the location of the lesion. Butterfly pituitary
stalk moved backward with uniform signal strength. The red
arrows in Figure 7 indicat the location of the lesions.

3.5. Registration Image of MRI Image. The images in Fig-
ure 8 are from a 52-year-old male patient. After the image
was processed by the algorithm, the definition was higher.
The blue line in the figure shows the process of image
registration by the instrument. After the objective function
was optimized, the image registration was performed
according to the selection of the parameters, and the ex-
ample effect is shown in Figure 8. The image was registered
from the structural master image. Figure 8(a) shows that the
registration line is parallel to the line connecting the frontal
lobes on both sides. Figure 8(b) shows the parallel anterior
fossa floor. Figure 8(c) shows where the configuration line is
located in the frontal lobe.

3.6. Comparison of White Matter FA. The anisotropy score
(FA) was used to quantitatively measure the size of the third
anisotropy of water molecules in the white matter fiber
bundles. It was positively correlated with the integrity of the

myelin sheath, the compactness and parallelism of the fibers,
and can reflect the completeness of structure of the white
matter. Compared with the healthy group, the main man-
ifestations of the observation group were the right posterior
cingulate gyrus, the right lingual gyrus, the right prefrontal
lobe, the medial marginal lobe of the right upper gyrus, and
the right talus gyrus. The specific results are listed in Table 3.

4, Discussion

ESRD is a disease that cannot be cured. Patients need to rely
on dialysis to maintain their lives. During the entire treat-
ment process, the patient’s psychology will produce various
emotional distress.

Relevant studies have shown that 50%-80% of ESRD
patients have different types and degrees of sleep disorders.
Sleep disorders and anxiety in patients with depression
complement each other and promote each other. The two
have good compliance. People with severe depression
sometimes have suicidal tendencies, which increase the
economic burden of society and families [19]. Health status
affects the quality of life of patients, and what they want to do
produces resistance in thought and life. Family support can
improve patients’ depression and anxiety caused by dialysis,
and effectively improve patients’ treatment compliance.
Yoong et al. [20] found that 49.9% of ESRD patients ex-
perienced increased depression, and 45.4% of de-ESRD
patients experienced increased anxiety during treatment.
The high proportion of anxiety and depression emphasized
the importance of detection and care for ESRD patients
during dialysis care. Reckert et al. [21] reported that de-
pressive symptoms are relatively common in ESRD patients
and have a great correlation with morbidity and mortality.
Depression and anxiety symptoms are related to the gender,
employment status, and physical activity of ESRD patients.
Anxiety symptoms are also closely related to body mass
index, and physical activity can be used as a protective factor
for patients with ESRD. In the study, workers accounted for
the highest occupational proportion of ESRD patients (40%),
and the least proportion was teachers, the proportion was
10%. The number of patients in each occupation is different,
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FIGURE 7: MRI images of a patient.

()

FiGure 8: MRI image registration example.

TaBLE 3: Comparison of white matter FA between the two groups.

Brain area with decreased FA value Voxel (mm?) Z T P

Right posterior cingulate back 14 3.425 3.912 <0.01
Right lingual gyrus 23 4.501 3.822 <0.01
Right frontal lobe 31 3.921 3.401 <0.01
Medial marginal lobe of upper right side 48 3.465 3.612 <0.01
Right talar gyrus 121 3.987 3.608 <0.01

and the emotions generated are different, which may be
related to the nature of the job itself.

As a non-invasive imaging method, DTT can reflect the
directional diffusion of water molecules in the tissue by
measuring partial anisotropy, and it can also evaluate the
translation of water molecules in various directions by
measuring ADC [22, 23]. MRI images of the brain of patients
with depression showed that the patients’ hippocampus,
insula, and amygdala were abnormal, and the frontal cortex,
cingulate gyrus, hippocampus, and striatum of unidirectional
depression were reduced in volume [24]. In recent years,
studies have confirmed that the introduction of intelligent
algorithms, such as deep learning, into medical images has a
great effect on image quality improvement, lesion recogni-
tion, and extraction and segmentation [25]. It was found in

this study that the FA value decreased, and the spatial at-
tention and memory of depression patients decreased.

5. Conclusion

In this study, based on the classification algorithm of deep
learning, a network structure was constructed to extract and
classify patient MRI images. In the deep learning method, a
neural network model was constructed to perform feature
extraction and classification network. The classification layer
was based on capsule network with high accuracy. The al-
gorithm of this study could effectively classify the features of
the concave region. Research on classification algorithms
based on brain MRI images requires more research, and the
number is bound to increase. In the future, more good
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algorithms should be effectively verified to provide reference
for computer-aided diagnosis in clinical practice.
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This study aimed at exploring the application value of diffusion-weighted imaging (DWI) combined with transcranial Doppler
(TCD) in the diagnosis of patients with cerebral infarction and vertigo (CI + V). In this article, using a retrospective case-control
study, 100 CI +V patients (CI+V group) were examined by DWT combined with TCD. Seventy cases of noncerebral infarction
with vertigo (control group) who were hospitalized at the same time were collected for clinical data analysis and comprehensive
evaluation of each index. The results showed that in patients with CI+ V, the abnormal rate of blood vessels was proportional to
the size of the lesion, and the abnormal rate of blood vessels in the large-area infarction group (97%) was much higher than that of
the small-area infarct group (62%) and the lacunar infarction group (51%). The overall abnormal rate of blood vessels in the CI + V
group (71%) was greatly higher than that in the control group (15%), showing a statistically and extremely great difference
(P <0.01). In short, DWI can effectively extract lesion-related data, and combined with TCD examination, the clinical diagnosis of
CI+V can be more accurately performed, which had a positive impact on the clinical work of CI + V. This work provided some

reference for the clinical effective diagnosis method of CI+V.

1. Introduction

Cerebral infarction is also known as ischemic stroke, and it is
a common cerebrovascular disease (CVD). It is caused by
the obstruction of blood supply to the brain tissue area,
which leads to cerebral tissue ischemia and hypoxia,
resulting in clinical brain tissue necrosis and corresponding
neurological deficits [1, 2]. Most of the patients are middle-
aged and elderly people, and the clinical cause is generally
intracranial or cervical aortic atherosclerosis caused by a
variety of factors [3, 4]. The early clinical symptoms mainly
include dizziness, blackness, and numbness in different parts
of the body, and there are life-threatening risks in the middle
and late stages [5, 6]. Cerebral infarction is often accom-
panied by vertigo, which is a pseudo-vertigo caused by
systemic diseases. The patient feels his body is wandering

without obvious foreign objects or self-rotating sensation.
For people with high incidence, the initial diagnosis and
treatment of cerebral infarction are very necessary. Clini-
cally, brain structure imaging and cerebrovascular imaging
are usually used for diagnosis, which generally include
cranial computed tomography (CT), and cranial magnetic
resonance imaging (MRI), diffusion-weighted imaging
(DWTI), and transcranial Doppler ultrasound (TCD) [7].
Among them, cranial CT is the most convenient and
commonly used. It can detect some subtle early ischemic
changes within 6 hours of onset, but it is hard to distinguish
after 2-3 weeks and lacks sensitivity to the posterior
brainstem and cerebellum lesions [8]. Cranial MRI can
clearly image these two parts, but it is difficult to detect
lesions within a few hours of onset. The diagnostic detection
rate of early acute CI + V by conventional CT and MRI is low
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with poor sensitivity, which can meet the requirements of
clinical medical diagnosis and treatment. TCD uses blood
flow velocity to assess the blood flow status, thereby inferring
changes in local cerebral blood flow. It is a commonly used
noninvasive inspection method to detect intracranial and
extracranial vascular stenosis or occlusion [9, 10]. However,
some researchers believe that the results of TCD are sub-
jectively affected by the operator and are not as accurate as
magnetic resonance angiography (MRA), digital subtraction
angiography (DSA), and other invasive examination
methods. DWI is an MRI function imaging technology.
With the application of high field-strength MRI machine, it
is the only MRI technology that can reflect the diffusion of
water molecules and possesses high sensitivity. DWI can not
only detect the early ischemic location, but also clearly show
some small infarcts, which are mainly used for the diagnosis
of ultra-early cerebral ischemia [11].

Therefore, in the above context, a retrospective inves-
tigation was conducted on CI+V patients who were ex-
amined jointly by DWI and TCD and 70 non-CI + V patients
were hospitalized at the same time, to explore whether DWI
combined with TCD has good clinical diagnostic value in
CI+V, and to provide theoretical basis for the further
promotion and application of this combined examination
program.

2. Materials and Methods

2.1. Research Objects. A total of 100 patients hospitalized for
CI+V from May 2018 to December 2020 in hospital were
selected as subjects, including 60 males and 40 females, with
an average age of 65+10.5 years. Seventy cases of non-
cerebral infarction patients with vertigo were enrolled at the
same time, including 44 males and 26 females, with an age
range of 63.5+ 9.7 years. All patients underwent head CT or
MRI examination and were excluded from cerebrovascular
diseases. There was no statistical significance in general
clinical data with patients in the CI+V group. All subjects
were divided into the CI+V group and the control group.
The CI+ V group was divided into three groups according to
the lesion area presented by imaging examination. There
were 31 patients with large-area cerebral infarction
(>15cm?), 46 patients with small-area cerebral infarction
(<5cm?), and 23 patients with lacunar cerebral infarction.
The clinical data were analyzed by a retrospective case-
control study. All the subjects agreed to sign informed
consents, and this study had been approved by the ethics
committee of hospital.

Inclusion criteria are as follows: the patients who were
diagnosed according to the diagnostic criteria given in the
2010 Chinese Guidelines for the Diagnosis and Treatment of
Ischemic Stroke; patients who received DWI in combination
with TCD within 48 hours after admission; patients with no
previous history of cerebral infarction; and patients without
serious organic disease.

Exclusion criteria are as follows: patients with otogenic
vertigo, ocular vertigo, or dizziness caused by psychological
effects, emotional anxiety, and depression; patients with
chronic subdural hematoma and other diseases; pregnant
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and lactating women; and unable to perform correlation
analysis due to unknown medical records.

2.2. TCD Inspection Plan. All subjects were examined by a
transcranial Doppler analyzer with a pulse probe frequency
of 2MHz. Through the examination, the subject’s infor-
mation was acquired, including anterior cerebral artery
(ACA), middle cerebral artery (MCA), posterior cerebral
artery (PCA), bilateral vertebral artery (VA), and basilar
artery (BA). In addition, the average blood flow velocity
(Vm), vascular pulsatility index (PI), peak systolic blood
flow velocity (Vs), peak diastolic blood flow velocity (Vd),
etc., were also determined

2.3. DWI Inspection Plan. 1.5T magnetic resonance scanner
was used for TCD underwent cranial MRI, which was used
to conventionally scan the transverse T2-weighted im-
aging (T2WI), Tl-weighted imaging (T1WI), coronal
T2WI, sagittal TIWI, DWI, and T2*WI. The parameters
were set as follows: DWI—repetition time was 5,000 ms,
echo time was 90 ms, scanning layer thickness was 6 mm,
layer spacing was 1 mm, matrix was 200 mm x 220 mm;
and T2*WI—repetition time was 450 ms, echo time was
2.53 ms, scanning layer thickness was 6 mm, layer spacing
was 1 mm, and matrix was 220 mm X 200 mm.

2.4. Image Processing Scheme. Texture feature parameters in
DWI images were extracted by full quantitative post-
processing software, which were read and analyzed by two
experienced professional physicians. By standardizing and
calibrating DWI images, the signal characteristics of each
sequence position on the lesion in the CI+V group were
observed. The image was segmented, and the relevant texture
feature parameters were obtained. The apparent diffusion
coefficient (ADC) values of all subjects in the relevant area
were measured. All data were calculated automatically by
computer software.

2.5. Statistical Analysis. SPSS 24.0 software was used for
statistical analysis, the measurement data were expressed as
mean + standard deviation ("x+s), and the Xz test was
adopted for comparison between groups. The Kolmogor-
ov-Smirnov test was applied to analyze whether the ex-
perimental data were consistent with the Gaussian
distribution. If it was consistent, the ¢-test was used. P < 0.05
meant that the difference was statistically significant. Origin
8.0 was adopted for drawing.

3. Results

3.1. DWI Results of Typical Cases. A 55-year-old female
patient presented with recurrent headache, dizziness, and
limb weakness for more than 2 years, poor mobility, and
worsening blurred vision for 3 weeks. On admission, DWI
examination showed that the left lesion showed an obvious
high signal, and the clinical diagnosis was acute cerebral
infarction in the left basal ganglia with vertigo (Figure 1).
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Ficure 1: DWI imaging results of a typical case. The red circle
marked the infarcted area.

3.2. Comparison of Blood Vessel Conditions among the
Subgroups of Patients in the CI + V Group

3.2.1. Comparison of Blood Vessel Conditions of Patients
between Large-Area Infarction Group and Small-Area In-
farction Group. As shown in Figure 2, there were 31 patients
in the large-area infarction group and 46 patients in the
small-area infarction group. Among them, there were 8
patients in the large-area infarction group and 7 patients in
the small-area infarction group with increased blood flow
velocity; and 19 cases were in the large-area infarction group
and 20 cases were in the small-area infarction group with
decreased blood flow velocity; there were 3 cases in the large-
area infarction group and 2 cases in the small-area infarction
group without blood flow signal.; and there were 1 case in the
large-area infarction group and 17 cases in the small-area
infarction group with normal blood vessels. The abnormal
rate of blood vessels in the large-area and the small-area
infarction groups was 97% and 62%, respectively. It sug-
gested that the DWI combined with TCD examination
showed that the abnormal rate of blood vessels of cerebral
infarction was directly proportional to the size of the lesion,
and the abnormal rate of blood vessels of the large-area
infarction group was observably higher than that of the
small-area infarct group, showing a statistically significant
difference (P < 0.05).

3.2.2. Comparison of Blood Vessel Conditions of Patients
between Large-Area Infarction Group and Lacunar Infarction
Group. As shown in Figure 3, there were 23 patients in the
lacunar infarction group, including 4 patients with increased
blood flow velocity, 7 patients with decreased blood flow
velocity, 1 patient without blood flow signal, and 11 cases
with normal blood vessels. The abnormal rate of blood
vessels in the lacunar infarction group was 51%. Thus, the
abnormal rate of blood vessels in the large-area infarction
group was visibly higher than that in the lacunar infarction
group after DWI combined with TCD examination, and the
difference was statistically obvious (P <0.05).

3.2.3. Comparison of Blood Vessel Conditions of Patients
between Small-Area Infarction Group and Lacunar Infarction
Group. Asillustrated in Figure 4, the abnormal rate of blood
vessels in the small-area infarction group was 62% and that
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FiGure 2: Comparison of blood vessel conditions of patients be-
tween large-area infarction group and small-area infarction group.
B, C, D, and E in the figure referred to increased blood flow velocity,
decreased blood flow velocity, without blood flow signal, and
normal blood vessels, respectively. * The difference in the abnormal
rate of blood vessels of patients in the two groups was statistically
obvious, P <0.05.
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FiGure 3: Comparison of blood vessel conditions of patients be-
tween large-area infarction group and lacunar infarction group. B,
C, D, and E referred to increased blood flow velocity, decreased
blood flow velocity, without blood flow signal, and normal blood
vessels, respectively. *The difference in the abnormal rate of blood
vessels of patients in the two groups was statistically obvious,
P <0.05.

in the lacunar infarction group was 51%. It indicated that the
DWI combined with TCD suggested that the difference in
the abnormal rate of blood vessels between the two groups
was not statistically significant (P < 0.05).

3.3. Comparison on Blood Vessel Condition of Patients in the
CI + V Group and the Control Group. As shown in Figure 5,
there were a total of 100 patients with CI+V, including 19
cases with increased blood flow velocity, 46 cases with de-
creased blood flow velocity, 6 cases with no blood flow
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FIGURE 4: Comparison of blood vessel conditions of patients be-
tween the small-area infarction group and lacunar infarction
group. B, C, D, and E referred to increased blood flow velocity,
decreased blood flow velocity, without blood flow signal, and
normal blood vessels, respectively.
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F1Gure 5: Comparison on the blood vessel condition of patients in
the CI+V group and the control group. B, C, D, and E referred to
increased blood flow velocity, decreased blood flow velocity,
without blood flow signal, and normal blood vessels, respectively.
#The difference in the abnormal rate of blood vessels of patients in
the two groups was statistically obvious, P < 0.01.

signal, and 29 cases with normal blood vessels. Thus, the
abnormal rate of blood vessels was 71%. A total of 70 patients
in the control group included 4 cases with increased blood
flow velocity, 6 cases with decreased blood flow velocity, 1
case with no blood flow signal, and 59 cases with normal
blood vessels, so the abnormal rate of blood vessels was 15%.
The DWI combined with TCD examination showed that the
abnormal rate of blood vessels in the CI + V group was much
higher than that in the control group, and the difference was
extremely and statistically obvious (P < 0.01).

3.4. Comparison of DWI Combined with TCD, CT, and MRI in
Locating Lesions. As shown in Figures 6 and 7, among the
100 patients with cerebral infarction and vertigo, CT and
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F1GURE 6: Comparison of DWI combined with TCD, CT, and MRI
in locating lesions. A referred to the results of DWI combined with
TCD; B showed the results of CT'and MRI. 1, 2, and 3 referred to the
number of patients with infarction of the internal carotid artery
system, infarction of the vertebral base arterial system, and the
ischemic infarction of the marginal zone between adjacent blood
vessels, respectively.
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FiGURE 7: Comparison of lesion localization rates between the two
methods.

MRI can locate the lesions in 81 cases. Among them, 42 cases
had internal carotid artery system infarction, 25 cases had
vertebrobasilar system infarction, and 14 cases had ischemic
infarction in the border zone between adjacent blood supply
areas. DWI combined with TCD could locate the lesions in
75 cases, including 38 cases of internal carotid artery system
infarction, 21 cases of vertebrobasilar system infarction, and
16 cases of border zone ischemia between adjacent blood
supply areas. It meant that there was no significant difference
between DWI combined with TCD and CT and MRI in
locating lesions (75% and 81%, respectively), and there was
no statistical significance (P >0.05).

3.5. DWI Combined with TCD to Detect the Blood Flow Ve-
locityinthe CI + V Group. The blood flow velocity of patients
in the CI +V group detected by DWI combined with TCD is
illustrated in Figures 8 and 9. There were 19 cases with
increased blood flow velocity and 46 cases decreased blood
flow velocity.
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FiGure 8: The specific conditions of patients with increased blood
flow velocity.

45
40 ~
35 4
30 4
25 1

}

15 4

Blood flow velocity (cm/s)

10 +

o [} [ 0 a

0 T T 1
MCA ACA PCA VA BA

¢ Vm
W Vs/Vd
PI

FiGgure 9: The specific conditions of patients with decreased blood
flow velocity.

For patients with increased blood flow velocity: in MCA,
Vm was 101.7 + 18.7 cm/s, Vs/Vd was 2.46 + 0.5, and PI was
1.17+0.8; in ACA, Vm was 67.2+6.5cm/s, Vs/Vd was
1.83+0.2, and PI was 1.09+0.24; and in PCA, Vm was
49+ 1.7 cm/s, Vs/Vd was 1.7 + 0.44, and PI was 0.49 + 0.33.

For patients with decreased flood flow velocity: in MCA, Vm
was 3014+91cm/s, Vs/Vd was 3.46+0.2, and PI was
143+019; in ACA, Vm was 219+7.7cm/s, Vs/Vd
was 3.24+0.28, and PI was 1.53+0.16; in PCA, Vm was
22.7 +4.08 cm/s, Vs/Vd was 2.82 +0.14, and PI was 1.27 +0.04;
in VA, Vm was 17.46 + 5.9 cm/s, Vs/Vd was 3.28 +0.61, and PI
was 1.65 + 0.9; and in BA, Vm was 18.36 + 6.51 cm/s, Vs/Vd was
3.46 +0.77, and PI was 1.32+0.28.

3.6. Composition of ADC Value of Patients in the CI + V Group
and the Control Group. As shown in Figure 10, the patients
in the CI+V group showed low ADC values; and ADC
values of patients in the large-area cerebral infarction group,
small-area cerebral infarction group, and the lacunar in-
farction group were 0.000421 + 0.000069 mm?/s,
0.000419 + 0.000072 mm?/s, and 0.000432 + 0.000075 mm?/
s, respectively. The ADC of patients in the control group was
0.000975 +0.000014 mm?/s. It suggested that the ADC
values of the large-area cerebral infarction group, the small-
area cerebral infarction group, and the lacunar infarction
group were not statistically different (P >0.05), while the
difference in ADC values between the CI+V group and the
control group was statistically significant (P < 0.05).

3.7. The Specific Situation of Patients with Clinical Vertigo.
As revealed in Figure 11, there were 48 cases of isolated
vertigo (including 37 cases of transient attacks and 11 cases
of persistent attacks) and 52 cases of nonisolated vertigo
(including 28 cases of transient attacks and 24 cases of
persistent attacks).

During the experiment, 6 cases suffered from ambiguity,
8 cases suffered from eyelid movement, 14 cases suffered
from body numbness, 19 cases suffered from mild hemi-
plegia, and 3 cases suffered from other symptoms (Figures 12
and 13).

4. Discussion

Cerebral infarction, also known as ischemic stroke, is a kind
of cerebral blood circulation disorder. It is the most common
type of cerebral vascular disease, which is caused by ischemia
and hypoxia [12, 13]. It is more common in middle-aged and
elderly patients. The general clinical diagnosis is based on
brain structure imaging and cerebrovascular imaging.
Among them, TCD is a noninvasive examination method
used to evaluate the hemodynamics of the skull base arteries,
which can more sensitively reflect the functional status of the
cerebrovascular [14, 15], but it has some shortcomings,
which is embodied that it fails to guarantee the incident
angle of ultrasound, reducing the accuracy of repeated
measurement of blood flow velocity. DWI can detect the size
and location of the lesion in the ultra-early stage of onset,
and it can also detect some small infarcts in the brainstem
and cerebellum [16-18].

A retrospective study was conducted on 100 CI+V
patients who underwent DWI combined with TCD exam-
ination to obtain effective data information from THEIR
DWI images. The results showed that in patients with CI+V,
the abnormal rate of blood vessels was directly proportional
to the size of the lesion. The abnormal rate of blood vessels in
the large-area infarction group was much higher than that in
the small-area infarction group and the lacunar infarction
group, showing statistically obvious differences (P < 0.05). In
addition, the overall abnormal rate of blood vessels in the
CI+V group was obviously higher than that in the control
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FiGgure 10: Composition of the ADC value of patients in the CI +V
group and the control group. A, B, C, and D referred to the ADC
values of patients in the large-area cerebral infarction group, small-
area cerebral infarction group, the lacunar infarction group, and the
control group, respectively. *The ADC value between the CI+V
group and the control group showed a statistically great difference,
P<0.05.
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FI1GURE 12: The specific symptoms of patients with clinical vertigo.

group, and the difference was extremely and statistically
significant (P <0.01). For patients with vertigo symptoms
during the experiment, their clinical manifestations were
also consistent with the diagnosis of vertigo. Takahashi [19]
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F1GURE 13: The specific symptoms of patients with clinical vertigo.
A-E in the figure represented to the ambiguity, eyelid movement,
body numbness, mild hemiplegia, and other symptoms, respectively.

ever pointed out in the article that the success of the
treatment of CI+V depended on whether the function of
ischemic zone can be recovered as early as possible. How-
ever, traditional CT and MRI were both unable to accurately
determine the location and scope of lesions at early stage.
Consequently, clinical diagnosis becomes difficult. DWI
could diagnose CI+V accurately, thus guiding clinical
treatment, which was consistent with the conclusion of the
research. Snider et al. [20] demonstrated the values of TCD
in diagnosing and treating CI+V. TCD showed high ac-
curacy of diagnosing CI+V with quick and convenient
operation as well as no trauma. TCD helped people un-
derstand the functional state of intracranial vascular pre-
liminary. The examination results showed significant
guidance meaning for the early diagnosis and assessment of
CI+V.

5. Conclusion

A retrospective study was conducted on 100 CI+V patients
who underwent DWI combined with TCD examination. It
was found that the information of the cerebral infarction
lesions extracted suggested that in patients with CI+V, the
abnormal rate of blood vessels in the large-area infarction
group was obviously higher than that in the small-area
infarction group and the lacunar infarction group, showing
statistical differences (P <0.05); and compared with the
control group, the overall abnormal rate of blood vessels in
the CI+V group was highly statistically significant
(P <0.01). The deficiency is that there are only a few samples
included in the final study due to the different quality level
and degree of perfection of each case. Moreover, as this study
is a retrospective study, there are many uncontrollable
factors, so the results have certain limitations. In future
studies, the sample size will be expanded to further explore
this topic. In conclusion, DWI combined with TCD has a
good application value in the diagnosis of CI +V, providing
a theoretical basis for the clinical work of CI+V.

Data Availability

The data used to support the findings of this study are
available from the corresponding author upon request.
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This study is aimed at exploring the value of magnetic resonance diffusion-weighted imaging (DWI) combined with perfusion-
weighted imaging (PWI) for diagnosing melanoma under a three-dimensional (3D) hybrid segmentation algorithm. 40 patients
with melanoma were collected as research objects and subjected to magnetic resonance imaging (MRI) examination. A seg-
mentation model was constructed and the original images were input. The noise contained in the images was preprocessed and
normalized, and the mixed level set segmentation was performed after linear fusion of the images. Imaging findings were analyzed
to find that the combined diagnosis of DWI and PWI with a 3D hybrid segmentation algorithm had the advantage of being clear
and accurate. 10 primary cases were detected, which occurred in the cerebral meninges; 30 cases of metastases occurred inside the
skull, mostly adjacent to the surface of the brain. The typical T1-weighted imaging (T1WI) and T2-weighted imaging (T2WI) of
melanoma showed high signal and low signal, respectively, and the enhanced scan showed obvious enhancement. Atypical
melanoma was manifested variously in MRI; a few had cystic necrosis, and an enhanced scan of the solid area revealed significant
enhancement. Patients with multiple metastatic melanomas mainly showed low signal on DWI, and patients with primary or
single metastatic melanoma mainly showed high signal or mixed high signal. Patients with perfusion imaging showed high
perfusion on PWI. The 3D hybrid segmentation algorithm helped to improve the accuracy of DWI combined with PWT in the
diagnosis of melanoma. This work provided a certain reference for the clinical diagnosis of melanoma.

1. Introduction

Melanoma generally refers to malignant melanoma in clinical
practice, which is a kind of malignant tumor derived from
melanocytes. Its pathogenesis is not yet clear. Relevant studies
indicate that its occurrence and development are closely related
to the genes, the environment, or the genes together with the
environment. The occurrence of this disease is relatively in-
sidious, and the prognosis of patients is poor [1]. Malignant
melanoma is more common in adults over 30 years old and is
slightly less in men than women. It usually occurs in skin,
mucous membranes, and organs, but it can also occurs in the
eyes, nasal cavity, and the brain sometimes. It can be newly
caused by dysplastic nevus, and the malignant transformation of

junctional nevus and congenital or acquired benign melanocytic
nevus, accounting for about 3% of all tumors [2, 3]. Signs of
malignant transformation are generally manifested as the in-
crease of the pigment volume, the darkening of the color, the
sudden growth, and the appearance of inflammation, ulcers, and
bleeding of the nevus [4]. In recent years, the incidence and
mortality of malignant melanoma have increased gradually, and
the age of death is even smaller than that of other solid tumors.
Early clinical diagnosis of some melanomas is relatively difficult,
and puncture or biopsy is not recommended [5].
Histopathological examination is the gold standard for
diagnosing melanoma, and imaging examinations can ac-
curately locate and quantitatively analyze the lesions. These are
helpful for the selection of treatment plans, prediction of
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therapeutic effect, and follow-up in the latter period, having
clinical significance. Computed tomography is a common
imaging method in clinical practice. However, some patients
think that it is not sensitive to early limited-stage metastases of
melanoma, has a low benefit rate, and cannot display limbs and
other body parts. Conventional magnetic resonance imaging
(MRI) gives a better resolution for soft tissues without radiation
and can analyze the tissue source and signal characteristics of
lesions on purpose, which is of great value in diagnosing
melanoma [6, 7]. It can obtain information such as blood flow,
metabolism, and biochemistry and display microscopic images
and data noninvasively. Thus, the diagnosis of cancer can be
focused on microscopic changes rather than morphology, and
the biological characteristics of cancer tissues can be better
displayed. It also makes the detailed information of the cancer
tissues fully known, and the diagnosis rate and treatment rate
can be improved [8, 9]. Diffusion-weighted imaging (DWI)
and perfusion-weighted imaging (PWI) have fully demon-
strated their application value and potential in the brain, liver,
and prostate cancers. It was suggested that they could be used
for the differentiation of benign and malignant cancers, the
monitoring of postoperative recurrence, and the efficacy
analysis of radiotherapy and chemotherapy, etc. [10]. DWIis an
ideal method to detect the diffusion movement of water
molecules in living tissues by using diffusion-sensitive gradi-
ents. An apparent diffusion coefficient is a physical quantity of
the diffusion ability of water molecules that is used to quan-
titatively describe the diffusion movement of water molecules
in the tissues [11]. PWI appeared with the rapid imaging se-
quence of MRL It is an imaging technique that noninvasively
evaluates the blood perfusion of the tissues by observing and
comparing the early characteristics of tissue distribution [12].
In image processing, there are countless algorithms that
can be applied for segmentation. The earliest method used
for automatic segmentation of cerebral tumor is traditional
machine learning, in which the threshold algorithm, clus-
tering algorithm, and deformation mode algorithm are more
commonly used than other machine learning algorithms
[13, 14]. Automatic brain tumor segmentation technology
has been a hot research topic in recent years, especially that
based on multimodal three-dimensional (3D) image seg-
mentation. The high precision and low deviation of the
segmentation method have become common goals in sur-
gical plans [15]. The technology can meet the needs of
clinical medical treatment and has high segmentation ac-
curacy and research prospects [16, 17]. However, many
existing methods around the world are on the basis of a single
modality, so their segmentation accuracy and reliability are
not very high. Thus, the 3D hybrid segmentation algorithm
was innovatively applied to DWI and PWI, and the diagnostic
data of intracranial melanoma were expounded. This pro-
vided a theoretical basis for further understanding of mela-
noma and improved the accuracy of clinical diagnosis.

2. Materials and Methods

2.1. General Data. In this study, 40 patients with central
nervous melanoma were included, and they were admitted
to hospital from September 2019 to September 2020. All the
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patients, including 30 males and 10 females, were 37-68 years
old with an average age of 44.35 + 9.78. At the time of visiting
doctor, patients with symptoms like nausea, vomiting, diz-
ziness, headache, weakness of the limbs, visual disturbances,
and confusion of consciousness had lesions in the brain.
Meanwhile, the patients with stiff necks accompanied by
soreness had lesions in the spinal canal. The informed con-
sents were signed by the patients and their families. This study
has been approved by the ethics committee of the hospital.

The inclusion criteria were as follows: patients were
diagnosed clearly by histopathological examination; Patients
had the complete clinical and pathological data; Patients had
a good physical condition generally. The exclusion criteria
were as follows: patients with incomplete pathological di-
agnosis data and those who cannot cooperate with MRI
examination were excluded.

2.2. Instruments and Examination Methods. A 3.0 T MRI
examination was performed. The head was scanned with
TIWI, T2WI, water suppression, enhanced scanning, and
DWI combined with PWI, respectively; and the spinal canal
was scanned with TIWI, T2WI, fat suppression, and en-
hanced scanning. The MRI enhanced scanning contrast
agent was gadolinium diethylenetriamine pentaacetic acid
(Gd-DTPA), and the intravenous injection dose was
0.1 mmol/kg of weight. The scanning parameters are detailed
in Table 1.

2.3. Multimodal 3D Image Hybrid Segmentation Algorithm for
Intracranial Melanoma. The traditional fuzzy C-means
clustering algorithm had the defects of a large amount of
calculation and a long running time for large data
samples. Therefore, an improved method was proposed
to reduce the number of iterations required for the al-
gorithm convergence, and the data sets involved in the
iterations were compressed. Therefore, the running time
of each iteration process could be reduced, the operation
speed of the fuzzy C-means algorithm was improved, and the
clustering effect of the algorithm was not affected. The
clustering segmentation algorithm of 3D fast fuzzy C-means
(FFCM) was carried out by the FFCM, through which the data
was divided into ¢ categories. For an P x Q x W image, it is
assumed that {g,,i = 1,2,...,n;n = P x Q x W} was the set
of pixel intensity values in the image histogram,
{uj,j =1,2,..., c} was the set of cluster centers, and y; (g;)
was the membership function of g; belonging to category j.
Thus, the objective function of FFCM is expressed in the
following equation:

C

Jy= ]Zl 2 [1;(9)] |oi- u (1)
j;.”j (9:) = LVi, @)

O<p;(g)<1l, Vi j
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TaBLE 1: Scanning parameters for the head and spine MRL

Position Scanning items Scanning parameters Sequence
TIWI Time of repetition (TR): 2000 ms, time of echo (TE): 9 ms
T2WI TR: 3000 ms, TE: 98 ms
. TR: 7000 ms, TE: 93 ms . . .
Head Water suppression Time of inversion (TI): 2500 ms Fluid attenuated inversion recovery (FLAIR)
DWI TR: 5000 ms, TE: 90 ms
TR: 1500 ms, TE: 60 ms
PWI Slice thickness: 5 mm
TIWI TR: 420 ms, TE: 9ms
T2WI TR: 3000 ms, TE: 113 ms

Spinal canal
Fat suppression

TR: 330 ms, TE: 41 ms
TI: 220 ms

Turbo inversion recovery magnitude
(TIRM)

Slice thickness: 3 mm

Together with the equation (2), the FFCM algorithm
could be carried out. In the equations, ||e| represented the 2-
norm, r represented 1l-constant>1, which were used to
control the fuzzy degree of clustering.

Because the MRI image of intracranial melanoma was
extremely complex, a 3D hybrid level set algorithm was
applied to integrate the surface and volume information. The
zero set of the embedding function ¢ was used to represent
the active contour C = {Y|¢(Y) = 0}, and the points inside
and outside the contour had the positive or negative values.
Then the function of minimum need is defined in the fol-
lowing equation:

Mine (¢) = —ocJQ (U = )W ()d + /j’JQkIVW(qS)IdQ.
(3)

U represented the 3D image to be segmented in the
equation (3). k = exp (—c|VU|?) was the surface feature map
related to the 3D image gradient, ¢ was the control slope,
W (¢) was the Heaviside function, () was the 3D image area,
and « and 3 were the predefined weights to balance the two
items. Then y stood for the predefined parameter indicating
the lower limit of the gray level of the target image.

Q was defined as the normal vector pointing to the
outside of the surface, and then the explicit surface evolution
partial differential equation of the active contour could be
expressed as the following equation:

C, = a(U-p)Q - BV, Q) + Pk Q. (4)

—

In the equation (4), Q =-V¢/|V¢|, the curvature
x = div(Ve/|V¢|), and -,-) were the inner product. Since
only the geometric changes of the curved surface were of
interest in the segmentation, it could be observed that all
points on the curved surface moved in the normal direction
through the equation (4). The first term of the equation (4)
represented the transfer item between the expansion motion
of the inner surface area and the contraction motion of the
outer surface area in the target image. The second term
represented the advection item of surface movement in the
vector field caused by the gradient k, which drew the surface
to the boundary of the target object. The third term rep-
resented the k-weighted curvature flow of the gradient

feature map, meaning that the weak part of the support
surface was with a smooth boundary.

In the level set, C, = yQ and ¢, = y|V¢| represented the
same surface change. If ¢ was a signed distance function, the
derivative of the level set [V¢| = 1 embedding function over
time was described as the following equation:

¢, = a(U — p) + Bdiv(kVe). (5)

For the process of multimodal 3D image hybrid seg-
mentation algorithm, firstly, the MRI images of T1, T2, and
Tlce models were input. Because there was noise in the
image itself, the image is preprocessed with median filtering
and gray stretching. The gray stretching was applied under
the 3D FFCM algorithm, through which partial boundary
information could be effectively retained. Then linear fusion
was used, and the fused image was for 3D FFCM clustering
segmentation. The part with larger gray value in the clus-
tered image was extracted by automatic threshold value, the
under-segmented part of intracranial melanoma was then
obtained, and finally the mixed level set was used for the
segmentation. The flowchart and the main steps of seg-
mentation are shown in Figure 1 and 2.

According to the algorithm flow, the image segmentation
steps are shown in Figure 2. Images 2(a)-2(c) represented the
original images of FLAIR, T2, and T1C, respectively. Image
2(d) represented the image obtained after fusion, and images
2(e)-2(g) are processed by FFCM, the automatic threshold,
and the mixed level set, respectively. Image 2(h) was the final
image obtained.

3. Results

3.1. General Data of Patients. Among the 40 patients in this
study, 5 cases had the primary lesion in the cerebral meninges,
5 cases had that in the spinal meninges, and 30 cases had
intracranial metastatic melanoma. 25 cases and 5 cases had skin
and eyeballs as the primary lesion location, respectively. Fig-
ure 3 shows the pictures of melanoma in some patients.

3.2. Primary Melanoma. There were 10 cases with primary
melanoma in this study. 5 patients were with melanoma in
the cerebral meninges and the other 5 with melanoma in the
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FIGURE 1: Flowchart of the 3D image hybrid segmentation algorithm.
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FIGURE 2: Diagram of the main segmentation steps of intracranial melanoma.

cervical spinal cord. The imaging findings are shown in
Table 2 and Figure 4.

From Table 2 and Figure 4, it was found that the primary
cerebral meningeal melanoma showed a uniform magnetic
signal. A high signal was found on TIWI and T2WI, and a
slightly high signal on DWI. As the enhancement scanning
was carried out, the lesion area was obviously enhanced,
with thickened and enhanced adjacent meningeal nodules
and obvious peripheral edema. The PWTI suggested that the
rCBV of the lesion area of interest was increased. For the
primary cervical meningeal melanoma, a typical magnetic
signal was found, with a high signal on TIWI and a low
signal on T2WI. The adjacent spinal cord suffered from
compression; the arachnoid submembrane space was
widened; the lesion was obviously enhanced under en-
hancement scanning, and the dural tail sign of spinal
meninges could be observed.

3.3. Metastatic Melanoma. There were 30 cases with intra-
cranial metastatic melanoma, including 25 patients with the
primary lesion in the skin and 5 patients with the primary
lesion in the eyeballs. 20 patients of them were diagnosed
with solitary lesion, and 10 patients with multiple lesions.
The results of their imaging examinations are shown in
Table 3, Figure 5, and6.

From Table 3, Figure 5, and 6, it is observed that most of
the patients among the 30 cases with intracranial metastatic
melanoma had metastases close to the brain surface, and
only a small part of the metastases was located deep. Mild or
moderate edema was found around the lesions. The solitary
lesions of 20 patients were determined to be of capsule-solid
mixed type, with different MRI signals. There were 10 of
them who had a low or equally low signal on TIWI and a
high or equally high signal on T2WI; and the other 10
patients had mixed signals on TIWI and T2WI. DWI
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(d)

69)

FIGURE 3: Images of melanoma in some patients. (a) Melanoma with raised skin lesions; (b) keratinized melanoma; (c) dyspigmentation;
(d) melanoma with irregular borders; (e) 2 or more colors; (f) greater than 5mm in its diameter.

TaBLE 2: Imaging results of primary melanoma.

High signal

Slightly high signal Low signal

TIWI
T2WI
Cerebral meninges DWI

PWI

The relative cerebral blood volume (rCBV) of the lesion area of interest was

increased.

TIWI

Cervical spinal meninges ToWI

showed high signal or mixed high signal, and significant
lesion enhancement was found in all patients under en-
hancement scanning. For the 10 patients with multiple le-
sions, their melanomas were all solid, with uniform and
typical magnetic signals. Low signal was shown on DWI, and
increased rCBV was found on PWI.

3.4. Pathological Manifestations. All the patients were di-
agnosed with melanoma through surgical pathology. The
pathological images of some patients are shown in Figure 7.

From Figure 7, most patients had lesions complicated
with bleeding. Some patients underwent immunohisto-
chemical test, and the results suggested S-100 protein, ma-
lignant melanin-related antigen (HMB45), and Melan-1 were
all positive.

4. Discussion

The relevant literature stated that primary melanoma of the
central nervous system is rare, and it proposed three basic
diagnostic conditions, including no melanoma on the skin
and eyeballs, no melanoma history of tumor resection, and
no melanoma metastasis in internal organs [18]. All the
diagnoses of primary melanoma in this study met the above
conditions. According to the different locations of the le-
sions, primary melanoma can be divided into melanoma that
diffusely invades the cerebral (spinal) membranes and pa-
renchymal melanoma. The former is more common, mainly
because of the widespread existence of melanoma cells in the
body, such as the cranial base, brainstem, optic chiasma,
dura mater of each lobe of the brain, and spinal membrane
[18, 19]. In this study, nodular thickening of the cerebral



(d)

Contrast Media & Molecular Imaging

(e)

FIGURE 4: MRI images of primary intracranial melanoma. (A) (B), (C), and (D) : TIWI, T2WI, DWI, and PWT images of cerebral meninges
region, respectively. (E) (F): cervical spinal meninges region, respectively.

TaBLE 3: Imaging results of intracranial metastatic melanoma.

High or equally high signal Low or equally low signal Mixed signal Low signal
TIWI v N
Solitary T2WI v
DWI All equally high signals or mixed high signal
. DWI N
Multiple PWI Increasing rCBV on the solid parts of lesions

meninges was observed in cases with primary meningop-
athy, and obvious enhancement was found during enhanced
scanning near the cerebral meninges and sulcus. It was
indicated that the meninges were diffusely invaded, and the
dural tail sign was only limited to the spinal meninges
without any obvious diffusion. It was also suspected that it is
because the patients had symptoms of spinal cord com-
pression in the early stages of the rapid growth of the tumor,
but due to the timely resection, there was no diffusion to the
spinal cord.

MRI shows great differences in the presentation of
melanoma, and it can be divided into four types. The first is
the melanin type, with TIWTI and T2WI with high signal and
low signal, respectively. The second is the nonpigmented
type, as TIWI and T2WI show equally low signal and equally

high signal, respectively. The third is mixed type with the
mixed signals; and the fourth is the blood type, with only
hemorrhage manifested [20, 21]. When the melanoma is rich
in melanin, MRI will be very typical, as TIWI and T2WI
showed high signal and low signal, respectively [22]. In this
study, the primary spinal meningeal melanoma just
belonged to the melanin type. However, the MRI of most
melanomas is not typical, and the bleeding and melanin
content in the tumor tissues are the main factors in de-
termining the signal of melanoma. Relevant studies have
found that to make MRI typical, there must be more than
10% melanocyte content in the tissue. In such a condition,
T1IWTI and T2WI show high signal and low signal, respec-
tively. Peripheral blood vessels are susceptible to melanoma
invasion to cause bleeding, but the bleeding signal changes
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FIGURE 6: MRI images of multiple intracranial metastatic melanomas.

over time, which usually masks the paramagnetic effect of
melanin [23, 24]. Among the cases in this study, the signal
characteristics of primary meningeal melanoma may be
related to the complex tumor signals in the theory.
Metastatic melanoma is more common in the central
nervous system, which is the third largest intracranial
metastatic tumor, only after that of lung cancer and breast
cancer. It may occur in every part of the central nervous
system, especially the junctions of the cortex and medulla.

The MRI signal performance of it is similar to that of pri-
mary melanoma and is also related to bleeding and the
content of melanin in tumor tissue [25, 26]. In this study, 30
cases of metastatic melanoma occurred in the brain, most of
which were close to the brain surface, and a small portion
were located in the deep part of the brain, with various MRI
manifestations. 10 cases of multiple metastases with typical
signals were all solid ones, and 20 cases of solitary metastases
had cystic changes of different degrees. Among the 20 cases,
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FiGURE 7: Pathological images of melanoma of some patients (x 200).

10 cases were determined to be nonpigmented, with the
TIWI and T2WI of low or equally low and high or equally
high signal, respectively. The other 10 cases with mixed
signals might be related to intracranial bleeding. Melanoma
with intracranial metastasis is clinically diagnosed as stage
IV, and the survival period is only about 1 year. Therefore, it
is particularly important for the accurate identification of the
primary melanoma in clinical practice. Intracranial mela-
noma metastases frequently occur at the junction of the
cortex and medulla, mostly with multiple lesions, and pri-
mary melanoma mostly occurs in the cerebral meninges. For
patients who are highly suspected of having melanoma, their
melanoma history should be carefully investigated.

PWI of MRI is applied for the evaluation of the angio-
genesis in brain tissues, by measuring cerebral blood volume;
while DWI can be used for the analysis of specific tissues.
However, the diagnosis of melanoma by PWI combined with
DWTI is rarely reported at home and abroad [27, 28]. In this
study, some patients underwent DWI scanning with the
results showing diverse signal manifestations. Primary or
solitary metastases showed high or equally high signals of
varying degrees, and multiple metastases was shown low
signals. Under PWI scanning, rCBV was showed to increase,
which suggested the high tumor perfusion. Such results were
of some predictive significance for the diagnosis of melanoma.

5. Conclusion

In this work, a multimodal 3D image hybrid segmen-
tation algorithm was utilized for observing the MRI
findings of melanoma patients. It was discovered that the
MRI manifestations of most melanoma patients were
complex and diverse, showing different low, high, or
mixed signals. DWI combined with PWI examination under
the 3D hybrid segmentation algorithm had the advantages of
great clarity and accuracy, providing certain value in the di-
agnosis of melanoma. The disadvantage was that the sample
size of this work was small, which needed further supple-
mentation and improvement in the future. This work offered a
theoretical reference for the clinical diagnosis and treatment of
melanoma.
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This research aimed to study the application of magnetic resonance imaging (MRI) under three-dimensional mark point po-
sitioning algorithm in stereotactic surgery for Parkinson’s disease (PD) and improve clinical treatment effect. Eighty patients with
PD in Tianjin Medical University General Hospital were selected as the research objects and randomly divided into two groups.
The three-dimensional mark point positioning algorithm was applied to perform feature positioning on the MRI images of PD
patients, and the international unified Parkinson’s disease rating scale (UPDRS) was assessed before and after single-target surgery
of the two groups. There was a significant difference in the postoperative treatment effect between the two groups compared with
the preoperative one (P <0.05). Among the patients in the observation group, 37 cases were marked as markedly effective,
accounting for 92.5% of the total group; 1 case was ineffective and 2 cases were improved, accounting for 2.5% and 5%, re-
spectively. In the control group, 35, 2, and 3 cases were assessed as markedly effective, ineffective, and improved, accounting for
87.5%, 5%, and 7.5%, respectively. The overall curative effect of the observation group was better than that of the control group,
and the difference was significant (P <0.05). The MRI manifestations of PD patients were diversified. MRI under the three-
dimensional mark point positioning algorithm had a high value for the stereotactic treatment of PD patients, which was beneficial

to the clinical surgery.

1. Introduction

Parkinson’s disease (PD) is also called paralysis agitans,
which is a neurodegenerative disease with relatively insid-
ious onset and slow course [1, 2]. Most PD patients are
sporadic cases, and a small number of patients with the
family history account for 10%. The pathological mechanism
of PD mainly lies in glial cell proliferation in different de-
grees of the substantia nigra pars compacta with dopamine,
and the loss of some neurons. However, how this pathology
causes PD exactly is still not very clear. The degeneration and
death of the neurons need to be further explored, and other
reasons such as aging, environmental factors, genetics, and
oxidative stress have not yet been clearly known at current
[3, 4]. For the population who are attacked by PD at the age

of 60 years, relevant data show that there is a certain con-
nection between the disease and aging. However, there is no
such a trend in the 65-year-old group, and the morbidity is
not high in the 65-year-olds. Therefore, more research is
needed on how the neurons of PD patients change [5-7]. The
clinical diagnosis of PD mainly relies on symptoms, signs,
routine blood sample examinations, medical history, and so
on [8]. In the examination of head, magnetic resonance
imaging (MRI) and computerized tomography (CT) show
no characteristic changes [9]. At present, there is no cure for
PD, and the main treatment method is a combination of
drugs and surgery. Stereotactic surgery is a method for the
treatment of PD [10]. With the rapid development of im-
aging and neuroelectrophysiology, the use of brain stereo-
taxic technology to treat PD has become an important
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treatment method. Stereotactic surgery is safe and effective
for PD, and the precise positioning of the target can improve
the surgical efficacy and reduce complications.

The motor system of PD patients is abnormal, and the
lack of dopamine in the brain causes the dysfunction of
cortex-striatum-cortex circuits. How the network with the
complex process works and how it performs abnormally are
still uncertain. At present, resting-state functional MRI has
been used in the research of PD pathology and has shown
certain effects. MRI can locate in multiple directions and has
high resolution for soft tissues, so that it is widely used for
the diagnosis of many diseases clinically [11, 12]. MRI would
lead to fewer complications in stereotactic surgery, with less
loss and a relatively simpler method [13, 14]. Examination
results of MRI can be observed at multiple angles, multiple
slices, and multiple directions. The computer system can
convert the anatomical mark points into coordinate values,
eliminating measurement errors, and can display the
morphological structure of the soft tissues of the craniofacial
region clearly without radiation. Although MRI can clearly
show the structure of the brain tissues, there are relatively
few studies on MRI in examining the brain of PD patients
[15, 16]. In the clinical practice, there are differences in the
position of the two-dimensional image displayed, and the
left and right of the anatomical image cannot overlap well, so
there is the distortion in image. This also causes error in a
certain degree in the diagnosis, resulting in misdiagnosis and
missed diagnosis. The two-dimensional image cannot fully
show the real anatomy, and the detection result is not correct
enough [17]. Three-dimensional imaging in MRI images can
clearly show the exact anatomical positioning, display the
measurement of the image accurately, and locate the lesion
on the three-dimensional brain image of the patients clearly
(18, 19].

In the case of clear 3D MRI images, this study con-
structed a method for locating anatomical markers in the
brain, combined with the accurate positioning of surgical
targets, which provided a basis for the development of
single-scan MRI image parameters and improved surgical
efficacy, thus segmenting MRI images, analyzing the char-
acteristics of PD patients from different directions, reducing
the incidence of patient complications, and improving the
accuracy of surgery.

2. Materials and Methods

2.1. Research Object. Retrospective analysis of PD patients in
Tianjin Medical University General Hospital was made, and
those patients were chosen as the research objects. The
modern multifunctional video therapy equipment and high-
precision brain stereotaxic instrument were used to treat the
PD patients who joined the study. 40 patients who under-
went three-dimensional mark point positioning surgery
were included in the observation group. The age of the
patients was 42 + 72 years with an average age of 51.23 + 3.24
years, and the course of disease was (11 + 7). 16 patients out
of them had the PD of tremor type, 9 patients had the tetanic
PD, and 15 patients had the mixed PD. Another 40 patients
in the control group received ordinary surgical treatment.
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They aged 41 + 69 years with an average age of 49.23 +2.67
years and course of disease of (12+4). 19 of them suffered
from tremor PD, 11 patients had the tetanic type, and 10
patients were classified into the mixed type. This study had
been approved by ethics committee of hospital, and all the
study objects and their families were informed and volun-
tarily agreed to participate in this study.

The following inclusion criteria were formulated: All
study objects were evaluated by experienced neurologists
using the unified Parkinson’s disease rating scale (UPDRS).
The patients offered complete general clinical information.
They met the treatment indications and had not interrupted
all treatment in the hospital. All the objects self-cooperated
with the diagnosis and treatment.

Exclusion criteria were as follows: The patients had
language communication disorders, serious diseases like
organic diseases of the hematopoietic system, or mental
illnesses. Patients had a poor compliance in the treatment.
Patients stopped treatment for some cause. Patients had
systemic infections or brain diseases in other parts of the
body.

2.2. MRI Image Acquisition Method. The patients stopped
taking levodopa drugs 1 day before the surgery. On the day
of the surgery, a stereotactic frame was laid down on the
patient’s head, and a high-resolution MRI examination was
made. For functional positioning, the CRW stereotaxic
system utilized was the Leksell system of Elekta AB, Sweden.
Brain MRI was performed with 1.5T magnetic resonance
machine by Signa, GE Corporation. The receiving coil was
an abdominal phased array winding coil, while the radio
frequency transmitting coil was a body coil. The sagittal and
axial planes were selected for the positioning of the target
point under direct vision. The scanning plane was required
to be parallel to the anterior commissure-posterior com-
missure (AC-PC). The coordinates of the target nuclei were
located with the midpoint of AC-PC as the original point,
X=410-z13mm, Y=-1 to —2mm, and Z=-2 to -6 mm.
The selected conventional coronal and sagittal parameters
were as follows. Time of repetition (TR)/time of echo (TE) =
(3500-3800) ms/130 ms; for T2WTI signal, fat saturation fast
recovery fast spin echo (fs FRFSE) was X, number of ex-
citations (NEX) = 2-4, the field of view (FOV) =26. For the
sectional spin echo-echo planar imaging (SE-EPI) sequence
of diffusion-weighted imaging (DWI), b=700, TR/
TE =4000ms/73 ms. For the cross-sectional TIWI signal,
fat-saturated fast-spin echo (fs FSE) was XL, TR/
TE =400 ms/8 ms, NEX =2, and FOV =32. For the cross-
sectional T2WI signal, fs FRFSE was XL, TR/TE = 4000 ms/
130 ms, NEX =4, and FOV =32.

2.3. Mark Point Behavior Algorithm. Directed against digital
image algorithm for straight line and circular feature de-
tection, image mark point algorithm has been applied in a lot
of research worldwide. For straight line features, Paul Hough
proposed a transformation method to detect straight lines in
binary images. If the variable XY was regarded as a constant,
the linear equation in Figure 1(a) was transformed into the
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FIGURE 1: Representation of the same straight line in the parameter
space of the image space domain.

parameter space. Then, it was transformed again into a
cluster of sinusoids in the parameter space, as shown in
Figure 1(b). The edge points of the binary image can be
adopted to determine the straight-line equation, which was
that the Hough transform was used to detect the straight
line.

For the detection of circular mark points, the algorithm
was introduced and extended to detect circles, ellipses, and
parabolic curves with analytical expression f (x, y) according
to the equations. It was assumed that the center of the circle
was O (a, b) and the radius was r, and the detection of the
circular mark points was carried out in the discretized space.
The three-dimensional accumulation array A (g, b, r) was
established, and after any point (x;, y;) on the circumference
in the image space was transformed into the parameter
space, the corresponding value of r could be computed with
the changes of center of the circle in the parameters. It was
accumulated on point A, and finally a three-dimensional
cone was formed in the parameter space (Figure 2).

On the basis of positioning of the center of the circular
mark points, the flow of mark point positioning and
matching is shown in Figure 3. First, the coordinate position
of point AB was determined, and the collinearity of multiple
points was found. The mark point module utilized one-mark
point matching module in the image acquisition channel,
which matched the mark points in a certain order.

2.4. Surgical Operating Methods. Surgical target positioning
was carried out in the control group. After the CRW ste-
reotaxic head coil was installed, MRI scanning was per-
formed in the sagittal, transverse, and coronal planes. The
target was determined by the image direct positioning
method combined with coordinate value positioning, and
the target coordinates were calculated. As the microelec-
trodes and electrophysiological recording system produced
by FHC Inc. were used, the functional positioning of the
anatomically positioned targets was made and confirmed.
In the observation group, stereotaxic surgery and MRI
anatomical positioning were given. The puncture path was
designed to avoid the cerebral ventricles and cerebral sulcus
blood vessels as much as possible. Before surgery, the scalp
incision was cut according to the designed puncture path
under local anesthesia, the skull was drilled, and the
puncture was performed through the bone hole. The hard
channel of the puncture sleeve was indwelled, the recording
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FIGURE 2: Schematic diagram of duality in image space and pa-
rameter space.
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FIGURE 3: Flowchart of mark point matching.

electrode was implanted at the target coordinates through
the puncture sleeve, and the discharges of neurons in dif-
ferent positions were recorded. Satisfactory subthalamic
nucleus (STN) and substantia nigra spontaneous discharge
signals were obtained, which showed high-frequency and
high-amplitude cell discharges with high background noise
and tremor-related cells. Electrophysiological recording of
STN targets was made, eliminating the influence of image
drift and brain tissue displacement caused by intraoperative
cerebrospinal fluid loss. After the position of the target point
was determined, the stimulating electrode was implanted,
and the discharge stimulation was conducted while the
patient kept awake. The self-reported symptoms and
symptom changes of the patients after the electrical stim-
ulation were recorded under electrical stimulations in dif-
ferent frequencies and amplitudes, for the setting and
adjustment of the electrical stimulation parameters in the
later stage. The initial stimulation parameters were generally
set to a frequency of 130 Hz, a pulse width of 60 us, and a
voltage of 1.0-1.5V. The stimulation voltage was adjusted



according to the patient’s tolerance and response, generally
not exceeding 3.0 V. As the recording was completed, the
stimulation was stopped, and the stimulating electrode was
fixed. MRI was performed for checking and verifying the
position of electrode implantation, and it was observed
whether the intracranial hemorrhage or other complications
occurred. Afterwards, general anesthesia was given. A sac-
cular space was freed subcutaneously of the right chest, and
the stimulation pulser was embedded. The subcutaneous
tunnel from the right chest incision to the cephalic incision
was connected and penetrated, and the connecting wire was
embedded to connect the stimulating electrode and the
stimulation pulser. The program controller was used in vitro
for detecting the connection of the deep brain stimulation
system. After the connection was detected to work normally,
the system was shut down temporarily, and the incisions
were sutured. Levodopa drugs were retaken in the preop-
erative dose after surgery. The cerebral edema subsided, and
the microdamage effect disappeared 1 month after surgery.
The curative effect of PD patients was judged depending
on their emotional state, mental state, and behavior pattern.
The side effects of drugs, motor function, activities of daily
living, and so forth were also evaluated. Patients’ status was
assessed 1 month before surgery and 1 month after surgery,
respectively; the dose of medication remained unchanged
after surgery. With the equation preoperative UPDR—pos-
toperative UPDRS/preoperative UPDRS x 100%, it was
evaluated whether the symptoms were improved.

2.5. Image Processing. Noise would reduce the signal-to-
noise ratio of the image, in which edge detection cannot be
performed well. This affects the accuracy and speed of
marking seriously. Therefore, it is necessary to denoise the
obtained images. Noise interference must be avoided before
the mark point positioning, and the identification of mark
points was needed after edge detection. The wavelet change
was developed by the Fourier transform, with the square
integrated in the real number domain of the signal W. The
Fourier change was W, W, and W, which can decay fast
enough. Then, the function equation was generated.

1 [tb
b(w)—|— ). 1
ab(w) Va ( " ) (1)

In equation (1), b was the translation factor and a was the
expansion factor. After the wavelet was established and

satisfied, the continuous integrable function f{W) in the real
number domain was expressed as the following equation:

fw) = ! szf(a, b)(&)dadb. (2)
Ca a

2.6. Statistical Analysis. SPSS19.0 was used for statistical
analysis of the data in this study. The measurement data was
expressed in the form of mean + standard deviation, and the
nonconforming enumeration data were expressed in the
frequency (%). t-test was adopted to compare differences in
the data, and P <0.05 indicated that the difference was
statistically significant.
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3. Results and Analysis

3.1. Preprocessing of MRI Images. The results of brain MRI
imaging analysis showed that after the image was denoised,
Figure 4(b) had a higher clarity than Figure 4(a). Noise re-
duced the signal-to-noise ratio of the image. After denoise, the
mark points in the image could be clear positioned, and edge
detection could also be performed for mark point recognition.

3.2. MRI Image under Three-Dimensional Mark Point Posi-
tioning Algorithm. MRI of PD patients was evaluated, and
the results are shown in Figure 5. Figures 5(a)-5(c) clearly
show the brain structure as well as the diseased location of
the PD patient in different axial positions. Figures 5(d)-5(f)
are the effect diagrams using three-dimensional mark point
positioning to process the MRI images in different axial
positions. It could be observed that it realized the positioning
of the diseased location of the patient.

3.3. Positioning Effect of MRI Images. For the MRI images of
patients in the observation group, the correlation coefficient
distribution within the XYZ axes of the anatomical points is
shown in Figure 6. The anatomical points were distributed
within the patients with a correlation coefficient >0.9, and
the correlation coefficient between the Y axis and the Z axis
was also >0.9. It suggested that the repeatability was very
high, and the stability was great.

Eight three-dimensional mark points in the brain MRI
image were selected, respectively, with the same positioning
accuracy and the same Talairach grid system of each set of
data. The transformation parameters of the global regis-
tration were also the same. Figure 7 shows that, for the main
body classification of lateral brain and lateral ventricle, the
positioning mark point 55 had a large error.

The positioning errors of different mark points were
selected in the clinical data and the Brain web data set. The
statistical results of the positioning errors of different mark
point models are shown in Figure 8. The mark point models
had a small effect on the accuracy of the mark points in this
study.

3.4. Evaluation and Comparison of UPDRS for Patients before
and after Surgery. The curative effect of patients was counted
with the data one month after surgery. The UPDRS evaluation
results of patients in the two groups before and after single-
target surgery are shown in Figure 9. The curative effect of the
two groups after surgery was significantly different from that
before surgery, and the difference was significant (P < 0.05).
The overall curative effect of the observation group was
significantly better than that of the control group. The long-
term effect was still to be observed in the follow-up.

3.5. Comparison of the Curative Effects. As shown in Table 1,
37 cases in the observation group had the markedly effective
effect, accounting for 92.5% of all the PD patients in the
observation group. 1 case showed the ineffective effect and 2
cases showed the improved effect, accounting for 2.5% and
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(b

FIGURE 4: Comparison of image denoise processing.

(d)

()
FiGure 5: MRI images under the three-dimensional mark point positioning algorithm.
5%, respectively. In the control group, 35 cases had markedly =~ 7.5%, respectively. The overall curative effect of patients in

effective effect, 2 cases went with ineffective effect, and 3 the observation group was significantly different from that in
cases were improved, which accounted for 87.5%, 5%, and the control group (P <0.05).
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FIGURE 8: Statistical results of positioning errors of different mark point models.

eliminating tremor and tetany. Chronic electrical stimula-
tion to deep brain, gene therapy, brain core damage, and

PD cannot be completely cured, and it progresses slowly.  nerve tissue transplantation are all surgical treatments [20].
Stereotactic surgery has become a fixed surgical method for  Li et al. [21] used a machine learning method of spatial
the treatment of PD, having a significant effect on  coupling penalty to analyze the MRI images of PD patients
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FIGURE 9: The ability of MRI to diagnose the depth of myometrial invasion. The symbol # indicates the significant difference between the two
groups before and surgery (P <0.05) and # indicates that before surgery and after surgery in the same group (P <0.05).

TaBLE 1: Comparison of curative effects in the two groups.

Markedly .
Groups effective Ineffective Improved
Observation group 37 92.5% 1 2.5% 2 5.0%
Control group 35 87.5% 5.0% 3 7.5%
Chi-square 7.939
P value 0.001

and found that MRI images can well identify the ROI of PD
patients. Intracranial responses in patients may predict
outcomes. Kotecha et al. [22] demonstrated that stereotactic
radiosurgery can be very good for the treatment of brain
metastases. PD cannot be cured under any surgical treat-
ment, so a surgery is aimed to relieve the condition of
patients and improve symptoms, thereby the course of
disease would be prolonged and the pain of patients would
be reduced. Therefore, not all patients are suitable for ste-
reotactic surgery, which is also the reason why the surgical
result cannot reach 100% in a lot of research. Many factors in
the surgical treatment play a corresponding role in the di-
agnosis and treatment of the disease, including the patients’
condition, degree of cooperation, clinical experience, and
general function status; the selection of the target during the
surgery depends on clinical experience of the physicians
[23]. Furlanetti et al. [24] experimented with stereotaxic
imaging to reduce the duration and cost of image acquisition
without compromising accuracy. In this study, 37 patients
(92.5%) in stereotactic surgery had an effect markedly ef-
fective. Some scholars stated that stereotactic surgery has
contraindications for patients over 70 years old, but the age
is not a decisive factor. In this study, there is a 71-year-old
male patient who underwent the bilateral surgery, and it also
showed a good result after surgery. In stereotactic surgery,
the installation of the stereotactic instrument should be
standard and adjusted to the best position that the patients
felt the most comfortable. During the surgery, fixed per-
sonnel were selected for projection to ensure the surgery
went smoothly. The treatment of PD in China has been
carried out with deep brain stimulation surgery, which is
nondestructive with relatively few side effects and compli-
cations. The curative effect of stereotactic surgery has been
affirmed in many studies. This study also proved the

effectiveness of the surgery. It costs less and is suitable for
promotion at the grassroots level.

MRI can perform imaging in multiple planes, without
radiation, and the soft tissue resolution in the images is good.
It has shown good results in stereotactic surgery. Functional
MRI analyzes the entire brain area from the perspective of
functional integration, determines the directionality among
brain areas, and connects the brain areas of interest in the
model. In this process, it is affected by functional imaging
and neuroanatomy, and the “seed point” is generally chosen
for functional connection analysis method to discuss the
functional connection of PD patients or normal brains in the
resting state [25, 26]. Ryman and Poston [27] used bio-
markers to explore the neuropathology of PD patients, and
the functional characteristics of dopamine in the brain were
shown through MRI image analysis. The results of this study
showed that MRI had the clear images and high resolution,
giving a high accuracy for PD imaging. In stereotactic
surgery, 37 cases were treated as markedly effective, ac-
counting for 92.5%. The three-dimensional mark point
positioning algorithm was of important clinical significance
in MRI imaging of PD patients.

5. Conclusion

In this study, the three-dimensional mark point positioning
algorithm was applied to the MRI of PD patients, which
improved the efficiency of image feature extraction and
classification of patients effectively. It was suggested that
MRI was significantly improved with a markedly effective
rate of 92.5% in stereotactic surgery. Although the mark
point positioning algorithm had good results, it cannot
achieve 100% in accurate positioning with unavoidable
errors. In practical applications, there were still



shortcomings such as the inability of test data to completely
eliminate the interference of subjective factors, so the in-
dicators can be standardized in further research. As the
images selected in this study were relatively single, image
anatomical points can be analyzed from multiple angles in
the future, and more samples can also be added to expand
the study of PD patients.
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This study aimed to study the application value of computerized tomography (CT) images under the graph cut algorithm in the
effect evaluation of perioperative fast-track surgery (FTS) nursing in tibial fracture. In this study, 80 tibial fracture patients in the
perioperative period were selected as the research objects. These objects were randomly divided into two groups according to the
examination method. In group A, routine CT examination was performed; in group B, CT examination under the graph cut
algorithm was applied. The imaging results showed that there were still 16 cases with collapse of group A and 34 cases with collapse
of group B; the difference was statistically significant (P < 0.05). As for 16 cases with collapse in both groups, the average collapse
shown in group A was about 2.79 + 1.31 mm, while that in group B was 5.51 + 1.88 mm, with a statistically significant difference
(P <0.05). The average broadening in the images of group A was 3.17+1.41 mm and that of group B was 5.72+1.83 mm,
suggesting that the difference was statistically significant (P < 0.05). The broadening distance of 3-4 mm was mainly shown in the
images of group A and that of 5-8 mm was shown in group B, with a statistical difference (P < 0.05). In terms of the total score,
there were 26, 44, 8, and 2 cases that were assessed as excellent, good, common, and bad, respectively, in group A, while 44 cases
were assessed as good and 36 cases were assessed as common in group B, which were significantly different (P < 0.05). In summary,
the graph cut algorithm not only had a good segmentation effect and segmentation efficiency but also could improve the
evaluation of CT images for perioperative FTS nursing effect in patients with tibial fracture.

1. Introduction

A tibial fracture is one of the most common types of long
tubular bone fractures, accounting for 10% to 15% of sys-
temic fractures [1]. Because the tibias are very close to the
ground, it is more likely to be knocked, crushed, or hit by
direct violence. Therefore, open fractures are often caused by
more serious contaminations, as infections are prone to
occur and the wounds are difficult to heal [2]. The current
methods of treating tibial fractures mainly include the
surgical ones and nonsurgical ones [3, 4]. Nonsurgical
methods include small splint external fixation and plaster
external fixation; surgical methods mainly include internal
fixations with interlocking intramedullary nails, general

compression steel plates, external fixators, and locking
compression plates combined with minimally invasive
percutaneous plate osteosynthesis [5, 6]. If the treatment
measures are unreasonable, it will cause many complications
with the higher possibility of the disunion of fracture and
skin necrosis [7]. Therefore, in addition to the basic rigorous
monitoring after tibial fracture surgery, early fast-track
surgery (FTS) nursing can reduce the possibility of com-
plications significantly [8].

FTS was first proposed by Danish surgeon Henrik Kehlet
in the 1990s. It refers to a number of improved perioperative
nursing measures, to alleviate various adverse reactions of
patients after surgery, reduce the length of hospital stays, and
achieve the rapid recovery [9, 10]. FTS is a result of the
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continuous improvement of nutrition, surgery, nursing,
anesthesiology, and other disciplines in the perioperative
period. At present, FT'S has been widely used in the nursing
of orthopedic patients in perioperative period and has
achieved quite great effects [11]. However, there is no suf-
ficient research to prove the specific extent of joint recovery
after FTS nursing of fracture patients in the perioperative
period.

Clinically, the accurate measurement of the articular
surface plays an important role in the evaluation of the
recovery effect after fracture surgery. Computerized to-
mography (CT) and three-dimensional reconstruction
technology can not only determine the degree and scope of
joint surface damage accurately but also measure the dis-
tance of intra-articular bone splitting and the width or depth
of collapse [12]. However, the previous semi-automatic
segmentation methods of CT have the disadvantage that it is
difficult to capture the true contours of the target. Thus,
finding a more practical segmentation method is one of the
major research directions in the field of medical image
segmentation nowadays [13]. The proposed graph cuts al-
gorithm, a machine intelligence algorithm, provides a new
method for solving the practical issues of image segmen-
tation; its wide application also promotes the improvement
and perfection in itself continuously [14].

Therefore, CT under the graph cuts algorithm was uti-
lized in this research, to evaluate the recovery of tibial
fractures. Compared with routine CT, the application effect
of intelligent algorithm-based CT and its application value in
the evaluation of perioperative FT'S nursing for patients with
tibial fractures were discussed. This method had a reference
value for the evaluation of perioperative recovery in patients
with tibial fractures in the future.

2. Methodology

2.1. Research Objects. From May 2019 to December 2021, 80
patients with tibial fracture in the perioperative period were
selected for this study. After FTS nursing was given, the
recovery effect of their tibias was evaluated. The patients
were randomly divided into two groups according to the
detection methods, with routine CT examination in group A
and CT examination under the graph cuts algorithm in
group B. The examination results were compared. The pa-
tients included in the study signed the informed consent
forms, and the experiments had been approved by the ethics
committee of hospital.

Inclusion criteria were composed of the following. (1) the
tibia fracture of patients was the primary fracture, and the
joint motion before the fracture was not significantly dif-
ferent from that of the healthy limbs. (2) The fracture was a
nonpathological fracture. (3) There was no ipsilateral frac-
ture of both patella and distal femur. Exclusion criteria were
listed as follows. (1) The patients had the complicated other
acute or chronic osteomyelitis, or septic arthritis at the
fracture site in the past. (2) Patients suffered from skin and
soft tissue damage that had a great impact on knee function.
(3) They had osteoarthritis, rheumatoid arthritis, or other
arthritis before knee surgery on the ipsilateral tibial fracture.
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2.2. Nursing. Patients in the group A were given routine
rehabilitation nursing guidance, including admission edu-
cation, preoperative nursing, intraoperative cooperation,
postoperative nursing, and rehabilitation guidance.

The patients in group B were treated with the FTS
nursing in addition to the routine rehabilitation nursing. The
FTS team was formed, which was composed of orthopedic
doctors, rehabilitation specialists, and responsible nurses.
The orthopedic doctors propagandized the needs of the
clinical prognosis, nursing priorities, and difficulties of tibial
fracture patients to nursing staff and rehabilitation spe-
cialists and carried out health education and on-the-job
training to improve their clinical nursing skills. Preoperative
rehabilitation guidance was given as well. The preoperative
fasting time for patients was shortened, and 200 mL 125%
glucose injection was given two hours before the surgery. As
different degrees of pain the patients with tibial fractures
suffered from were taken into consideration, the pain level of
the patients after surgery was evaluated. Targeted pain
management strategies were formulated based on the pains
of the patients including massaging the patients’ extremities
and adjusting the tightness of the splint reasonably, to avoid
affecting the local blood supply circumstance and leading to
local swelling and pain. For patients with high pain toler-
ance, their physical and mental health and treatment
compliance could be improved by diverting their attention;
they could be given analgesic measures to avoid the increase
in the risk of complications due to pain factors. Daily re-
habilitation exercise was a gradual progress, and passive and
active exercises in bed after surgery were the main ones. It
was recommended that patients got out of bed early, and the
reasonable rehabilitation training plan should be designed
based on the patients’ physical outcome. The communica-
tion with the family members of patients was strengthened
and the ability of accelerated supervision was improved, to
help patients implement rehabilitation exercises safely and
smoothly and ensure the quality of rehabilitation.

2.3. Graph Cuts Algorithm under Threshold Marker Automatic
Generation. For the previous image cutting method, the
corresponding histogram model was constructed by setting
the foreground and background markers under manual
interaction; the attributes of the remaining unmarked pixels
were evaluated based on the model, to determine the area
items [15]. However, in the modern age where intelligence,
automation, and accuracy have been improved continu-
ously, an image segmentation algorithm that can achieve
segmentation automation or tend to be automated is needed,
especially for complex and fuzzy medical images. Therefore,
the graph cut algorithm that was suitable for the segmen-
tation of bone tissue in CT images was applied under
threshold marker automatic generation, to make up for the
shortcomings of traditional graph cutting algorithms that
required manual setting of foreground and background
markers.

A grayscale image E(x, y) with L (usually L =256) gray
levels was given; x and y represented the width and the
height of the image, respectively. n was set as the total
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number of pixels in the image E, n; was the number of pixels
whose gray value was i, and p; was the probability when the
gray value was i. Then, the following equations were
obtained:

n;
pi=5 (D
L-1
0.

A threshold t was given, and the image E was divided
into two parts: background and foreground, which were
represented by Cy and Cy, respectively. As Cy={0,1,2, ..., t}
and C;={t+1,t+2,..., L1}, the distribution probabilities
w, and w; of Gy and C,, respectively, were expressed by the
following equations:

t

wy=a pp (3)
i=0
L-1

wl = a pi' (4)
i=t+1

wy + w, = 1. The distribution mean values m, and m; of
Co and C; were then expressed by the following equations:

t
mo=d iLi, (5)
Wy
i=0
L-1
m = d i i (6)
. wy
i=t+1

The distribution variances s3 and s? of C, and C,, re-
spectively, were expressed by the following equations:

t
55 = w & P9l m)’, (7)
i=0
) L-1
5= w. a pig(i-m)” (8)
i=t+1

The information entropy H, and H; of C, and C, re-
spectively, were expressed by the following equations:

3
t
p; p,
H, =- Lgl L 9
0=  -glogi (9)
i=0
L-1
H ; Pi 1 1og L (10)
=—-qa (0] .
1 ng ng
i=t+1

For the maximum entropy threshold segmentation, the
sum of the information entropies of the foreground and
background was maximized, so that the optimal threshold
suitable for the image was obtained. In the image, the sum of
entropy f(t) of the foreground and background could be
expressed by the following equation:

f(t)=H,+H,. (11)

Therefore, the optimal threshold ¢* met the equation as
follows:

th = arg{ max f(t)]». (12)

0#t L-1

For the minimum entropy threshold segmentation, a
mixture Gaussian model was introduced by assuming that
both foreground and background obeyed the Gaussian
distribution. Then, the binary segmentation was trans-
formed into the minimizing Gaussian distribution fitting
issue. The solution objective function J(#) was worked out
with the idea of minimum classification error, as expressed
in the following equation:

J(t) =1+ wyg log—= + w, g log—. (13)
09 g‘,é 19 gVV?

The optimal threshold ¢* was finally obtained by mini-
mizing J(t), as the following equation shows:

t" = arg{ min ](t)}. (14)
0#t1-1

In this work, the obtained tibial CT images of 4 cases
were randomly selected for image evaluation experiment. To
compute the Dice similarity coefficient, one of the image
evaluation criteria, M was set as the set of image pixels under
the gold standard for manual segmentation, and N was the
set of all image pixels obtained by the semi-automatic or
automatic segmentation algorithm. Then, the Dice similarity
coefficient was obtained through the following equation:

2|M(CN]|

Dice(M, N) = M INT

(15)
If M and N did not intersect, the Dice similarity coef-
ficient was 0; if M and N intersect completely, the Dice
similarity coeflicient was 1.
Because the consumed time of each sample was difficult
to count, and there were errors among the time for each
operation, the efficiency in this study is referred to as the
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Actual image segmentation

FIGURE 1: Area division of articular surface. (a) Drawing segmentation. (b) Actual image segmentation.

time consumed by the computer to participate in the cal-
culation and execution.

2.4. CT Examination Methods. The CT instrument was
applied for examination. 6, 12, and 18 months after the FTS
nursing, CT examinations were performed on the patients
participating in this study. The degree of fracture commi-
nution, the size of the injured area, and the degree of dis-
placement were measured and evaluated; meanwhile, the
corresponding imaging scores were worked out.

The patients took the supine position on the examination
table, with the legs together and the patella facing up. CT
scanning range was 5cm above the femoral condyle and
10 cm below the tibial articular surface, with the voltage of
120kV, the current of 240 mA, the scanning thickness of
2-5 mm, and the reconstruction thickness of 0.625~1.25 mm.
The multiplanar reconstruction and surface mask imaging
were then performed.

As for the calculation of the damage area of the tibial
articular plateau surface, on the top view image of the three-
dimensional reconstruction of the tibia, a longitudinal line
was drawn in the middle of the intercondylar crest, and then,
two straight lines parallel to the longitudinal line were drawn
on both sides of the base of the intercondylar eminence. The
tibial articular surface was divided into the medial and lateral
weight-bearing articular areas and the intercondylar emi-
nence area, and then, a horizontal line perpendicular to the
longitudinal line was drawn in the middle. The medial and
lateral articular areas were further divided into anterolateral
area, anteromedial area, posterolateral area, and poster-
omedial area. Thus, the articular surface was divided into five
areas, including the intercondylar eminence area and the four
articular areas. The damage area was calculated according to
the number of damaged articular areas. The area division is
shown in Figure 1.

2.5. Imaging Scores. For the score of tibial articular surface
displacement, the Rasmussen anatomical scoring criteria for
tibial condyle fracture reduction were used. The total dis-
placement score was 18 points, if the patients held an ex-
cellent degree of joint displacement, it was 18 points; if the
degree was good, it was 12-17 points; if the degree was

TABLE 1: Scores for tibial articular surface displacement.

Fracture types Degree  Score Grade
None 6 points Excellent
. 5mm 4 points  Good
Articular surface collapse 6-10mm 2 points Common
>10mm 0 point Bad
None 6 points Excellent
Tibial articular surface <5mm 4 points Good
broadening 6-10mm 2 points Common
>10mm 0 point Bad
None 6 points Excellent
Angular deformity <10° 4 points Good
(varus or valgus) 10-20° 2 points Common

>20° 0 point Bad

common, it was 6-11 points; and if the degree was bad, it was
0-5 points. The details are shown in Table 1.

For the damage areas and degree of tibial comminution
of tibial articular plateau surface, the scores are shown in
Table 2. The total imaging score was 30 points, and the
excellent grade was rated 28-30 points; the good grade
ranged between 20 and 27 points; the common grade ranged
between 10 and 19 points; and the bad was rated 0-9 points.

2.6. Statistical Methods. SPSS 22.0 was used to process and
analyze the collected data. The paired-samples t-test was
adopted for the difference in data results between the two
groups. When P < 0.05, the difference was significant with a
statistical significance. The chi-square test was adopted to
analyze the enumeration data, and the Spearman’s rank
correlation test was used for the correlation analysis.

3. Research Results

3.1. Evaluation of Image Reconstruction Results. The seg-
mentation results of knee joint bone tissue slices are shown
in Figure 2. Figure 2(a) shows the original image, Figure 2(b)
shows the segmentation result under the traditional algo-
rithm, and Figure 2(c) shows the segmentation result under
the graph cuts algorithm with the automatic threshold mark.
It could be observed from Figure 2 that when the foreground
was complex and scattered, the number of seed points that
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TaBLE 2: Scores for damage areas and degree of tibial comminution of tibial articular surface.
Types Degree Score Grade
Intercondylar eminence area 6 points Excellent
Damage areas 1-2 areas 4 points Good
8 3 areas 2 points Common
4 areas 0 point Bad
0 fracture fragment 6 points Excellent
Degree of tibial comminution 1 fracture fragment 4 points Good
2 fracture fragments 2 points Common
>3 fracture fragments 0 point Bad

Note: “0 fracture fragment” means that the fracture line passed through the intercondylar eminence area rather than the articular surface area. “1 fracture
fragment” means that there was only one fracture line passing through the articular surface area and so on for each degree of tibial comminution.

FIGURE 2: Comparison of CT image effects under algorithm reconstruction.

needed to be marked was significantly increased and was
more complex in the traditional algorithm. It brought more
interference to image analysis. The graph cuts algorithm
based on threshold is more accurate and has better seg-
mentation effect.

The graph cuts algorithm, which generated threshold
markers automatically, did better in image segmentation and
was more efficient in algorithm efficiency. In particular,
when the foreground was scattered with a large number of
distributions in the whole image, it could not only avoid the
insuflicient foreground and background markers required
by the image segmentation algorithm but also make up for
the shortcoming of producing “holes” and isolated points
under the threshold segmentation algorithm to a certain
extent. As shown in Figure 3, this made the entire seg-
mentation more automated, and the segmentation results
were more accurate.

It could be known from the equation (15) that, when the
Dice similarity coefficient was larger, the difference between
the real and standard image segmentation results was
smaller. The smaller the Dice similarity coefficient was, the
larger the difference. Therefore, as shown in Figure 4, the
algorithm in this study offered a greater improvement in the
effect of image segmentation, compared with traditional
algorithm segmentation.

3.2. Tibial Displacement Degrees. 16 cases were found with
the tibial plateau collapse in group A, while 34 cases were
found with the tibial plateau collapse in group B, with the
statistically significant difference (P < 0.05). For the 16 cases

.0.107

Image segmentation speed (s)

10.036

Sample 1 Sample 2 Sample 3 Sample 4

—— Traditional algorithm
—— Graph Cuts algorithm

FIGURE 3: Image segmentation speed(s) of the different algorithms.

with collapse in both groups, the average collapse was about
2.79+1.31 mm in group A and 5.51 +1.88 mm in group B,
showing the statistically significant difference (P <0.05).
Figure 5 shows the comparison intuitively.

For the plateau broadening distance, there were 26 cases
in group A and 15 cases in group B. The specific broadening
distances are shown in Figure 6. For the 30 cases with
broadened tibia shown in group B, it could be found through
the images in group A as well, so that there was no significant
difference (P >0.05). The degrees of broadening were dif-
ferent. In the 30 cases, the average broadening distance was
3.17 £ 1.41 mm in group A and 5.72 +1.83 mm in group B;
the difference was statistically significant (P <0.05).
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FIGURE 6: Comparison of the detected tibial broadening distance
between two groups. *compared with the data of group A, P <0.05.

3.3. Damage Area of Articular Surface of Tibial Plateau.
The images in group A showed 6 cases with 1 damage area
and 42 cases with 2 damage areas and 2 cases with >3
damage areas. In the images in group B, there were 12 cases
with 1 damage area, 48 cases with 2 damage areas, and 12
cases with >3 damage areas. The significant difference could
be found between the two groups (P < 0.05), which is shown
in Figure 7.
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3.4. Degree of Tibial Comminution of Tibial Articular Plateau
Surface. From the images in group A, 30 cases had no
damage in articular surface, while in group B, only 8 cases
had no articular surface damage, suggesting a statistically
significant difference (P < 0.05). In terms of degree of tibial
comminution, there were 18 cases with 1 fracture fragment,
24 cases with 2 fracture fragments, and 8 cases with >3
fracture fragments in group A. In group B, there were 24
cases with 1 fracture fragment, 14 cases with 2 fracture
fragments, and 34 cases with >3 fracture fragments, with a
significant difference between the two groups (P < 0.05). The
comparison is shown in Figure 8.

3.5. Scores of Plateau Displacement Degree. As shown in
Figure 9, there were 38 cases in excellent, 34 cases in good, 6
cases in common, and 2 cases in bad in group A, while the
numbers of patients with excellent, good, common, and bad
were 22, 34, 6, and 2, respectively. There was no statistically
obvious difference in the numbers of patients in bad and
common between the two groups (P>0.05), while the
numbers of patients in excellent and good showed ob-
servable differences (P < 0.05). The average score of the two
groups was about 1.43 +1.37 points, and the difference was
statistically significant (P < 0.05).

3.6. The Total Scores. The total score reflected the scores of
the entire tibial plateau fracture after treatment. From the
images in group A, 26 cases were rated as excellent, 44 cases
were rated as good, 8 cases were rated as common, and 2
cases were rated as bad; in group B, 44 cases and 36 cases
were rated to be good and common, respectively, which had
the significant differences (P < 0.05). As shown in Figure 10,
the average score of group A was 24.98 +3.76 and that of
group B was 21.03 + 3.88; there was a significant difference
between the two groups (P <0.05).

4, Discussion

Three-dimensional CT reconstruction was formed by the
combination of advanced image reconstruction technology
overseas and CT scanning in the late 1980s. It can display the
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characteristics of fractures visually and three-dimensionally
and play an important role in clinical diagnosis, evaluation,
and treatment [16]. CT and three-dimensional reconstruc-
tion allow to observe the articular surface from any angle, to
know comprehensively about the intra-articular injury [17].
Tibial fractures are complicated as the articular surface and

the overlap of the fracture fragments are involved. CT and
three-dimensional reconstruction technology can be used
not only to determine the range and degree of the fracture of
the tibial articular plateau surface accurately but also to
measure the distance of the fracture and the depth and width
of the collapse [18, 19]. In this study, the graph cuts algo-
rithm under the intelligent algorithm was introduced to
reconstruct the traditional CT images, to evaluate the re-
covery of tibial fracture patients after FTS nursing in the
perioperative period, and to explore the application value of
the graph cuts algorithm.

The algorithm image reconstruction results showed that
the threshold-based graph cuts algorithm segmentation was
more accurate with better effect. In the efficiency, this al-
gorithm is more efficient, especially when the foreground
was scattered and quite distributed throughout the whole
image. It made the segmentation process more automatic,
and the segmentation results were more accurate [20]. The
Dice similarity coefficient was significantly improved as well
compared with that under the traditional algorithm, which
proved that the graph cuts algorithm could realize the
segmentation of bone tissue CT images effectively. The re-
sults showed 16 cases with collapses in group A and 34 cases
with collapses in group B; the average collapse in group A
was about 2.79+1.31mm and that in group B was
5.51 +1.88 mm. It could be explained that the CT recon-
struction under the graph cuts algorithm could show the
subtle fracture signs in the tibia. The average broadening in
group A was 3.17+141mm and that in group B was
5.72+1.83 mm; the difference was statistically significant
(P <0.05). In group A, 6 cases were shown with 1 damage
area and 42 cases with 2 areas; in group B, 8 and 48 cases
were shown with 1 and 2 damage areas, respectively; there
were significant differences between two groups (P < 0.05).

In this study, it was believed that CT under the graph cuts
algorithm had a better effect to display the number of
fracture fragments and evaluate the degree of fracture
comminution more accurately. Compared with those in
group B, the traditional CT photography is inferior in
showing the damage areas and the degree of comminution of
the tibial articular plateau surface. In the bird’s eye view of
images in group B, it was clearly shown the direction of the
fracture lines and the number of fracture fragments of the
articular surface, which made it more accurate to evaluate
the effect of nursing and the recovery of the patients’ tibia.

5. Conclusion

As it was aimed at the defect that traditional algorithms
needed to mark foreground and background points man-
ually in medical image segmentation, in this study, the graph
cuts algorithm was applied to reconstruct traditional CT
images. The results showed that the algorithm guaranteed
the quality of segmentation, meanwhile improved the seg-
mentation efficiency. It could evaluate the degrees of tibial
displacement, articular surface damage areas, and the degree
of comminution more accurately, for the patients with tibial
fracture after perioperative FTS nursing. Therefore, the al-
gorithm could be used to evaluate the effect of nursing



effectively, with a clinical promotion value. Due to the
limitation of conditions, the sample size included was small,
and the comparison method was simplex. It was necessary to
increase the sample size and increase the comparison
methods in the future, which would make the results more
feasible.
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The data used to support the findings of this study are
available from the corresponding author upon request.
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The effect of dexmedetomidine on postoperative agitation of patients with craniocerebral injury was investigated based on
magnetic resonance imaging (MRI) with the sparse reconstruction algorithm. Sixty patients with craniocerebral injury who
underwent tracheal intubation and craniotomy hematoma removal under general anesthesia in hospital were selected as the
research objects. Patients were randomly and averagely divided into the normal saline group (group A) and the dexmedetomidine
(DEX) group (group B). DEX was added to patients in group A during anesthesia. Other operations in group B were the same as
those in group A, where DEX needed to be used was replaced by an equal amount of the normal saline. All patients received the
MRI examination, and the images were processed by using the sparse reconstruction algorithm. After the surgery, some indexes,
such as hemodynamics (mean arterial pressure (MAP) and hear rate (HR)), the Riker sedation agitation score, the Ramsay
sedation score, and the visual analogue scale (VAS) score were recorded and compared. The results showed that the MRI image
quality processed by sparse reconstruction algorithm was observably improved. After reconstruction, the sharpness of the image
was significantly improved, and the distinction between lesions and tissues was also increased. The Riker sedation agitation score
and the incidence of agitation in group A were greatly lower than those in group B (16% VS 76%, P < 0.05). The Ramsay sedation
score of group A was manifestly higher than that of group B. The cases of postoperative nausea, vomiting, chills, delirium, and
bradycardia in group A were 2, 1, 1, 0, and 1, respectively. The cases of postoperative nausea, vomiting, chills, delirium, and
bradycardia in group B were 3, 9, 6, 5, and 0, respectively. The cases of chills and delirium in group A were observably less than
those in group B (P < 0.05). In conclusion, based on the sparse reconstruction algorithm, the MRI technology and DEX had high
adoption value in preventing postoperative agitation of patients with craniocerebral injury. Compared with group B, the he-
modynamics of patients in group A was more stable.

1. Introduction

In recent years, the incidence of craniocerebral injury is
increasing gradually. At present, it has become a relatively
common clinical acute trauma, and it is also one of the most
common causes of patients’ death in both the emergency
department and the neurosurgery department [1]. Cur-
rently, the main method for clinical treatment for

craniocerebral injury is the craniotomy evacuation of the
hematoma. The craniotomy evacuation of hematoma is
generally performed under tracheal intubation and general
anesthesia, which can not only cause hemodynamic fluc-
tuations but also lead to a linear increase in the incidence of
agitation in patients during awakening [2]. A large number
of clinical data show that patients with craniocerebral injury
often have complications, such as the fluctuation of heart
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rate and blood pressure and the dysphoria after craniotomy.
In some serious cases, patients even have secondary cerebral
ischemia and hypoxia, which further aggravates brain tissue
injury [3]. Hence, the appropriate sedation therapy for
patients with craniocerebral injury can reduce various stress
reactions caused by tracheal stimulation. The treatment of
sedation and analgesia has become an essential treatment for
patients with craniocerebral injury [4]. Nevertheless, the
sedative and analgesic drugs generally cause respiratory
depression, effect on consciousness, and pupil light reflex,
which usually bring great interference to the doctor’s
judgment [5]. Dexmedetomidine (DEX) produces dose-
dependent sedation that is similar to the status of natural
sleep. Simultaneously, it also has abirritation, diuretic effect,
and anti-sympathetic activity as well as a protective effect on
the heart, brain, and kidney [6]. DEX has been widely used in
clinical treatment, and its efficacy has been recognized by the
majority of doctors. However, there are few clinical inves-
tigations on the effect of DEX on postoperative agitation in
patients with craniocerebral injury, which needs to be
further explored.

Computed tomography (CT) is a commonly used im-
aging method for the diagnosis of the craniocerebral injury.
CT provides great help for the diagnosis of craniocerebral
injury, and it has many advantages, such as low cost and
scanning time. However, the CT scan cannot detect the skull
base, posterior fossa, and non-hemorrhagic injuries [7]. Due
to its inability to examine shear injuries of white matter,
corpus callosum, and brainstem, the CT scan has little help
in the examination of the patients with severe illness and
does not show substantial advantages in the long-term
prognosis [8]. With the continuous development and
progress of imaging technology, magnetic resonance im-
aging (MRI) has been rapidly developed, which provides the
reference and basis for the diagnosis of craniocerebral injury.
According to domestic and overseas investigations, MRI can
reveal more detailed lesions than CT. Besides, hemorrhagic
and non-hemorrhagic injuries can also be clearly distin-
guished. Zhao et al. (2019) studied the diagnostic effect of
MRI on patients with craniocerebral injury, and the results
showed that the accuracy of MRI in diagnosing cranioce-
rebral injury could reach 93% [9]. MRI has high specificity
and sensitivity in the diagnosis of cortical, brainstem, and
cerebellum injuries [10].

MRI technology has been widely applied in modern
clinical medicine. Nonetheless, the long imaging time of
MRI has always been a vital problem that restricts its further
development. The average imaging time of the latest third-
generation cone-beam CT is within a few seconds, that of the
spiral CT is even faster at about 1 second, and that of the
conventional MRI is at about 15 to 30 seconds [11]. The main
factors that affect MRI imaging are analyzed, which are
mainly classified into the machine-scanning time and the
image reconstruction time. Recently, computer technology
has developed rapidly, and it has achieved good results in the
MRI image reconstruction [12]. Currently, the unpaid image
reconstruction time has been reduced to the order of mil-
liseconds [13]. The artificial intelligence (AI) algorithm was
applied for the processing of MRI images and evaluation of
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patients with craniocerebral injury under DEX intravenous
anesthesia. The effect of DEX on patients’ postoperative
agitation was analyzed. This was of great significance for the
promotion and adoption of the Al algorithm in the medical
field and for the reduction of the incidence of postoperative
agitation and other adverse reactions in patients under
general anesthesia.

2. Methods

2.1. Research Objects. Sixty patients with craniocerebral
injury who underwent tracheal intubation and craniotomy
hematoma removal under general anesthesia in hospital
from January 2020 to March 2021 were selected as the re-
search objects. There were 36 male patients and 24 female
patients, with a mean age of 44.7 + 11.3 years old. Patients
were randomly and averagely divided into the normal saline
group (group A) and the dexmedetomidine (DEX) group
(group B). All the patients signed the informed consent, and
the experiment satisfied the requirements of medical ethics.

The inclusion criteria were as follows. I. Patients diag-
nosed with craniocerebral injury by CT and MRI II. Patients
with a Glass score (GCS) of 9 to 12 points at admission; III.
Patients with admission time of 1 to 6 hours; IV. Patients
who were no younger than 18 years old. The exclusion
criteria were as follows. I. Patients who needed a second
surgery; II. Patients with other severe injuries; III. Patients
with insufficiency of liver, kidney, lung, and heart; IV. Pa-
tients who took a long-term use of psychotropic drugs;
V. Patients with severe allergies; VI. Patients with drug
addiction or alcoholism; VII. Patients with physical dis-
abilities; VIII. Those with mental disorders or illnesses that
cannot communicate with the doctor.

2.2. Anesthesia Methods. All patients received intramuscular
injections of 0.5 mg and atropine and 0.1 g phenobarbital 30
minutes before surgery. After patients entered the operating
room, they received oxygen through a mask with an oxygen
flow rate of 3 L/min. Routine indexes were detected, such as
heart rate, non-invasive blood pressure, pulse oxygen sat-
uration, and electrocardiogram. After patients calmed down,
their vital signs were measured three times, and the average
value was calculated as the basic value. The peripheral ve-
nous channel was established for two weeks, and the
compound sodium chloride injection was given. Continuous
arterial pressure was monitored and recorded through the
routine arteria dorsalis pedis catheterization. At the be-
ginning of anesthesia induction, patients in group A were
intravenously pumped with Dexlug/kg for no less than
10 minutes. Patients in group B were given the same volume
of normal saline intravenously at the same speed and time.

For anesthesia induction, midazolam 0.1 mg/kg and
sufentanil 0.5 pug/kg were injected intravenously successively.
After patients lost consciousness, they were injected with
cisatracurium besilate 0.2 mg/kg and propofol (Di ShiNing)
2mg/kg. After 3 minutes of pressurized nitrogen removal
and oxygen delivery, the orotracheal intubation was per-
formed under direct vision. After confirmation, ventilation



Contrast Media & Molecular Imaging

was controlled by connecting the A5 anesthesia machine.
Tidal volume was set at 8 ml/kg, oxygen flow was set at 1.5L/
min, respiratory rate was set at 12 times/min, and inhalation/
respiration ratio was 1:2.

For the maintenance of anesthesia, the maintenance
amount of DEX0.5ug/kg.h was intravenously pumped in
group A, and the same volume of normal saline was pumped
at the same speed in group B. Both groups received the
continuous intravenous pumping of propofol 4-12 mg/kg.h,
cisatracurium besilate 1.5 ug/kg.min, and remifentanil 0.05-
2ug/kg-min to maintain anesthesia. Compound sodium
chloride injection and hydroxyethyl starch 130/0.4 sodium
chloride injection were used. During the surgery, respiratory
parameters were adjusted according to the results of arterial
blood gas detection, and the partial pressure of end-tidal
pressure of carbon dioxide (PETC02) was maintained at
30-40 mmHg. The infusion speed of anesthetics was ad-
justed according to the arterial blood pressure, and the
fluctuation of arterial pressure was controlled within 30% of
the base value. The infusion of muscle relaxant and DEX was
stopped simultaneously when the galea aponeurotica was
sutured in the surgery.

After the surgery, all anesthetic drugs were stopped. The
tracheal tube was removed after patients became conscious
and reached extubation indexes.

2.3. MRI Examination. 1.5 T MRI equipment was adopted to
perform a general scan of the head. The detailed scanning
parameters were as follows. The T2 weighted imaging
(T2WT)/fast spin echo (FSE), T1 weighted imaging (T1WT)/
IR transverse axis, and TIWI/IR sagittal. For T2WI, the time
of repetition (TR) was 4000 ~ 4500 ms and the time of echo
(TE) was 100ms; for TIWI, it was 1750 ms. The layer
thickness was 6 ~ 8 mm, and the layer interval was 0.5 ~
1.0 mm. Nex was 1 ~ 2 times, the matrix was 384 x 256, and
the field of view (FoV) was 24 cm.

All patients underwent axial, sagittal, and coronal scans.
MRI images were evaluated by three senior radiologists who
had no prior knowledge of patients’ injury history or disease.
If there was any dispute about the three-dimensional
judgment, the three radiologists needed to discuss and make
the conclusion. The number, location, and signal intensity of
the injury were recorded. Scans were generally performed
1-39 days after injury. The scanning time ranged from about
17 to 35 minutes. Sedation and endotracheal intubation were
required in some patients during the examination. Blood
pressure and high concentration of peripheral blood pres-
sure required continuous monitoring.

2.4. MRI Image Processing Based on Sparse Reconstruction
Algorithm. A sparse reconstruction algorithm was proposed
according to the characteristics of the back-projection al-
gorithm. Firstly, the algorithm was optimized. Then, in the
following equation, according to the properties of trigo-
nometric functions, sines and cosines of angles that differed
by 90 degrees were converted.

sin(a +90) = cos (a)cos (a + 90) = —sin(a),
sin(a + 180) = —sin (a)cos (a + 180) = —cos («), (1)
sin (a + 270) = —cos (a)cos (a + 270) = sin(«).
According to the following equations, sine and cosine
operations of (8 — ¢) were simplified.
D +rsin(f - ¢)
—©p

rcos(f—¢)
D+rsin(f-¢)

Ul(r.¢.p) = (2)

s=D (3)

In equations (2) and (3), the values of § and ¢ ranged
from 0 to 360 degrees. The reconstruction area was divided
into four quadrants, and the projection data was also divided
into four regions according to the projection angle, namely,
0< 3, 90,90 < 8, < 180, 180 < 3, < 270, 270 < 3, < 360. Four
spots were selected during the reconstruction, namely,
E(r,¢),E, (r,¢ +90), E, (r, ¢ + 180), E5 (r, ¢ + 270). 'These
four spots belonged to the four quadrants, and the values of
were equal. Besides, their ¢ values differed by 90 degrees in
turn.

Reconstruction steps after remodeling were as follows.

Firstly, for the spot E(r, ¢) in the first quadrant, when
0<B,<90, rsin(B, — ¢) and rcos (B, — ¢) were calculated.
Then, according to equations (2) and (3), U and s’ were
calculated as shown in the following equations.

U(rgp) -2 A0 @
S (1) = D 29) (5)

D +rsin(f, — ¢)

Secondly, in the following equation, for the spot
E1(r, ¢ +90), B, = B; + 90 was set, and the values of r were
set to be equal.

By = (¢+90) =P, +90-¢-90=p, - ¢ (6)

Hence, for the spot E(r,¢) in the first quadrant, there
was only one corresponding spot E1 (, ¢ + 90) in the second
quadrant. The U and s’ of the two spots corresponded to
each other. For 8, = 8, + 180, U and s’ of E2(r, ¢ + 180)
were equal to those of E(r, ¢). For 8, = 3, +270,U and s’ of
E3(r, ¢ +270) were equal to those of E(r, ¢). The following
equations showed the calculation methods.

U(r,¢,B:) =U(r,¢+90,5,)
=U(r, ¢ +180,8;) (7)
=U(r, ¢ +270,,).

s'(r.¢.py) =5 (r.¢+90,5,)
=s'(r, ¢ +270,5,).

In this step, the values of U and s’ of the four spots were
calculated once only, which helped save the time.

(8)



Thirdly, in the following equations, when 0 < 8, <90, the
values of U and s" of E1(r, ¢ + 90) in the second quadrant
were calculated.

D +rsin(B; — ¢ - 90)

U(r,¢+90,8,) =

D
9)
_D-rcos(B; - ¢)
_#)
: ~ rcos (B, — ¢ —90)
s'(r.¢+90.5,) _DD+rsinE/31 - ¢-90) (10)

rsin(B, - ¢)
D—rcos(B; - ¢)
rsin(f; — ¢) and r cos (f3; — ¢) were both obtained in the

first step, so a floating point operation was performed in this
step. Then, the following equations were obtained.

U(r,¢+90,5,) =U(r,¢+180,5,)

=U(r, ¢ +270, B3) (11)
U,
s'(r,¢+90,B,) =5 (r,¢ + 180, 3,)
=s'(r, ¢ +270,B;) (12)
=s'(r. ¢ Ba)-

The values of U and s' for spots E2(r, + 180) and
E3(r,¢ +270) could be calculated in the similar way.

After image reconstruction, the mean square error
(MSE), peak signal-to-noise ratio (PSNR), structural simi-
larity (SSIM), and other indicators were used to quantita-
tively evaluate the image reconstruction effect. The specific
calculation methods of the three indicators were as follows:

m—-1n-1

_i . a2
MSE—mn;;[I(h]) K(i- I, (13)

MAX;
PSNR =10 - log;,

MSE
(14)
_ 50 loe.. [ MAX;
= 810 MSE
2 +c )20, +cC
SSIM () = ity ) v’ 2) (15)

(02) + 1, +ci(0r + 05 +¢,)

2.5. Observation Index. Firstly, respiratory recovery time,
wake-up time, and extubation time were recorded. Secondly,
heart rate (HR) (times/min) and mean arterial pressure (MAP)
(mmHg) were recorded immediately after awakening (T1),
immediately after extubation (T2), 5 minutes (T3), 30 minutes
(T4), 60 minutes (T5), and 120 minutes (T6) after extubation in
the two groups. Thirdly, the Riker sedation agitation scores of
patients in the two groups at 6 postoperative time points were
recorded [14]. Fourthly, the degree and incidence of agitation
were recorded from the end of surgery to 120 minutes after
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extubation. Fifthly, the Ramsay sedation score of the patients in
the two groups at 6 postoperative points was recorded [15].
Sixthly, the visual analogue scale (VAS) scores of patients in the
two groups at 6 postoperative points were recorded. Seventhly,
the total amount of remifentanil and propofol used in the two
groups was recorded, and the average dose used in each group
was calculated. Finally, the incidence of adverse reactions from
the end of surgery to 120 minutes after extubation in the two
groups was recorded.

2.6. Statistical Analysis. From thisSPSS 22.0 was used for
data statistics and analysis. Mean + standard deviation (x + s)
was how measurement data were expressed. Comparison
between the two groups was performed by t test. Analysis of
variance was used for the comparisons within the groups.
Enumeration data were tested by y” test. The difference was
statistically considerable with P <0.05.

3. Results

3.1. Patients’ Classic Images. Figure 1 shows the images of
typical cases. The MRI images processed by the sparse re-
construction algorithm had higher sharpness and more
prominent details on the edges of lesions compared with the
unprocessed MRI images, which indicated that the image
quality was obviously improved.

3.2. Quantitative Evaluation of Algorithm Image Recon-
struction Effect. Figure 2 shows the quantitative evaluation
results of the image reconstruction effect of the traditional
algorithm and the new algorithm proposed in this work.
Analysis of Figure 2 showed that the MSE, PSNR, and SSIM
of the traditional algorithm were 150, 32, and 0.77, re-
spectively; while those of the new algorithm were 120, 44,
and 0.92, respectively. It can be known that there was a
significant difference in the indicators of the two algorithms
(P <0.05). This suggested that the performance of the new
algorithm proposed in this work was significantly better than
the traditional algorithm in the reconstruction of MRI
images of patients with craniocerebral injury.

3.3. Comparison of the General Recovery Time. Figure 3
shows the statistical results of postoperative respiratory
recovery time, wake-up time, and extubation time of patients
in the two groups. The respiratory recovery time, wake-up
time, and extubation time in group A were 5.33+1.3,
6.57 £2.4, and 10.1 3.3, respectively. The respiratory re-
covery time, wake-up time, and extubation time in group B
were 5.41+2.2,6.38 + 1.4, and 10.3 £2.7, respectively. There
was insignificant difference in the general recovery time
between the two groups (P > 0.05).

3.4. Comparison of Hemodynamic Data. Figure 4 shows the
comparison of hemodynamics between the two groups at
each time point. HR of group A at T1, T2, T3, T4, T5, and T6
were 100+5.5, 113+6.8, 102+7.7, 101 +£7.1, 91 £6.6, and
99 + 7.3, respectively. MAP of group A at T1, T2, T3, T4, T5,
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Before processing

After processing

FIGURE 1: Presentation of images of typical cases.
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FIGURE 2: Quantitative evaluation of algorithm image recon-
struction effect. *Compared with the traditional algorithm,
P <0.05.

and T6 were 100+ 5.7, 104+ 6.1, 98 + 8.1, 93+9.2, 87 £ 6.6,
and 82 + 7.7, respectively. In group B, HR at T1, T2, T3, T4,
T5, and T6 were 112+6.8, 126 +7.4, 113+4.9, 109 +6.3,
103 + 8.8, and 96 + 9.1, respectively. MAP of group B at TI,
T2, T3, T4, T5, and T6 were 108 +7.8, 118+ 8.8, 107 £ 6.9,
101 £7.6, 93+ 6.3, and 84 + 7.2, respectively. The compari-
son between the two groups showed that there were sig-
nificant differences in HR and MAP at each time point
within 60 minutes (P <0.05).

Extubation time

Wake up of time

Project

Respiratory recovery
time

0 2 4 6 8 10 12
Time (min)

Bl Group B
Group A

FiGure 3: Comparison of the general recovery time between the
two groups.

3.5. Comparison of the Riker Sedation Agitation Scores after the
Surgery. Figure 5 shows the comparison of the Riker se-
dation agitation scores of patients in the two groups after
the surgery. In group A, the Riker sedation agitation
scores at T1, T2, T3, T4, T5, and T6 were 2.8+0.3,
3.8+0.1, 34+0.4, 3.1+0.3, 3+£0.2, and 2.8+0.5, re-
spectively. In group B, the Riker sedation agitation scores
at T1, T2, T3, T4, T5, and T6 were 4.1+0.3, 4.7+0.4,
42+0.2,3.8+0.3,3.6+0.22, and 3.22 £ 0.31, respectively.
The difference was statistically considerable in the Riker
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FIGURE 4: Comparison of hemodynamic data between the two groups at each time point. *Compared with group A, P <0.05.
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FiGgure 5: Comparison of the Riker sedation agitation scores at each time point between the two groups. * Compared with group A, P < 0.05.
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sedation agitation score within 60 minutes between the
two groups (P <0.05).

3.6. Comparison of the Incidence of Agitation. Table 1 shows
the comparison of the incidence of agitation between the two
groups. The incidence of agitation was 16% in group A and
that was 76% in group B. The incidence of agitation in group
A was remarkably lower than that in group B (P <0.05).

3.7. The Ramsay Sedation Score. Figure 6 shows the com-
parison of the Ramsay sedation scores between the two
groups at each time. The Ramsay sedation scores at T1, T2,
T3, T4, T5, and T6 in group A were 2+0.1, 1.3+£0.3,
1.8+0.2, 1.6+0.5, 1.4+0.7, and 2.1 £0.4, respectively. In
group B, the Ramsay sedation scores at T1, T2, T3, T4, T5,
and T6 were 2.7+0.4,2+0.3,2.6 +0.2,2.9+0.1, 3+ 0.3, and
2.2+0.4, respectively. There was a statistically significant
difference in the Ramsay sedation scores within 60 minutes
between the two groups (P <0.05).

3.8. Comparison of the VAS Scores at Each Time Point.
Figure 7 shows the comparison of the VAS scores at each
time point between the two groups. The VAS scores of group
A at T1, T2, T3, T4, T5, and T6 were 2+0.2, 2.6 +0.3,
3.2+0.5, 43+0.4, 49+0.2, and 5.5+ 0.3, respectively. The
VAS scores of group B at T1, T2, T3, T4, T5, and T6 were
3+£02, 39+0.4, 48+0.6, 52+0.3, 5.8+0.2, and 6+0.5,
respectively. Within 60 minutes, the VAS scores of group A
were evidently higher than those of group B at each time
point (P <0.05).

3.9. Comparison of Dosages of Remifentanil and Propofol.
Figure 8 shows the comparison of dosages of remifentanil
and propofol between two groups. The average dosage of
remifentanil and propofol in group A were 0.11 +£0.01 and
0.073 £ 0.03, respectively. The average dosage of remifentanil
and propofol in group B were 0.33+0.02 and 0.17 £ 0.015,
respectively. The average dosage of remifentanil and pro-
pofol in group A were markedly lower than those in group B
(P <0.05).

3.10. Comparison of Postoperative Adverse Reactions between
the Two Groups. Figure 9 shows the comparison of post-
operative adverse reactions between the two groups. The
cases of postoperative nausea, vomiting, chills, delirium, and
bradycardia in group A were 2, 1, 1, 0, and 1, respectively.
The cases of postoperative nausea, vomiting, chills, delirium,
and bradycardia in group B were 3, 9, 6, 5, and 0, respec-
tively. The cases of chills and delirium in group A were
observably less than those in group B (P < 0.05).

4. Discussion

Postoperative agitation is defined as the over-excitability of
patients during the waking period under anesthesia with
ether, cyclopropane, and ketamine. Its main clinical man-
ifestations are unconscious movements of the body,

TaBLE 1: Comparison of the incidence of agitation between the two
groups.

Grading Group A Group B
3 5 2
4 20 5
5 3 7
6 2 9
7 0 7
Incidence of agitation (%) 16 76*

*Compared with group A, P <0.05.

uncontrollable crying, irrational language, and excited agi-
tation. Agitation occurs for several reasons, such as surgi-
cally related factors, anesthetic factors, and adverse stimuli.
At present, the mechanism of postoperative agitation cannot
be precisely explained [16, 17]. Some scholars believe that the
occurrence of postoperative agitation is related to the dif-
ferent degrees of inhibition of the central nervous system by
anesthetic drugs [11, 18]. Postoperative agitation is a
common but difficult complication to be controlled. Post-
operative agitation is dangerous in patients with cranioce-
rebral injury. It can not only interfere with the observation of
postoperative conditions but also seriously affect the re-
spiratory and circulatory functions of patients and further
lead to a substantial increase in intracranial pressure [19, 20].
The probability of intracranial hemorrhage also increases,
and postoperative agitation also induces secondary brain
injury like the aggravation of cerebral edema. Moreover,
patients have such problems as disturbance of conscious-
ness, which leads to the occurrence of accidents during the
removal of the tracheal tube, urinary tube, and drainage
tube. This will not only bring safety threats to patients but
also increase the difficulty of postoperative nursing [21].
Sedative and analgesic therapy can reduce restlessness
and stress response, which plays a crucial role in improving
the prognosis of patients with craniocerebral injury [22].
Benzodiazepines, propofol, and opioids are often used in the
clinic to reduce the occurrence of agitation. However, these
drugs have such side effects as respiratory depression and
urinary retention. These side effects have a great interference
effect on the clinical observation of patients’ conditions, so
its clinical adoption is limited to a certain extent. DEX is a
kind of a2 adrenergic receptor agonist that is discovered and
applied late in the clinic. It has a unique effect of calming but
not inhibiting respiration [23], so it is widely used in the
clinic. The craniotomy evacuation of the hematoma is a very
common and vital treatment for patients with craniocerebral
injury. Effective sedative and analgesic therapy after the
surgery can effectively prevent agitation in patients who have
undergone neurosurgical operations [24]. DEX can reduce
the excitability of the sympathetic nervous system and re-
duce the hemodynamic changes caused by the stress re-
sponse, which plays the role of analgesia and sedation.
Consequently, it is applied in the anesthesia and surgery of
patients with craniocerebral injury. Patients with traumatic
brain injury were selected as the research subjects in this
work to observe the effect of dexmedetomidine on post-
operative agitation. The results showed that compared with
group B, patients in group A were hemodynamically more
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FIGURE 9: The conditions of postoperative adverse reactions in the two groups.

high clinical application value in reducing postoperative
agitation in patients with craniocerebral injury.

Accurate diagnosis of the craniocerebral injury is of great
significance to the treatment of the disease. Only by an
accurate judgment of the degree of injury can correct
treatment measures be taken. Imaging techniques play an
important role in the diagnosis of these diseases, among
which CT and MRI are more commonly used and more
concerned. According to many investigations, MRI is more
sensitive than CT in the diagnosis of craniocerebral injury,
and MRI also has great advantages in the evaluation of the
prognosis of craniocerebral injury [25]. In recent years, with
the rapid development of computer technology, the com-
bination of computer technology and other technologies
becomes the main trend of the development of various fields.
In the medical field, all kinds of medical image processing
technology are explored, and there is quite good progress in
computer technology applied in the field of medical image
processing [26]. In the image processing of MRI, the sparse
reconstruction algorithm is of great concern [27]. The MRI
images of all patients were processed by sparse recon-
struction algorithm, and the value of this algorithm in
processing MRI images was studied. The results showed that
the quality of MRI images processed by the sparse recon-
struction algorithm was significantly improved. Compared
with the traditional algorithm, the sparse reconstruction
algorithm had better performance in image processing. This
shows that the MRI based on sparse reconstruction algo-
rithm also has good performance in the diagnosis of trau-
matic brain injury.

5. Conclusion

Patients with craniocerebral injury were selected as research
objects. The effect of DEX on postoperative agitation was
observed. The sparse reconstruction algorithm was used to
process MRI images of all patients, and the value of the
algorithm in processing MRI images was explored. The

results reflected that the quality of MRI images processed by
the sparse reconstruction algorithm was evidently improved.
Compared with group B, the Riker sedation agitation score,
the Ramsay sedation score, hemodynamics, and other in-
dexes of group A were better. In conclusion, DEX had a high
clinical adoption value in reducing postoperative agitation in
patients with craniocerebral injury. Besides, MRI based on
sparse reconstruction algorithm had good performance in
the diagnosis of the craniocerebral injury. There were still
some limitations in this work. For example, it only studied
the image reconstruction performance of two algorithms,
and many excellent algorithms had not been introduced.
Therefore, the algorithm proposed in this work was not an
optimal processing algorithm. In addition, it only analyzed
and showed the results of MRI examinations and failed to
compare with other examination methods, which may lead
to certain errors in the research results. In the future study
and work, it would study and improve the above problems,
and continue such research in a comprehensive and in-
depth manner.
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The data used to support the findings of this study are
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This research aimed at exploring the improvement effect of Farnesoid X receptor (FXR) regulating bile acid (BA) on hepatocellular
carcinoma with obstructive jaundice under magnetic resonance cholangiopancreatography (MRCP). Forty-eight hepatocellular
carcinoma patients with obstructive jaundice who were examined in hospital were selected as the study group, and another 10
healthy volunteers who were examined at the same period were selected as the control group. The patients were treated with FXR
inhibitor, and the therapeutic effect was observed. The results showed that after treatment, the AST content and TBIL content in
serum of the study group were 123.5 + 4.9 U/L and 1.8 + 0.3 gmol/L, respectively, which were significantly lower than those before
treatment, P < 0.05; the ALT content and AST content in serum in patients with high obstruction were significantly lower than
those before treatment, and the K* content was significantly higher than that before treatment (P < 0.05). The ALT, AST, and TBIL
contents in serum in patients with low obstruction were significantly lower than those before treatment (P < 0.05). Apparent
diffusion coefficient (ADC) was 1.17 +0.49 x 10> mm?/s in patients with moderate jaundice and 1.20 +0.27 x 107> mm?/s in
patients with severe jaundice, compared with that before treatment, and the difference was statistically significant (P < 0.05). Based
on FXR, it can regulate BA synthesis and metabolism, restore BA metabolic homeostasis, effectively play a hepatoprotective role,

reduce bilirubin content in the body, and improve jaundice injury, which has application value.

1. Introduction

Hepatocellular carcinoma with obstructive jaundice is de-
fined as obstruction of bile excretion and cholestasis due to
invasion or compression of the hepatobiliary duct or
common bile duct by various direct or indirect causes, which
is clinically characterized by hyperbilirubinemia, yellow
staining of tissues or body fluids, and bile duct dilatation [1].
Obstructive jaundice can be divided into benign and ma-
lignant obstructive jaundice [2]. The hilar bile duct is often
used as the demarcation line for the two, and the causes of
obstruction can be direct compression of the bile duct by the
primary tumor around the liver, gallbladder, bile duct,
pancreas, and ampulla, or obstruction caused by tumor
metastasis invading the bile duct at other sites [3]. The core
problem of jaundice damage to the body is a series of organ

dysfunctions with liver damage as the source caused by
persistent and progressive obstruction of the biliary tract.
Persistent obstruction makes bile unable to enter the in-
testine normally, and a large amount of bilirubin stasis in the
liver, and then a large amount of bilirubin into the blood,
forming hyperbilirubinemia, at this time with the impact of
malignant tumors, so that the body produces a series of
pathophysiological disorders [4]. Relevant studies have
shown that degeneration, necrosis, and intrahepatic chole-
stasis occur in hepatocytes when bile duct obstruction occurs
for 3 to 5 days, and with the persistence of bile duct ob-
struction, bile canalicular proliferation, fibrosis, and even
biliary cirrhosis occur [5].

Imaging examinations such as ultrasound, CT, MRI, and
endoscopic retrograde cholangiopancreatography (ERCP)
are used for the diagnosis and differential diagnosis of
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calculous obstructive jaundice, especially magnetic reso-
nance imaging (MRI) has been widely used for the detection
and characterization of liver lesions, and the evaluation of
tumor treatment effects [6]. Magnetic resonance chol-
angiopancreatography (MRCP) can clearly show the loca-
tion of obstruction and the number of stones, but it can only
provide morphological information of the liver and biliary
system, but cannot reflect the functional status of the liver.
Because liver dysfunction caused by persistent cholestasis is
an important manifestation of obstructive jaundice, the
evaluation of liver function in clinical practice is mainly
through serum biochemical monitoring [7-9]: (1) protein
metabolic function monitoring; (2) plasma coagulation
factor determination; (3) serum bilirubin determination,
which is an important indicator to assess the degree of
jaundice; (4) bile acid (BA) metabolism detection, which is
synthesized by cholesterol in the liver, and the determination
of which can reflect the synthesis, uptake, and secretion
function of hepatocytes, and is related to biliary excretion
function; (5) liver function test, indocyanine green (ICG)
retention test; and (6) detection of serum enzymes and
isoenzymes.

BAs are a general term for a large group of cholanic acids
found in bile. As the main component of bile, they often exist
in the form of sodium or potassium, which is called bile salt
[10]. The BAs are to form mixed micelles through the
characteristics of their surfactants to promote the dissolu-
tion, digestion, and absorption of fat and fat-soluble vita-
mins; it can also maintain the homeostasis of cholesterol in
the body by promoting the absorption of intestinal nutrients
and the secretion of cholesterol in bile, thereby protecting
the liver and other tissue cells from the toxicity of high
cholesterol; it can protect the intestine, remove endotoxin, act
as a chemical barrier of the intestinal mucosa, and maintain
the stability of the intestinal microbiome under normal
physiological conditions, and most BAs have a significant
antibacterial effect on Staphylococcus aureus and Escherichia
coli [11]. In recent years, through the study of BA metabolism,
it has been found that BA is not only an energy-derived
substance in the body, but also an important signaling mol-
ecule, which is involved in the regulation of glucose and lipid
metabolism, energy metabolism, and inflammation in the
enterohepatic circulation system and peripheral organs by
activating different signaling pathways [12].

With the in-depth study of metabolism, scholars have
found that in addition to the general physiological function
of BA metabolism, it can also indirectly regulate many bi-
ological processes of the body. When the homeostasis of BA
metabolism in the brain-enterohepatic axis is destroyed, it
can cause a series of diseases, which are closely related to the
hepatobiliary system, nervous system, etc. It has become a
research hotspot in liver disease, encephalopathy, metabolic
diseases, etc. [13]. Nuclear receptor Farnesoid X receptor
(FXR) is the most important receptor that controls BA
metabolism and is involved in affecting the enterohepatic
circulation system. By regulating the expression of related
key enzymes and target genes, FXR is involved in the reg-
ulation of BA synthesis, efflux, metabolism, intake, and
transport, which is of great significance for reducing the
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toxicity of BAs to the liver, maintaining the homeostasis of
BAs, maintaining body homeostasis, and exerting a pro-
tective effect on the liver [14]. FXR is widely distributed in
various tissues such as liver, intestine, adipose tissue, vas-
cular wall, pancreas, and kidney, especially highly expressed
in tissues and organs closely related to BA metabolism such
as liver and intestine, which can regulate the absorption,
metabolism, and secretion of BAs [15].

Therefore, patients with obstructive jaundice due to liver
cancer were selected as the study subjects to regulate BA
changes in patients by FXR inhibitor treatment and to
observe its therapeutic effect on obstructive jaundice injury
with the help of MRI cholangiopancreatography. It provides
data and theoretical support for the evaluation of the
therapeutic effect of obstructive jaundice injury in liver
cancer in the future clinical practice.

2. Research Methods

2.1. Study Subjects. Forty-eight hepatocellular carcinoma
patients with obstructive jaundice who were examined in
hospital from January 2019 to June 2021 were selected as the
study group, including 20 males and 28 females, with an
average age of 52.61 +9.59 years. All patients were treated
with FXR inhibitors and could be classified according to the
serum bilirubin content as mild jaundice: 34-170 ymmol/L,
moderate jaundice: 170-240 yummol/L, and severe jaundice:
>340 ymmol/L. According to the site of obstruction, it was
divided into high obstruction and low obstruction. Another
10 healthy volunteers examined in the Hospital during the
same period were selected as the control group, including 5
males and 5 females, with a mean age of 46.74 + 7.92 years.
The families of the patients signed the informed consent
form, and the trial process was approved by the ethics
committee of hospital.

Inclusion criteria are as follows: (1) biochemical tests
suggested elevated serum bilirubin; (2) imaging diagnosis
showed benign intrahepatic and/or extrahepatic bile duct
stone obstruction; (3) intrahepatic or extrahepatic bile duct
stones confirmed by surgery; and (4) liver cancer confirmed
by pathological examination. Exclusion criteria are as fol-
lows: patients with other chronic liver diseases.

2.2. Detection of Total Bile Acid (TBA) Level. Blood samples
were collected from veins in the morning (fasting), and
serum was separated and placed at 20°C for examination.
Basic principle: the level of TBA was determined by the
double antibody sandwich method. The extracted TBA was
added into the micropores of the coated monoclonal anti-
body and combined with the HRP-labeled TBA body to
form an antibody-antigen-enzyme-labeled antibody com-
plex. After thorough washing, the substrate TMB was added
for color development. TMB changed from blue to yellow
under the catalysis of HRP and acid, and the color depth was
positively correlated with the TBA content in the sample.
The OD value was measured at 450 nm by enzyme labeling
instrument, and the concentration of TBA in the sample was
calculated by the established TBA standard curve [16].
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2.3. Upper Abdominal MRI and Laboratory Tests for Liver
Function. 3.0 T magnetic resonance scanner was used. Each
patient was fasted for 6-8 hours before the examination, and
the patient’s breathing was trained before the scan, so that
the patient can better cooperate with the breath-holding.
Routine MRI scanning was performed in the supine, head-
forward position, the upper abdomen was surrounded by an
abdominal phase-controlled display coil, and routine TIWI,
T2WI, coronal T2, and MRCP scans of the liver were
performed. DWI examination was performed with the body
coil as the radiofrequency transmit coil and receive coil, using
the SE-EPI sequence and prospective acquisition correction
(PACE), axial, TR: 5,900 ms, TE: 83 ms, slice thickness:
6.59 mm, interval: 1 mm, field of view: 284 x 376 mm, matrix:
115 %192, NEX = 1. The b value (diffusion-sensitive gradient
coefficient) was taken as 50, 400, and 800 s/mm?>.

All MRDWTI images automatically generated apparent
diffusion coefficient (ADC) maps by magnetic resonance
postprocessing workstation, and two experienced MRI di-
agnostic experts jointly evaluated the image quality and
measured the ADC values of the liver in the qualified
scanning images. Since the left lobe of the liver was sus-
ceptible to cardiac motion, the circular region of interest
(ROI) for measuring the ADC value of the liver parenchyma
was located at the level near the hilum of the ri§ht lobe of the
liver, with each circular ROI area of 79 mm~ (1 cm in di-
ameter), which contained about 776 voxels, and the visible
hepatic vasculature should be avoided as much as possible
during measurement.

The laboratory examination of the liver function of all
patients was to draw 5mL blood from elbow vein when
fasting and analyze it automatically by the Beckman Coulters
automatic biochemical instrument; the time between labo-
ratory examination and MRI examination was less than 48
hours. Laboratory test indicators included alanine amino-
transferase (ALT), aspartate aminotransferase (AST), serum
total bilirubin (TBIL), and electrolytes (Na*, K).

2.4. Statistical Methods. SPSS 22.0 statistical software was
used for data management and statistical analysis. Mea-
surement data were expressed as mean + standard deviation,
means were compared using the #-test, and categorical
variables were compared using x* test, with P <0.05 con-
sidered statistically significant.

3. Results

3.1. General Information. Fifty-eight subjects were included,
including 25 males and 33 females. After examination, there
were 26 cases of high biliary obstruction and 22 cases of low
biliary obstruction; There were 8 cases of mild jaundice, 24
cases of moderate jaundice, and 16 cases of severe jaundice
(Table 1 and Figure 1).

3.2.Changesin BA Levels. The detection results of serum TBA
showed that the content of serum TBA was 13.5 + 0.4 mmol/L
and intrahepatic TBA was 34.6 + 0.6 mmol/L in the con-
trol group. The serum TBA was 11.2+0.6 mmol/L, and

TaBLE 1: General information of patients.

Group Cases Age/years old Male/cases Female/cases
Study group 48  52.61+9.59 20 28
Control group 10  46.74+7.92 5 5

Severe jaundice

Moderate jaundice

Mild jaundice

Low lying biliary obstruction

High grade biliary obstruction

0 5 10 15 20 25 30

Number of individuals occupied (n)

FiGure 1: Basic information of patients.
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F1GURE 2: Changes in the serum TBA content. “*Compared with the
control group, P <0.05; #compared with that before treatment,
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. . . . . . E .

control group Before treatment ~ After treatment

TBA (mmOl/L)
S

FiGure 3: Changes of the intrahepatic TBA content. “Compared
with the control group, P <0.05; #compared with that before
treatment, P <0.05.

intrahepatic TBA was 12.4 + 1.8 mmol/L in the study group
before treatment. Compared with the control group, the
content in the study group decreased significantly, and the
difference was statistically significant (P <0.05). After treat-
ment, the content of serum TBA and intrahepatic TBA in the
study group were 12.8 0.5 mmol/L and 28.3 + 1.2 mmol/L,
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F1GUre 4: Changes in various indexes of the liver function test. “Compared with the control group, P < 0.05; #compared with that before
treatment, P <0.05. (a) AST (U/L). (b) ALT (U/L). (¢) TBIL (umol/L). (d) Na+ (mmol/L). (¢) K+ (mmol/L).

which increased significantly compared with that before
treatment, with a statistically significant difference (P < 0.05).
Although there was a difference compared with the control
group, it was not significant, P > 0.05 (Figures 2 and 3).

3.3. Laboratory Test Results. The contents of AST, ALT,
TBIL, Na*, and K" in the serum of the control group were
1184+6.2U/L, 557+1.2U/L, 1.9+0.4umol/L, 135.74+
476 mmol/L, and 4.14+ 0.52 mmol/L, respectively; before
treatment, the content of AST in the serum of the study
group was 146.3+9.7 U/L, which was significantly higher
than that of the control group, and the difference was sta-
tistically significant (P <0.05). Although other contents
increased or decreased in varying degrees, the difference was
not statistically significant (P >0.05). After treatment, the
content of AST in serum was 123.5+4.9 U/L, which was
significantly lower than that before treatment, P <0.05. The
content of TBIL was 1.8 +0.3 umol/L, which was signifi-
cantly lower than that (2.2 + 0.5 ymol/L) before treatment,
P <0.05. There was no significant change in other contents
(Figure 4).

3.4. Changes of Liver Function at Different Obstruction Sites.
The detection results of the changes in liver function in
patients with obstruction at different sites showed that after
treatment, the serum ALT content of 55.7 +31.6 U/L, AST
content of 66.4+42.4U/L, and TBIL content of 215.4 +
136.32 ymol/L in patients with high obstruction were sig-
nificantly decreased compared with those before treatment,
and the differences had statistical significance (P < 0.05); the

K" content of 4.13 + 0.4 mmol/L was significantly increased
compared with that before treatment, and the difference had
statistical significance (P < 0.05) (Figure 5). The serum ALT
content of 47.4+32.8 U/L, AST content of 56.1 +25.9 U/L,
and TBIL content of 142.5+ 123.6 umol/L in patients with
low obstruction were significantly decreased compared with
those before treatment, and the differences were statistically
significant, P <0.05 (Figure 6).

3.5. MRI Test Results. The results of MRI showed that ADC
was 1.34+0.32x10°mm?%/s in the control group,
1.24+0.44x 10> mm?/s in patients with mild jaundice
before treatment, 1.18 +0.67 x 10> mm?/s in patients with
moderate jaundice, and 1.02 + 0.66 x 10> mm®/s in patients
with severe jaundice; compared with the control group, the
difference was statistically significant (P <0.05); ADC was
1.17 +0.49 x 10> mm?/s in patients with moderate jaundice
and 1.20 +0.27 x 10> mm?/s in patients with severe jaundice
after treatment; compared with that before treatment, the
difference was statistically significant (P <0.05). Although
ADC values were slightly increased in patients with mild
jaundice, compared with those before treatment, the dif-
ference was not statistically significant (P > 0.05) (Figure 7).

4. Discussion

FXR regulates the synthesis of BAs in a tissue-specific
manner. High levels of ligands activate the expression of
hepatic FXR. FXR inhibits the synthesis of BAs in the
classical pathway by inducing the expression of target gene
atypical nuclear receptor small heterodimer partner (SHP)
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Figure 5: Changes of liver function in patients with high obstruction. “Compared with that before treatment, P < 0.05.

and further inhibiting the expression of rate limiting enzyme
CYP7A1. The inhibition of the classical pathway often feeds
back the activation of alternative pathway synthase [17]. The
results of serum TBA content detection in patients with
hepatocellular carcinoma and obstructive jaundice treated
with FXR inhibitor showed that the serum TBA content was
13.5+ 0.4 mmol/L and the intrahepatic TBA content was
34.6+ 0.6 mmol/L in the control group. The serum TBA
content was 11.2+0.6 mmol/L, and the intrahepatic TBA
content was 12.4 + 1.8 mmol/L before treatment in the study
group, which was significantly decreased compared with the
control group, and the difference had statistical significance
(P <0.05); the serum TBA content was 12.8 + 0.5 mmol/L,
and the intrahepatic TBA content was 28.3 + 1.2 mmol/L
after treatment in the study group, which was significantly
increased compared with that before treatment, and the
difference had statistical significance (P < 0.05). Studies have
shown that liver injury causes BA intestinal and hepatic
circulation disorders and BA secretion disorders in the liver,
blood BA levels increased significantly, and an increased BA
reflux rate causes the increase in TBA levels in ileum [14].
FXR-based regulation of BAs is effective in the treatment of
liver injury.

Studies have shown that elevated transaminases and
serum bilirubin may present with obstructive jaundice when

the left and right hepatic ducts are obstructed at the same
time or the common hepatic duct is obstructed, and patients
may present with only elevated transaminases and normal
serum total bilirubin when one hepatic duct is obstructed
alone [18]. The detection results showed that serum AST,
ALT, TBIL, Na*, and K contents in the control group were
1184+62U/L, 55.7+1.2U/L, 1.9+0.4umol/L, 135.74+
4.76 mmol/L, and 4.14 + 0.52 mmol/L, respectively; the se-
rum AST content in the study group before treatment was
146.3 +9.7 U/L, significantly higher than that in the control
group, and the difference had a statistical significance
(P<0.05); after treatment, the serum AST content was
123.5+4.9 U/L, significantly lower than that before treat-
ment, and the difference had statistical significance
(P <0.05); the TBIL content was 1.8 +0.3 ymol/L, signifi-
cantly lower than 2.2 + 0.5 ymol/L before treatment, and the
difference had statistical significance (P < 0.05). The decrease
in transaminase and serum bilirubin in the patient’s body
suggested that the obstructive jaundice was effectively im-
proved. This is similar to the results of a simulation ex-
periment by Yan-Xi et al. [19]. The detection results of the
changes of liver function in patients at different obstruction
sites showed that after treatment, the serum ALT content of
55.7+31.6 U/L, AST content of 66.4+42.4U/L, and TBIL
content of 215.4+136.32 ymol/L in patients with high
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Figure 6: Changes of liver function in patients with low obstruction. *Compared with that before treatment, P < 0.05.
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obstruction were significantly decreased compared with
those before treatment; the differences had statistical sig-
nificance (P < 0.05); the serum ALT content of 47.4 +32.8 U/
L, AST content of 56.1 +25.9U/L, and TBIL content of
142.5+123.6 umol/L in patients with low obstruction were
significantly decreased compared with those before treat-
ment; the differences had statistical significance (P <0.05).

nificant compared with the control group, P <0.05; ADC
was 1.17+0.49x10° mm?/s in patients with moderate
jaundice and 1.20 +0.27 x 10~> mm?/s in patients with severe
jaundice after treatment, and the difference was statistically
significant compared with that before treatment, P < 0.05.
The possible mechanisms were analyzed as follows: (1) due to
the increase in serum bilirubin, bile salts, and plasma en-
dotoxin concentration, the apoptosis of hepatocytes was
accelerated: the Na*-K* ATPase activity of hepatocytes was
inhibited, resulting in cytotoxic edema and bile duct. Bile
duct epithelial proliferation and a small amount of irregular
capillary network was formed around the new bile duct,
which increased the cell density and decreased the inter-
cellular space, limiting the diffusion movement of water



Contrast Media & Molecular Imaging

molecules; (2) the role of increased pressure in the upper bile
duct of obstruction and cytokines released by macrophages,
bile duct epithelial proliferation, and capillary network
formation around the new bile duct, so that the cell density
increased and the intercellular space became smaller, further
leading to limited water molecule diffusion; (3) cholestasis and
inflammatory cell infiltration, resulting in liver micro-
architecture destruction and remodeling, caused microcir-
culatory pathway disorders, intrahepatic microthrombosis,
and reduced hepatic effective blood flow, resulting in decreased
measured ADC values. However, although the ADC values of
patients with mild jaundice increased slightly, there was no
significant difference compared with those before treatment,
with no statistical significance, P > 0.05. It may be because in
mild jaundice, after obstruction, the serum bilirubin level was
slightly increased, the pressure in the bile duct was increased,
the bile canaliculi were dilated, the microvilli were reduced, the
normal structure of desmosomes was destroyed, and the bile
solute molecules in bile canaliculi diffuse or reflux to the
surrounding, causing osmotic pressure changed; a large
number of water molecules entered the intercellular space,
resulting in increased intercellular space and increased dif-
fusion movement of water molecules, which counteracted with
the factors limiting the movement of water molecules and
made the increased measured ADC value. When bilirubin
continued to rise, factors that limited the movement of water
molecules dominated, resulting in reduced ADC values.

5. Conclusion

FXR inhibitor was used to regulate BA in the treatment of
obstructive jaundice injury in liver cancer, and the thera-
peutic effect was detected by MRI cholangiopancreatography.
The results showed that the regulation of BA based on FXR
could regulate the reabsorption of BA, accelerate the cir-
culation of BA, restore the homeostasis of BA metabolism,
play a hepatoprotective role, reduce bilirubin content in the
body, and improve jaundice injury, which has application
value. However, due to the limitation of experimental con-
ditions, the included sample size is small, there is no sig-
nificant difference in the changes of some data, and the liver
function is strong and the physiological and pathological
changes are complex, resulting in that the measurement of
the ADC value is affected. Therefore, it still needs to further
expand the sample size for further study and confirmation.
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This study aimed to analyze the role of magnetic resonance imaging (MRI) data characteristics based on the deep learning
algorithm in evaluating the treatment of diabetic foot (DF) with composite skin graft. In this study, 78 patients with DF were
randomly rolled into the experimental group (composite skin graft) and control group (autologous skin graft) with 39 patients in
each group. MRI scans were performed before and after treatment to compare the changes of experimental observation indicators
such as healing time, recurrence rate, and scar score. The results showed that T1-weighted imaging (T1IWI) of the scanning
sequence was considerably increased in the experimental group after treatment. The signal intensity of fat-suppressed
T2-weighted imaging (T2WI) and fat-suppressed TIWI enhancement sequences was considerably decreased (P <0.05). In
addition, compared with the control group, the recurrence rate, healing time, and scar score in the experimental group were
considerably decreased (P <0.05). The accuracy, specificity, and sensitivity of MRI imaging information in evaluating the
therapeutic effect of DF patients were 85.2%, 89.75%, and 86.47%, respectively. According to the specificity and sensitivity, the
subject operating characteristic curve was drawn, and the area under the curve was determined to be 0.838. In summary, MRI
image data characteristics based on the deep learning algorithm can provide auxiliary reference information for the efficacy

evaluation of compound skin transplantation for DF.

1. Introduction

In recent years, with the rapid growth of the incidence of
diabetes, the number of diabetic foot (DF) patients has
gradually increased [1]. DF is a very serious complication
caused by diabetes, usually manifested as infection of the
lower limbs, ulcers, and even the destruction of deep tissue
and bone marrow. Pathological changes involve neuropathy
and peripheral vascular lesions of the lower limbs. The disease
is characterized by a long period of disease, which is often
difficult to cure, high treatment cost, and a very high re-
currence rate, thus bringing serious burden and harm to
patients and families all over the world [2-5]. According to
statistics, in 2003, the number of diabetes patients in the world
was close to 200 million, while in 2014, the number of diabetes
patients has exceeded 400 million. At this rate, the number of
diabetes patients in the world will exceed 600 million by 2035

[6-8]. In China, the number of diabetes patients is also in-
creasing rapidly. The literature reported that the incidence of
diabetes in China was only 0.67% in 1980. In 2013, the in-
cidence of diabetes has increased to more than 10%, which
means that 10-11 out of 100 randomly selected people in
China have diabetes. The incidence of DF is also high, and
there are about 8 DF patients in every 100 people [9, 10].
Clinical DF is often difficult to cure, and the mechanism is
that the DF patients lack growth factors required for normal
healing. DF patients increased proteolytic activity, resulting in
arapid increase in matrix metalloproteinase concentration, so
that the wound could not heal normally. The function of
fibroblasts in patients is limited, resulting in the difficulty of
normal synthesis of collagen and abnormal blood vessel
formation, resulting in affected wound healing. In DF pa-
tients, the normal activity of white blood cells in the body
inhibited, and sufficient neutrophils cannot gather around the
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wound, leading to the failure of the antiinfection function of
the wound site and the limitation of blood supply, thus af-
fecting wound healing [11-14].

Slow healing of DF ulcer seriously affects the quality of
life of patients. Therefore, the treatment and management of
DF patients is particularly important [15].

The treatment of DF mainly includes medical treatment
and surgical treatment. First, according to the situation of DF
wounds, different methods of debridement and dressing
change should be appropriately given to remove local bacteria
or infected microorganisms to promote wound healing, and
systemic antibiotic treatment should be given to patients at the
same time [16, 17]. After long-term conservative medical
treatment, the wound will not heal for a long time and even the
infection will be aggravated. At that time, it is necessary to use
surgical treatment to remove the necrotic limbs, remove the
potential infection foci, and avoid the development of DF into
sepsis. Skin grafting is an operation with significant efficacy for
the repair of large areas of wounds and is a good choice for the
healing of diabetic foot wounds [18-20]. Skin grafting is often
used to repair DF ulcers in clinical practice. When simple skin
grafting is adopted to repair wounds, such as medium or full
thickness skin, the survival rate of full thickness skin trans-
plantation is often low due to the existence of granulation
wounds. After medium thick skin transplantation, the healing
barrier of donor site will be caused, resulting in the generation
of new surface. Thick blade skin transplantation can solve the
problem of low survival rate. However, due to the lack of
dermis after skin grafting, the friction resistance and pressure
resistance of the surface are poor, and it is easy to cause
secondary ulceration. Composite skin transplantation can
solve the above problems. In this study, acellular allogeneic
dermal matrix and autologous skin combined with skin
grafting were used to treat DF patients. Acellular allogenic
dermal matrix refers to the fixation and cross-linking of al-
logenic skin extracellular matrix with solid agent treatment.
Then, chelating agents and trypsin were used to remove the
epidermis, and DNA and RNA enzymes and chemical agents
were used to treat the reticular acellular allogenic dermis to
reduce the cellular immune response [21].

Diabetes can be diagnosed and observed by X-ray,
computed tomography (CT), magnetic resonance imaging
(MRI), and other influencing methods. X-rays are an eco-
nomical method and are often used to evaluate bone in-
fection, but changes in the bone usually do not show up until
1-2 weeks after infection. The density resolution of CT is
higher than that of X-ray, but compared with MRI, the early
changes of the lesions displayed by CT are obviously inferior.
MRI and CT examination have the same price, high soft
tissue resolution, and spatial resolution, which can diagnose
abnormal changes of bone early and can accurately diagnose
the range of lesions and whether there is infection, providing
a reliable basis for the selection of clinical plans. Therefore,
MRI has unique advantages in the diagnosis of DF. There are
many imaging features around ulcer skin of DF. Computer
vision algorithms can make use of these visual symbols to
distinguish and use deep learning-based methods for
medical image analysis, and processing has become an
important part of imaging diagnosis. It plays a crucial role in
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detecting a variety of diseases, including DF ulcers. As a
target detection algorithm, the single shot detector (SSD) is
one of the main target detection frameworks. With high
speed and accuracy, it can detect objects on different feature
maps at different scales, resist changes in object size to a
certain extent, and give more robustness to the network.
Methods and technologies based on deep learning have been
widely applied in the medical field and have a high clinical
application value [22].

In this research, DF patients meeting the requirements
were selected and divided into the experimental group and
control group. Different methods were used for treatment,
and MRI scanning and clinical indicators were observed and
compared to comprehensively evaluate the application value
of MRI imaging information based on the deep learning
algorithm in the curative effect of compound skin trans-
plantation for diabetic foot, so as to provide a feasible plan
for the clinical treatment of DF.

2. Materials and Methods

2.1. The Research Objects. In this study, 78 patients with DF
admitted to hospital from January 10, 2018, to May 10, 2020,
were selected and divided into the experimental group and
control group according to their treatment intention, with
39 patients in each group. Composite skin graft and au-
tologous skin graft were adopted for treatment in the ex-
perimental group and control group, respectively. This study
had been approved by the ethics committee of hospital, and
the patients’ families had been informed of this study and
signed informed consent.

Inclusion criteria were as follows: patients diagnosed
with DF according to diagnostic criteria, patients had been
treated with combined skin graft/autologous skin graft,
patients older than 18 years, patients who had signed in-
formed consent, and patients with contraindications were
not examined.

Exclusion criteria were as follows: patients with other
serious underlying diseases, patients with severe allergic
constitution, patients with obesity, patients with lower limb
amputation, patients whose family members did not agree or
sign informed consent, and patients with poor coordination
or did not accept follow-up.

2.2. Treatment Methods. Patients in the experimental group
were treated with compound skin graft. First, debridement
was performed to remove the necrotic skin, subcutaneous
tissue, tendon, fascia, and necrotic bone. Then, the skin
wound was covered with VSD dressing, and the negative
pressure sealing drainage technology was used to keep the
VSD unobstructed by periodic flushing. VSD was replaced
regularly until the necrotic tissue at the depth of the wound
was removed and the granulation tissue was fresh and full.
For skin grafting, the acellular allogenic dermal matrix
prepared was taken and washed with normal saline for three
times. The size of the wound was compared and trimmed,
not exceeding the edge of the wound. Acellular allogenic
dermal matrix was fixed on the wound surface with net face
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up and dermal face down to make it closely fit without
leaving gaps. The skin of the leg was taken with an electric
skin knife, transplanted on the wound surface, and fixed. It
was washed with normal saline to make it closely fit, leaving
no dead cavity. Then, VSD material was covered on the
surface again, and negative pressure was applied to seal
drainage. The patency of the VSD was checked regularly
every day, and the affected limb was kept in a high position.
VSD material was removed 7-10 days later, and the survival
of skin grafting was observed. Dressing change and nursing
were continued on time until the wound healed completely.
The control group was treated with autologous skin graft.
Autologous skin graft thickness was about 0.4 mm. Other
treatments were the same as compound skin graft.

2.3. MRI Scan. 3.0 T MR imaging scanning instrument was
used for scanning. Sagittal plane, transverse plane, and
coronal plane scanning were performed according to the
lesion site of the foot. Special coil for the foot was adopted.
The scanning sequence included Tl-weighted Imaging
(T1WI), T2-weighted Imaging (T2WI), and fat-suppressed
T1WI Enhancement scan was performed about 3 min after
the gadolinium contrast agent was injected. The injection
volume was calculated according to 0.1 mmoL/kg, and the
injection rate was 2.5 mL/s. Specific scanning parameters are
shown in Figure 1.

2.4. Deep Learning Algorithm Model. As an excellent target
detection model, the single shot detector (SSD) has been
widely used. SSD uses feature graphs from multiple con-
volutional layers to perform boundary box regression and
target category prediction. Target detection is carried out at
different convolutional layers in combination with features
extracted from feature graphs of different sizes, so as to
improve the accuracy of detecting small objects in size. The
specific flowchart is shown in Figure 2.

The original photos were first input to obtain feature
maps of different scales. Four prior frames were set, namely,
predetermined frames of the target. Feature maps of dif-
ferent sizes corresponded to prior frames of different sizes.
The side length of the smaller prior frame was set as x, the
side length of the larger prior frame as Vx xd, and the
aspect ratio as Ar. Then, the length (C) of the rectangular
frame can be expressed by

C=VArxx. (1)
The width (K) of the rectangular box is expressed by
1
K=—770¢— 2
VAx x x @
x and d are determined by
Md-M
MO:Mx+%(a—l). (3)
The range of a is shown in
ac€[1,s]. (4)

In equation (4), s represents the number of feature maps.
When Ar is 1, a scale will be added, as shown in

M, = /My X Moy, (5)

Based on the average accuracy of the test means in
different test sets, the accuracy of SSD ranged from 67.0% to
78.8%. SSD has the dual guarantee of accuracy and detection
rate. The algorithm proposes that it has a variety of width-to-
height ratio prior frames, which makes it have a good de-
tection effect for all kinds of objects of different sizes.

2.5. Evaluation Indexes. Basic data collected from the two
groups were compared and analyzed, including age, sex,
course of disease, body mass index, and glycosylated he-
moglobin (HbAIC), and Wagner grading of DF was per-
formed using MRI scan. According to the overall cardiac
function parameters obtained from MRI scans, the changes
of TIWI, fat-suppressed T2WI, and enhancement sequences
of MRI scans were observed and compared between the two
groups to analyze the relationship between MRI intensity
signal and therapeutic effect after combined skin graft
treatment. The wound healing of patients in the two groups
was recorded, and the time from surgical treatment to
wound healing was recorded and compared. The total
number of cases was S, the number of cases was C, and the
complete healing rate R was calculated according to

R = <% 100%. (6)
S

The healing time of the donor skin area was recorded and
compared. The healing state was determined when the
wound surface of the donor skin area was gradually epi-
thelialized, and the skin surface was dry. Scar status was
recorded and compared between the two groups. The pa-
tients were scored in terms of skin graft softness, color,
thickness, and vascular distribution using the Vancouver
Scar Scale. For the calculation and statistics of the recurrence
rate, the patients were followed up after discharge, and the
recurrence rate of the two groups of patients was calculated.
The number of patients with reulcer at the same site was
denoted as G, the total number of patients in each group was
denoted as S, and the recurrence rate F was calculated
according to

G
F= 3" 100%. (7)

In this study, experimental observation results after
transplantation treatment were used as the reference stan-
dard, and three common indicators were used to evaluate the
ability of MRI image data characteristics to evaluate the
therapeutic effect of DF patients. Accuracy, specificity, and
sensitivity were calculated in the following equations.

TA+TB

A - , 8
Y = A Y FC+TB+ FD ®

TB
Specificity = G , )

C+TB
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Among them, TA is true positive, indicating that the
diagnosis result is positive, which is positive. TB refers to
true negative, indicating that the diagnosis is negative, but
negative. FC is false positive, meaning that the diagnosis is
positive, but negative. FD is false negative, which means
the actual result is positive and the diagnostic result is
negative.

Receiver operating characteristic (ROC) curve was used
to represent the ability of MRI image data characteristics to
evaluate the therapeutic effect of DF patients. According to
ROC, the area under ROC curve (AUC) was determined.

2.6. Statistical Methods. All experimental data were statis-
tically analyzed by the SPSS 24.0 software. The measurement
data were expressed by mean + standard deviation (x *s),
and the counting data were statistically inferred by the y*
test. If the measurement data conformed to normal distri-
bution, the t-test was adopted. P <0.05 was statistically
significant.

3. Results

3.1. MRI Imaging Results. Figure 3 shows MRI images of
different DF patients in different planes. Figure 3(a) shows a
55-year-old male DF patient who had suffered from diabetes
for 11 years with swollen feet and ulcers. Figure 3(b) shows a



Contrast Media & Molecular Imaging 5

(d)

FIGUure 3: MRI images of different DF patients.

DF patient, male, 57 years old, with observed skin continuity =~ treatment. Figure 3(d) shows a 63-year-old male DF patient
interruption, abscess, and sinus tract. Figure 3(c) showsa DF  with elevated blood glucose for 13 years, who was hospi-
patient, male, 64 years old, with high blood glucose level for ~ talized with foot ulcer and discharge. Figure 3(e) shows a
8 years. Both feet were broken and admitted to hospital for ~ deep penetrating skin ulcer and sinus tract on the plantar.



3.2. SSD Algorithm Target Detection. In Figure 4, the SSD
target detection model was used to accurately locate and
extract features of wounds requiring skin grafting in MRI
images, which was also applicable to target detection with
different aspect ratios.

3.3. Comparison of Basic Data between the Two Groups.
Through comparison, there were no substantial differences
in age, gender, course of disease, body mass index, HbAIC,
and Wagner grading between the two groups (P <0.05,
Figure 5).

3.4. Comparison Results of MRI Scanning Sequence Signal.
MRI scan sequence signal intensity of patients before and
after treatment was obtained. Comparative analysis showed
that TIWI signal intensity of the experimental group was
considerably increased after treatment, while the signal
intensity of fat-inhibited T2WI and fat-suppressed TIWI
enhanced sequence was considerably decreased (P <0.05,
Figure 6).

3.5. Results of Experimental Indicators after Treatment.
The results showed that compared with the control group,
there was no statistical difference in the wound healing time
and complete healing rate in the experimental group
(P >0.05), while the recurrence rate, healing time of the
donor skin area, and scar score were considerably decreased
(P <0.05). The specific results are shown in Figures 7 and 8.

3.6. MRI Imaging Information Evaluation Effectiveness.
Through calculation of accuracy, specificity, and sensitivity,
it was found that MRI imaging information had high ac-
curacy, specificity, and sensitivity in evaluating the thera-
peutic effect of DF patients, which were 85.2%, 89.75%, and
86.47%, respectively. ROC curves were drawn based on MRI
imaging information to evaluate the specificity and sensi-
tivity of therapeutic effects in DF patients (Figure 9).
Meanwhile, AUC was determined to be 0.838 according to
ROC.

4. Discussion

At present, the number of patients with diabetes is in-
creasing. As one of the most serious complications of dia-
betes, DF brings serious economic and mental burden to
patients and their families. It is estimated that the number of
diabetes patients in the world will exceed 600 million in
2035. DF has a long disease cycle, difficult to cure, high
treatment cost, and high recurrence rate. Studies reported
that every 20 seconds, a DF patient faces amputation, which
seriously affects the quality of life of the patient, and the
5-year mortality rate of the patient after amputation is more
than 50%. Therefore, the timely treatment and management
of DF patients is crucial [23]. Skin grafting can help DF
patients repair ulcers. Skin grafting alone often leads to the
low survival rate of full thickness skin transplantation due to
the existence of granulation wounds. After medium thick
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skin transplantation, the healing barrier of donor site will be
caused, resulting in the generation of new surface. Thick
blade skin transplantation can solve the problem of the low
survival rate. However, due to the lack of dermis after skin
grafting, the friction resistance and pressure resistance of the
surface are poor, which is easy to cause secondary rupture. In
this study, acellular allogeneic dermal matrix and autologous
skin combined with skin grafting for wound repair can
overcome the above problems in DF patients [20]. MRI has
great advantages in distinguishing various types of soft tissue
infection and distinguishing between tissue and bone
marrow. It can detect abnormal bone marrow signals early
and accurately identify the range of soft tissue infection.
Therefore, MRI can be used as an important means for
routine diagnostic examination and posttreatment efficacy
evaluation of DF to help optimize and improve the quality of
life of patients with DF [24].

A total of 78 DF patients were selected as research
subjects and divided into the experimental group (composite
skin graft) and control group (autologous skin graft). MRI
scanning was performed before and after treatment to
compare the changes of MRI signal sequence intensity and
other image data characteristics of patients, as well as the
changes of experimental observation indicators such as
healing time, recurrence rate, and scar score. This study
aimed to analyze the application value of MRI image data
features based on the deep learning algorithm in evaluating
the treatment of DF with compound skin graft. The results
showed that there were no substantial differences in age,
gender, course of disease, body mass index, HbAIC, and
Wagner grading between the two groups (P > 0.05), which
increased the comparability of MRI image data in the
evaluation of treatment efficacy between the two groups after
treatment. The comparison analysis of the scanning se-
quence signal intensity of patients obtained by MRI scan
before and after treatment showed that the TIWI signal
intensity of the experimental group was considerably in-
creased after treatment, while the signal intensity of fat-
suppressed T2WI and fat-suppressed T1WI enhanced
sequence was considerably decreased (P <0.05). This in-
dicated that there were differences in the intensity of MRI
scan sequence TIWI, fat-suppressed T2WI, and fat-sup-
pressed TIWI enhancement sequence before and after
treatment, which were closely related to the treatment effect.
Compared with the control group, there was no statistical
difference in the wound healing time and complete healing
rate of the experimental group (P <0.05), while the
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recurrence rate, healing time of the donor skin area, and scar
score were considerably decreased (P <0.05). This was
consistent with the research results of Campitiello et al. [25].
After acellular treatment, the composite skin was fused with
the body, resulting in the formation of epidermis and
basement membrane, complete dermis structure, and less
infiltration of inflammatory cells, which did not affect
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Figure 8: Comparison of complete healing rate, recurrence rate,

and scar score between the two groups after treatment. *Substantial
difference, P < 0.05.
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FIGURE 9: ROC curve results of MRI image data characteristics.

normal wound healing. Lantis et al. [26] also pointed out
that due to DF end blood supply obstacles and factors of
local high sugar, the recurrence rate was high, and the in-
tegrity of the skin was restored after transplantation of the



composite skin, promoting capillary and normal expression
of growth factors and cytokines and improving local mi-
crovascular environment, so the recurrence rate was also
decreased. Through calculation of accuracy, specificity, and
sensitivity, it was found that MRI imaging information had
high accuracy, specificity, and sensitivity in evaluating the
therapeutic effect of DF patients, which were 85.2%, 89.75%,
and 86.47%, respectively. The specificity and sensitivity of
the therapeutic effect of DF were evaluated according to MRI
imaging information, and ROC curve was plotted. AUC was
determined to be 0.838 according to ROC, indicating that
the characteristics of MRI image data can provide a reference
for the evaluation of the therapeutic effect after compound
skin transplantation for DF. Some studies evaluated the
correlation between diagnosis and treatment performance of
DF image MRI and laboratory examination. It was found
that MRI could be used to monitor and evaluate the curative
effect of treating DF. As a noninvasive monitoring method, it
is simple to operate and very sensitive and accurate to the
pathological changes of DF patients, which is consistent with
the results of this study [27]. In short, MRI image data
features based on the deep learning algorithm can provide
auxiliary information for the efficacy evaluation of com-
pound skin transplantation for DF, which has a great ap-
plication value.

5. Conclusion

In this study, DF patients in the experimental group and the
control group were treated with compound skin graft and
autologous skin graft, respectively. MRI was used to com-
pare the signal sequence intensity, clinical healing time,
recurrence rate, scar score, and other indicators of the two
groups. The results showed that TIWI, fat-inhibited T2WTI,
and enhanced sequence signal intensity of MRI scan were
correlated with the therapeutic effect. The accuracy, speci-
ficity, and sensitivity of MRI image data characteristics to
evaluate the therapeutic effect of diabetic foot were high,
which could provide a reference for the evaluation of the
therapeutic effect of DF after compound skin transplanta-
tion. The deficiency of the study is that the sample size is
small, which is relatively single, and does not have ran-
domness and wide applicability. In the future study, mul-
tisite, multitype, and large sample size analysis and research
will be considered. In conclusion, this work provides some
reference for the treatment of diabetic foot transplantation.
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This study aimed to discuss the application value of the bias field correction algorithm in magnetic resonance imaging (MRI)
images of patients with primary hepatic carcinoma (PHC). In total, 52 patients with PHC were selected as the experimental group
and divided into three subgroups: mild (15 cases), moderate (19 cases), and severe (18 cases) according to pathological grading.
Another 52 patients with hepatic nodules in the same period were included in the control group. All the patients underwent
dynamic contrast-enhanced (DCE) MRI examination, and the image qualities of MRI before and after bias field correction were
compared. The DCE-MRI perfusion parameters were measured, including the transport constant Ktrans, reverse rate constant
Kep, extravascular extracellular volume fraction (Ve), plasma volume (Vp), microvascular density (MVD), hepatic artery
perfusion index (HPI), mean transit time of contrast agent (MTT), time to peak (TTP), blood volume (BV), hepatic arterial
perfusion (HAP), full perfusion (FP), and portal venous perfusion (PVP). It was found that the sensitivity (93.63%), specificity
(71.62%), positive predictive value (95.63%), negative predictive value (71.62%), and accuracy (90.01%) of MRI examination
processed by the bias field correction algorithm were all significantly greater than those before processing (P < 0.05). The Ktrans,
Kep, Ve, Vp, and MVD of patients in the experimental group were significantly larger than those of the control group, and severe
group> moderate group> mild group (P <0.05). HPI, MTT, TTP, BV, and HAP of patients in the experimental group were also
significantly greater than those of the control group, which was shown as severe group > moderate group > mild group (P <0.05).
FP and PVP of the experimental group were significantly lower than those of the control group, and severe group < moderate
group < mild group (P <0.05). It was suggested that in MRI images of patients with PHC, the bias field correction algorithm could
significantly improve the diagnosis rate. Each perfusion parameter was related to the pathological grading, which could be used to

evaluate the prognosis of patients.

1. Introduction

Primary hepatic carcinoma (PHC) is one of the common
malignant tumors in humans, and its mortality has been
high [1]. According to the Global Cancer Report 2014 issued
by World Health Organization, the deaths due to liver cancer

in China account for about 51% of that globally. It ranks
second in the mortality of malignant tumors in rural areas in
China and ranks the third in cities [2]. Hepatic carcinoma
mostly occurs in the context of hepatitis and liver cirrhosis in
China. Hepatitis, cirrhosis, and liver cancer are three steps
experienced by many patients. Due to the poor reserve
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function of the liver, the antitumor immune function of the
body is low, and the prognosis is also poor. Therefore, early
diagnosis and effective treatment are the keys to improving
the prognosis of patients with hepatic carcinoma [3, 4].

It has been shown that the histopathological grading of
PHC is related to its degree of infiltration and distant me-
tastasis and is the main influencing factor for its prognosis [5].
Thus, early diagnosis, accurate pathological grading, and
timely treatment of PHC are the keys to prolonging the
survival time of patients with liver cancer [6]. A hepatic
biopsy is currently the gold standard for pathological grading
of PHC. In addition to sampling errors, this invasive pro-
cedure may bring certain risks to patients, such as infection,
hemorrhage, and even the spread of cancer cells. Therefore, it
is particularly important to find a noninvasive, repeatable,
and highly accurate examination method for clinical diag-
nosis and treatment. The most common diagnostic method
for PHC is imaging examination. Currently, there are real-
time ultrasound, histopathological examination, computed
tomography (CT), magnetic resonance imaging (MRI), an-
giography, radionuclide imaging, and so on [7, 8].

Histopathological examination is the gold standard for
the diagnosis of liver cancer, but it is necessary to combine it
with clinical evidence in the pathological diagnosis. This is to
comprehensively understand hepatitis B virus (HBV) and
hepatitis C virus (HCV) infections in patients, the detection
results of other tumor markers, and the imaging features of
hepatic space occupying lesions [9]. With the rapid devel-
opment of imaging technology, ultrasound and CT have
become the common methods for clinical diagnosis, with
easy operations and affordable cost. But if the imaging
features of the hepatic space occupying lesions are not
typical, it may be missed or misdiagnosed. MRI showed
more and more prominent advantages in the diagnosis of
PHC. Its good resolution of tissues, multisection, multipa-
rameter observation, relatively nontoxic contrast agent, no
radiation, nontrauma, and other characteristics make MRI
the optimal choice for imaging diagnosis of PHC [10]. In the
past, the diagnosis of PHC by MRI mainly focused on
morphological changes according to the imaging features of
the tumor, such as T2 weighted imaging (T2WI) hyper-
intensity, diffusion-weighted imaging (DWI) hyperintensity,
pseudocapsule sign, and rapid wash-in and wash-out en-
hancement. Thereby, tumors can be easily distinguished
from nontumor nodules, but the degree of pathological
differentiation of tumors cannot be accurately inferred. With
the continuous development of functional MRI technology,
it can not only reflect histological characteristics such as
microcirculation state and cell density of tumors but also
reflect cell metabolism and biochemical information of
tumors [11, 12]. This makes it possible to assess the path-
ological grading of PHC accurately using MRL

Dynamic contrast-enhanced (DCE) imaging technology
is a three-dimensional volumetric thin-slice scanning on the
ground of the T1 weighted imaging (TIWI) sequence. The
magnetic resonance contrast agent is injected into the ve-
nous bolus for repeated, multistage, and rapid scanning,
which allows MRI to detect the situation of blood perfusion
in internal organs and tissues and obtain multiple perfusion
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parameter information through relevant analysis by the
processing software [13]. DCE-MRI can quantitatively
evaluate the properties of blood vessels in tissues. It has been
reported that this technique can accurately assess the level of
tumor tissue microcirculation, as well as capillary perme-
ability and hepatic artery blood supply ratio in hepatic
malignant tumor tissues [14].

With the development and application of deep learning,
deep learning models can replace traditional machine
learning algorithms to automatically extract lesion features
and achieve lesion classification and identification [15].
Hepatic MRI bias field correction is mainly to deal with
image grayscale inhomogeneity caused by radiofrequency
field inhomogeneity and other factors. The bias field cor-
rection algorithm utilized the estimation of the bias field and
the corresponding spatial information, which could well deal
with the impact of the image bias field on the segmentation.
A hepatic bias field correction algorithm was put forward on
the basis of grayscale preservation, which ensured that the
corrected image retained the grayscale information of the
original image to the greatest extent. Hepatic tissue seg-
mentation was performed on the corrected images, and
evaluation parameters like segmentation were used to reflect
the performance of the bias field correction algorithm
[16, 17]. To sum up, the hepatic MRI images of patients were
processed under the bias field correction algorithm. The
correlation was analyzed between multiphase DCE-MRI
perfusion parameters and microvascular density (MVD) and
pathological grading of PHC patients, which was to provide
a certain theoretical basis for the diagnosis of PHC.

2. Materials and Methods

2.1. General Data of Patients. In this study, 52 patients with
PHC admitted to the hospital from July 2019 to July 2021
were included in the experimental group. Another 52 pa-
tients with benign hepatic nodules admitted during the same
period were chosen as the control group. The inclusion
criteria of patients were as follows. The clinical symptoms
and histopathological examination results of the patients
were in line with the diagnostic criteria for PHC formulated
in PHC Diagnosis and Treatment Standards (Edition 2011)
[18]. The patients were willing to undergo a DCE-MRI
examination, and they all had the first-time onset. All the
patients and their families fully understood the situation and
signed the informed consent, and this study was approved by
the ethics committee of the hospital.

The exclusion criteria below were followed. Patients had
cancer tissue infiltration or metastasis to other tissues or
organs. Patients had dysfunction of other important organs,
such as heart, lung, and kidney. Patients were complicated
with severe immune system diseases, infectious diseases, or
infectious diseases. Patients had contraindications to DCE-
MRIL

The general data of the two groups of patients are shown
in Table 1 for details. There was no significant difference in
gender, age, and average age between the two groups
(P >0.05), which made the research was of comparability.
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TaBLE 1: General data of patients in the two groups.

Groups Males Females Age Average age
Experimental group 32 cases 20 cases (19-76) years old (57.14 + 5.45) years old
Control group 30 cases 22 cases (17-78) years old (56.17 +5.29) years old
P value 0.081 0.094 — 0.083

2.2. DCE-MRI Examination Method. The patients underwent
a DCE-MRI examination after respiratory function training.
Then 1.5T MRI instrument was used, and the abdominal
phased array coil was set to 8 channels. The abdominal belt
was used to adjust the breathing state of the patients. Dy-
namic, fast, and enhanced scanning were performed, re-
spectively. For scanning parameters, the field of view (FOV)
was set to be (350 X 320) mm, time of echo (TE) was 1.5 ms,
time of repetition (TR) was 4.2 ms, the interlayer spacing was
0, the layer thickness was 3.6 mm of the (320 x 195) matrix,
and the number of excitations was 1. Only the flip angles (3°,
9°, and 25°) needed to be adjusted; during enhanced scanning,
a total of 50 dynamic cycles were scanned, each cycle lasted
about 6 seconds with 30 layers, and the whole process lasted
about 5 minutes. The scanning parameters were set as follows:
FOV=(215%x284) mm, TE=1.35ms, TR=32ms, slice
thickness = 3.24 mm, the matrix was sized as 521 x 521, and
the number of excitation was 2. In the second scanning, the
contrast agent gadolinium diamine of 0.2 mL/kg was injected
from the median cubital vein at a rate of about 4mL/s. In
total, 20 mL of normal saline was injected at the same rate
after the injection. DCE scanning required the patients to
hold their breath throughout the procedure, with only light
and rapid ventilation.

2.3. Bias Field Correction Algorithm. MRI bias field cor-
rection was an algorithm model under local coherence,
global intensity, and spatial continuity information. It could
keep the grayscale of images consistent before and after
correction. Its objective function was shown as follows:

Agur = Amprem + YZ (1- hk)2

k=1
d m m 5 (1)
=z V&Nik’LYZ (1-Hh)"
i=1 k=1 k=1
In the equation, Ny = ¥ ,cpr, @k, (@Y, eqTi (M), — by |+

(1- “)ZreokK(T - k)IIIkp — h,u;||°]. Q represents the whole
hepatic MRI image with background noise removed. O
represents the local area of the grayscale value of the k-th pixel
in the image. The membership template function was expressed

6k:

as V = [v;], which was used to describe the degree to which
the pixel belonged to a certain cluster. gy, € [0, 1] refers to the
local spatial continuity weight, which stands for the influence of
domain pixels. T;(r),i = 1,2,...,d;r = 1,2, ..., mrepresents
the label function, which was the intensity information for this
image and guided the correct clustering. I, is the filtered
image after background noises were removed, and it was
obtained by multiplying the membership template with the
original image. U = {u;,u,,...,u,} is the clustering center.
a(0<a<1) stands for a positive value to balance global in-
tensity with local intensity. Parameter n> 1, d represents the
number of clusters, and m is the total number of pixels in the
image. The weighted function K(r —k) also represents a
truncated Gaussian kernel function, which reflects the influ-
ence of the center pixel r on the surrounding pixels, and its
value decreased as the distance from the center r to the
neighbor pixels k increased. y > 0 is to balance the effects of the
intensity and intensity-preserving constraints mentioned
above.

In the energy minimization equation,
YreaTi (M, - h,u;||* refers to the global intensity of the
image, which was to ensure the correct clustering of each
pixel in the image. The term )0 K (r — K)II;, — hou||* is
used to guarantee the smoothness of the bias field under the
local intensity of the image. Y7*, (1 — k) is the constraint
term proposed to ensure the grayscale of the image after bias
field correction, ensuring the grayscale consistency of the
image before and after bias field correction; that is, the
corrected image (I/h) and the original image have the same
grayscale. gy, € [0,1]s indicates the local spatial continuity
weight, which was the influence of neighbor pixels. In the
image space domain, a pixel k had a spatial coordinate
(n,my), and a pixel p in the neighborhood had a spatial
coordinate (np,mp), then the local spatial weight infor-
mation could be expressed as follows:
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where k represents a constant and 6, is the same when the
image pixel value was multiplied by a constant.

The parameters V, U, and h could be obtained by mini-
mizing the energy function A_,. In this process, when solving
one parameter, the other two parameters could be kept un-
changed, which was the same as the standard D-means
clustering method. Therefore, the parameters V, U, and h could
be obtained by making the first derivative of the objective
function A, equal 0, respectively. The iteration of parameters
was applied to estimate the bias field 4, and the corrected image
of the bias field could be obtained by I/h. Since the energy
function A, was a convex function to its variables, the
method proposed here was robust to initialize parameters.

The membership function was solved at first.

The first-order partial derivative of the energy function
A, to the parameter V was computed, and the result was
made equal to 0. Then the following equation was worked
out:

d

a'Vlk Zl

The variable v; was determined by the following

equation:
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—=nv "Ny =0. 5
{avik o ( )

ik
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Because V in the energy function A,,, needed to satisfy
the constraint term Y%, v, = 1,vy € [0,1], the following
equation was obtained:

1

S

Next, the clustering center was solved.
The first-order partial derivative of the energy function

A, to the parameter U was solved, and the result was made
equal to 0, then the following equation was obtained:
0A 2 ONji
our — — 0
aui ]; ik a (7)
The variable u; was determined by the following
equation:
0A ONi
our — — 0
{ aui kzl " au }u:u?‘ (8)

Then the solution of u; was calculated through the
following equation:

= 2k Vi (1= @) (% K) + ahT))
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In the equation, the symbol * refers to the convolution
operator. I =3 oy (@pp - Iip)/ Y pert, Wip> and I is the he-
patic MRI image after background noises were removed. I,
represents the grayscale value of the k-th pixel in the filtered
image I

(9)

Contrast Media & Molecular Imaging

Finally, the bias field estimation was performed.

The energy function A_, was utilized to find the first-
order partial derivative of the bias field parameter 4, and it was
set equal to 0, then equation equation could be worked out:

0A o 0 & 2
== ) = ) VeNp+y=— ) (1-h) =0. (10
oh ;ahk; ahk,;1

k

The variable h; was determined by the following
equation:

d a n a 2
Za_thikNik+Va—hk(1—hk) =0. (11)
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Therefore, the bias field h;, could be expressed as follows:
aI AV + (1 - a)((1AS" + K)) + ym
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In  the  equation 12), AV =¥ vuT,
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represents the membershlp degree of category i.
The experimental steps of this method are described in

Figure 1.
(1) Parameters V, U, and h and other parameters were
initialized.
(2) The membership template function I
calculated.

mask Was

(3) The membership matrix was updated by multiplying
equation (6) and the membership template function

Imask'
(4) The global variable T;(r) was updated.

(5) The cluster center was updated via equation (9).
(6) The bias field was updated through equation (12).

(7) It was judged whether the convergence condition
U e — Ugall < € was satisfied, where ¢ is a very small
number. If it was satisfied, the calculation was stopped; if
not, the calculation was continued with steps (3) to (6).

2.4. Pathological Judgment Standards. The patients in the
experimental group were graded with Edmondson-Steiner’s
tumor pathological grading method [19]. The pathological
grading was performed according to the size and morphology
of tumor cells, nuclear size, basophilic cytoplasmic staining,
nuclear staining depth, and cytoplasmic ratio. Differentiation
grade I referred to the tumor cells arranged in fascicles; grade
II referred to the tumor cells that were shown eosinophilic
with rich cytoplasm, large nuclei, and dark staining. Grade III
meant that the nuclear staining degree was deeper than that of
grade II, and tumor giant cells appeared. For grade IV, the
tumor cells were shown with less cytoplasm, larger nuclei,
darker staining, lacking of intercellular connections, and low
differentiation. According to the grading of pathological
conditions, grade I belonged to the mild group, grades II-III
were in the moderate group, and grade IV was in the severe

group.
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FIGURE 1: Schematic diagram of the algorithm flow.

2.5. Observation Indicators. After the DCE-MRI scanning,
processing software was used to analyze the measurement
results as the two-chamber Tofts model was selected. During
the period, necrotic tissue and blood vessel areas were
avoided. The maximum microvascular density (MVD) was
selected under a low power lens, while the number of
microvessels was calculated under a high power lens.
Double-blind counts were performed by two experienced
radiologists, respectively; then the average value of MVD
was taken. Three regions of interest were selected to measure
the plasma volume (Vp), the extravascular extracellular
volume fraction (Ve), and the transport constant Ktrans
from intracellular to extracellular space. The reverse rate
constant Kep from extracellular to intravascular space,
hepatic artery perfusion index (HPI), mean transit time
(MTT) of contrast agent, time to peak (TTP), blood volume
(BV), full perfusion (FP), hepatic arterial perfusion (HAP),
and portal venous perfusion (PVP) were used to determine
the mean value of the three fields of view.

2.6. Statistical Methods. SPSS19.0 was applied for statistical
analysis. The enumeration data were expressed as a per-
centage (%). The measurement data Ktrans, Kep, Ve, Vp,
MVD, HPI, MTT, TTP, BV, FP, HAP, and PVP were
expressed as mean + standard deviation (x(_) +s). The dif-
ferences in the measurement data among the three groups
were analyzed by variance analysis. The t-test and Pearson
method were adopted to analyze the differences in mea-
surement data between two groups. When P <0.05, the
difference was statistically significant.

3. Results

3.1. MRI Results of Liver Cancer Patients. Figure 2 shows the
MRI images of a 64-year-old male patient with hepatic
carcinoma. In Figure 2 below, the images a, b, ¢, and d were
the MRI images of the PHC patient before being processed
by the bias field correction algorithm, while images e, f, g,
and h were the MRI images after the bias field correction
algorithm processing. Images a and e were the MRI images,
images b and f were the TIWI images, images ¢ and g were
the T2WI images, and images d and h were the DWTI images.

After being processed by the bias field correction al-
gorithm, the sensitivity, specificity, positive predictive value,
negative predictive value, and accuracy of MRI examination
were 93.63%, 71.62%, 95.63%, 71.62%, and 90.01%, re-
spectively. These were all significantly greater than those
before processing (P <0.05), and the differences were of
statistical significance, which could be discovered in Figure 3
for details.

3.2. Comparison of Ktrans, Kep, Ve, Vp, and MVD in Patients
between the Two Groups. Ktrans, Kep, Ve, Vp, and MVD of
patients in the experimental group were significantly greater
than those in the control group (P <0.05), suggesting that
the differences were statistically significant. The details are
shown in Figure 4.

3.3. Comparison of Ktrans, Kep, Ve, Vp, and MVD among
Subgroups of Patients in the Experimental Group. With the
pathological judgment standards, the patients in the ex-
perimental group were divided into three subgroups,
namely, the mild group (15 cases), the moderate group (19
cases), and the severe group (18 cases). Ktrans, Kep, Ve, Vp,
and MVD of the severe group > those of the moderate group
> those of the mild group (P <0.05), and all the differences
were considered to be statistically significant. Figure 5 shows
the comparisons in detail.

3.4. Comparison of HPI, MTT, TTP, BV, FP, HAP, and PVP
between the Two Groups of Patients. HPI, MTT, TTP, BV, FP,
HAP, and PVP of patients were compared between the
experimental group and the control group. HPI, MTT, TTP,
BV, and HAP of patients in the experimental group were
significantly higher than those of the control group
(P <0.05). FP and PVP of the experimental group were
significantly lower than those of the control group
(P <0.05), which were all displayed in Figures 6 and 7.

3.5. Comparison of HPI, MTT, TTP, BV, FP, HAP, and PVP of
Patients in Each Subgroup of the Experimental Group. The
levels of HPI, MTT, TTP, BV, and HAP in the severe group >
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F1Gure 2: MRI images of a PHC patient before and after processing by the bias field correction algorithm.
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FIGURE 3: MRI results before and after the bias field correction processing. A, B, C, D, and E indicated sensitivity, specificity, positive
predictive value, negative predictive value, and accuracy, respectively. *Compared with those before processing, P < 0.05.
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F1GURE 4: Comparison of Ktrans, Kep, Ve, Vp, and MVD between the two groups. *Compared with those of the control group, P <0.05.
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FI1GURE 5: Comparison of Ktrans, Kep, Ve, Vp, and MVD in each subgroup of patients in the experimental group. *Compared with the data
of the mild group, P <0.05; “compared with those of the moderate group, P < 0.05.
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group, P <0.05.
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FIGURrE 7: Comparison of FP, HAP, and PVP between the two groups of patients. *Compared with the control group, P <0.05.
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F1GURE 8: Comparison of HPI, MTT, TTP, and BV of patients in each subgroup of the experimental group. * Compared with the data of the
moderate group, P < 0.05; “compared with the data of the moderate group, P < 0.05.
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FIGURE 9: Comparison of FP, HAP, and PVP in each subgroup of the experimental group. * Compared with the data of the moderate group,

P <0.05; *compared with the data of the moderate group, P < 0.05.

those in the moderate group > those in the mild group,
P <0.05. FP and PVP in the severe group < those in the
moderate group < those in the mild group, P < 0.05. All the
differences were of statistical significance, as observed in
Figures 8 and 9.

3.6. Correlation Analysis of Hepatic DCE-MRI Perfusion
Parametersand MVD in PHC Patients in Experimental Group.
Hepatic DCE-MRI perfusion parameters Ktrans, Kep, Ve,
Vp, HPI, MTT, TTP, BV, and HAP were positively corre-
lated with MVD in the experimental group (P <0.05). FP
and PVP were negatively correlated with MVD in the group
(P <0.05). The differences were suggested to be statistically
significant, as shown in Figure 10 in detail.

4. Discussion

DCE-MRI is a noninvasive imaging technique. It is to inject
a paramagnetic contrast agent into the blood vessel after the

T1 is shortened. If the imaging is repeated, the change in the
signal intensity in the tissue can be measured. As the dif-
fusion time of the contrast agent increases, the peripheral
tissues are monitored. After being processed by professional
software, the quantitative parameter technology can be
applied to measure the pathological changes in blood per-
fusion, and this technology has been increasingly used to
evaluate the vascular permeability and the tumor micro-
circulation [20, 21].

The level of MVD can reflect the formation of new blood
vessels in tumor tissues. The permeability of new blood
vessels in immature tumors is higher, and the permeability
of new blood vessels is related to the dynamic enhanced
detection method of DCE-MRI [22]. It has been reported
that with the increase of the tumor tissue volume and the
degree of differentiation of PHC, the arterial blood supply
also increases accordingly, and the hepatic sinusoids may
present a capillary state. Because the morphological basis of
tumor tissue growth and infiltration lies in blood vessels, the
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F1GURre 10: Correlation between hepatic DCE-MRI perfusion parameters and MVD in PHC patients in the experimental group. (a) showed
the correlation between parameters Ktrans, Kep, Ve, and Vp and MVD, while (b) showed the correlation between parameters HPI, MTT,

TTP, BV, FP, HAP, and PVP and MVD.

new tumor tissues and blood vessels can provide nutrients. If
the blood vessels are immature, their permeability is higher;
the contrast agent injected in DCE-MRI examinations has a
small molecular weight and is easy to exudate from blood
vessels into the extracellular space [23, 24]. It was found in
this research that the sensitivity, specificity, positive pre-
dictive value, negative predictive value, and accuracy of MRI
diagnosis processed by the bias field correction algorithm
were 93.63%, 71.62%, 95.63%, 71.62%, and 90.01%, re-
spectively. All of the results were remarkably greater than
those before processing as P <0.05, which indicated that
compared with the simple MRI images, the diagnostic
performance of MRI under the bias field correction algo-
rithm was more excellent.

The blood flow velocity, which can be reflected as Ktrans
on the vascular permeability, is used to indicate the per-
meability of the microvessels in the cancer tissues. The rate
of contrast agent infiltration from the extracellular space to
the intravascular space of the blood vessels is regarded as
Kep. The volume ratio of contrast agent leaks into the ex-
travascular interstitial space to the extracellular volume is
denoted as Ve. Ktrans, Kep, and Ve increase if the vascular
permeability around the tumor tissue increases [25]. It was
found that Ktrans, Kep, Ve, Vp, and MVD of the experi-
mental group were significantly higher than those of the

control group, P <0.05 with statistically significant differ-
ences. In the subgroups, Ktrans, Kep, Ve, Vp, and MVD of
the severe group > those of the moderate group > those of
the mild group, and P < 0.05, indicating the differences were
statistically significant. It was suggested that the quantitative
perfusion parameters of PHC patients by DCE-MRI ex-
amination were greatly related to the MVD and lesion se-
verity of patients, which was similar to the results of Liu and
Qian [26].

Some scholars have reported that the hepatic lobular
structure is damaged in patients with PHC, regenerative
nodules and a large number of fibrous tissue hyperplasia are
shown, and even the blood circulation path is changed [27].
The portal vein reflux is not smooth, the hepatic arterio-
venous shunt occurs, the hepatic blood flow resistance in-
creases, and the PVP can be reduced. Under the action of
fibrous cords, hepatic veins and portal vein branches in
patients with PHC are occluded and narrowed, and a large
number of collagen fibers are deposited in the intercellular
space of hepatocytes. The flow time of the contrast agent in
the liver is prolonged, which increases MTT and TTP. As
blood flow resistance increases, the blood flow through the
portal vein decreases and the proportion of hepatic artery
blood flow in the total hepatic circulation increases, resulting
in a decrease in FP and an increase in HPI [28]. It was found
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that HPI, MTT, TTP, BV, and HAP of the experimental
group were significantly higher than those of the control
group (P <0.05), while FP and PVP were significantly lower
(P <0.05); the differences were computed to be statistically
significant. The levels of HPI, MTT, TTP, BV, and HAP in
patients were shown that those of the severe group > the
moderate group > the mild group (P < 0.05). In FP and PVP,
those of the severe group < the moderate group < the mild
group (P <0.05); the differences were all of statistical sig-
nificance. It could be suggested that the quantitative per-
fusion parameters of PHC patients by DCE-MRI were
significantly related to the incidence of portal vein throm-
bosis in patients. With the aggravation of PHC lesions, the
risk of portal vein thrombosis increased, HPI, MTT, TTP,
BV, and HAP increased, while FP and PVP decreased. These
results were exactly similar to the findings of Song et al. [29].

5. Conclusion

The hepatic MRI images of the patients were processed under
the bias field correction algorithm. The correlation was also
analyzed between the perfusion parameters of multiphase
DCE-MRI and MVD and pathological grades of PHC patients
to assist the clinical diagnosis of PHC. The results showed that
the sensitivity, specificity, positive predictive value, negative
predictive value, and accuracy of MRI were significantly
improved after processing the bias field correction algorithm.
DCE-MRI could evaluate the microcirculation status of PHC
patients objectively and quantitatively, and the changes of
quantitative perfusion parameters were significantly corre-
lated with MVD and pathological grades. Quantitative per-
fusion parameters detected by DCE-MRI could evaluate
MVD level and pathological grading, which was worthy of
further promotion. However, only 52 cases with PHC were
included in this work, the sample size was small and the
source was single, which might affect the results. The image
processing performance of the bias field correction algorithm
also needed to be further analyzed. The research would need
to be expanded in the future so as to verify the conclusion
with more clinical experiments.
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To analyze the application value of computed tomography (CT) based on a three-dimensional reconstruction algorithm in
perioperative nursing research and prognosis analysis of non-muscle-invasive bladder cancer (NMIBC), a retrospective study was
performed on 124 patients with NMIBC who underwent surgical treatment in the hospital. All patients underwent CT ex-
amination based on the three-dimensional reconstruction algorithm before surgery, and transurethral resection of the bladder
tumor was performed. The patients receiving conventional care were classified as the control group, and those receiving
comprehensive care were classified as the case group, and the recovery status and recurrence of the two groups were compared.
The results showed that the accuracy, specificity, and sensitivity of CT imaging information based on the three-dimensional
reconstruction algorithm for NMIBC patients were 89.38, 93.77, and 84.39, respectively. The incidence of bladder spasm (9.68%),
bladder flushing time (1.56 d), and retention of drainage tube time (2.68 d) in the case group were obviously lower compared with
the control group (30.65%, 2.32d, and 5.19d) (P <0.05). Serum BLCA-1 (3.72 ng/mL) and CYFRA21-1 (5.68 yg/mL) in the case
group were significantly lower than those in the control group, with a statistically considerable difference (P <0.05). Compared
with the control group, the scores of role function (89.82 points), emotional function (84.76 points), somatic function (79.23
points), and social function (73.93 points) in the case group were observably higher (P <0.05). In addition, one year after the
operation, CT examination showed that the recurrence rate in the case group (6.45%) was significantly lower than that in the
control group (22.58%) (P <0.05). Therefore, CT detection based on the three-dimensional reconstruction algorithm was
particularly important for preoperative diagnosis, prognosis, and recurrence monitoring of NMIBC patients. It could provide
great clinical value for the diagnosis and prognosis monitoring of NMIBC.

1. Introduction

In recent years, the incidence rate of bladder cancer has been
increasing. As the most common malignant tumor of the
urinary system, it brought great threat and harm to patients
both at home and abroad [1, 2]. North America, North
Africa, and Europe are the most frequent areas of bladder
cancer worldwide. Egypt has the highest incidence rate of

cancer in the world. In addition, statistics showed that in
2010, the number of new bladder cancer patients in the
United States increased to 70 thousand, and the number of
new patients reached more than 80 thousand in 2018. The
number of new cases and deaths increased annually in
China. The incidence rate of bladder cancer was the first
[3-6]. Clinically, it can be divided into transitional cell
carcinoma, adenocarcinoma, squamous cell carcinoma,
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small cell carcinoma, metastatic carcinoma, and mixed types
of cancer according to the tissue source of bladder cancer,
among which transitional cell carcinoma is the most
common [7-10].

Clinically, most patients with bladder cancer are
NMIBC, and surgical treatment is the most effective and
widely used treatment method [11-14]. NMIBC has the
possibility of further developing into invasive bladder
cancer. Therefore, the choice of surgical treatment for
NMIBC aroused wide discussion and attention. A large
number of researchers thought that radical cystectomy with
radical cystectomy for NMIBC patients could significantly
reduce the risk of recurrence of bladder cancer. However,
great trauma was caused by this surgical method to the
patient’s body, and a variety of complications occurred in
severe cases. In addition, the limitation of surgical indica-
tions was extremely strict, so its scope of clinical application
was affected and could not be widely popularized [15, 16].
Igbal et al. [17] investigated the incidence, risk factors, and
survival outcomes associated with the pathologic rise from
noninvasive to muscle-invasive bladder cancer after robot-
assisted radical cystectomy. They found that patients with
noninvasive bladder cancer who underwent surgical treat-
ment had an increased incidence of muscle-invasive bladder
cancer, which was associated with worse survival outcomes.
Tiirk et al. [18] retrospectively analyzed the case data from
530 patients who underwent radical cystectomy or pelvic
lymphadenectomy by selected surgeons between May 2005
and April 2016. They found that patients with early radical
cystectomy had better disease-free survival and overall
survival time than patients with pelvic lymphadenectomy. In
recent years, transurethral resection of bladder tumors has
appeared in the sight of researchers and doctors and has
gradually developed into the main treatment method for
patients with NMIBC [19, 20]. Transurethral resection of
bladder tumors has many advantages, including less trauma,
repeatable treatment, and rapid recovery. However, the risk
of postoperative recurrence in patients with NMIBC after
this operation was high [21-23].

Computed tomography (CT) is one of the most com-
monly used methods for the diagnosis of bladder cancer.
Preoperative diagnosis can improve the accuracy of pre-
operative staging and detect the recurrence of bladder cancer
after operation [24-26]. Conventional CT often uses two-
dimensional slice observation, so many spatial data are lost,
and the structural and morphological display of cancerous
tissue is not complete and sufficient [27]. Imaging doctors
cannot intuitively make accurate and objective judgments
based on the observed images, which may lead to wrong
diagnosis [28]. Three-dimensional images can completely,
stereoscopically, and intuitively reproduce the tumor tissue
morphology and structure. CT detection based on the three-
dimensional reconstruction algorithm is helpful for clini-
cians to further observe and analyze, obtain more detailed
information, and diagnose the disease more accurately and
quickly [29].

To analyze the application value of CT images based on
the three-dimensional reconstruction algorithm in peri-
operative nursing research and prognosis analysis of elderly
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patients with NMIBC, 124 patients with NMIBC were se-
lected in this study. The patients were diagnosed by CT
detection based on the three-dimensional reconstruction
algorithm before operation. After the operation, the patients
were divided into case group and control group for rapid
comprehensive nursing and routine nursing. The recovery
status of the two groups was analyzed and compared. In
addition, the recurrence was detected by CT scanning, so as
to evaluate the reference value of CT image information
based on the three-dimensional reconstruction algorithm in
preoperative diagnosis, postoperative nursing, and recur-
rence monitoring of NMIBC patients.

2. Materials and Methods

2.1. Research Object. A retrospective study was performed
on 124 patients with NMIBC who underwent surgical
treatment in the hospital from February 2, 2018, to June 2,
2020. The age of the patients was 55-75 years. They were
divided into two groups, 62 in each group. All patients
underwent transurethral resection of the bladder tumor. The
patients in the case group received comprehensive nursing
after the operation, and the patients in the control group
took routine nursing measures. This study was approved by
the medical ethics committee of the hospital, and all patients
and their families signed informed consent.

Inclusion criteria were as follows: (1) patients with
NMIBC diagnosed by imaging, CT, and pathology; (2) the
patients who were in good condition without other serious
organ diseases; (3) patients who cooperate with CT exam-
ination; (4) patients without any contraindications; and (5)
the age range was 55-75 years.

Exclusion criteria were as follows: (1) patients with
critical condition and survival less than half a year; (2)
patients with other malignant tumors; (3) patients with
mental illness who cannot be treated with surgery; and (4)
patients whose family members did not consent and did not
sign the informed consent.

2.2. Computed Tomography Imaging Examination. All pa-
tients underwent a CT imaging examination. The range
between the bottom of the bladder and the ischial tubercle
was included in the scanning position. Before scanning, the
patient was instructed by the doctor to drink a large amount
of water to keep the bladder in a full state. First, the plain
scanning mode was performed, and iohexol (300 mg/mL)
was injected at a uniform speed. The patients were scanned
in enhanced mode after 45s, and the delayed scan was
completed after 5 min.

2.3. Three-Dimensional Reconstruction Algorithm. In this
study, the improved marching cubes (MC) algorithm was
used to reconstruct three-dimensional images. Multiple
contour lines were set for all CT slices and were named L1,
L2, ..., Ln. Each voxel (a, b, c) in the data was assigned to the
function f (a, b, ¢). When (a, b, ¢) was outside all contour
lines, it was expressed as
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f(a, bc)=-1. (1)

When (a, b, ¢) was above any contour line, it was
expressed as

f(a, b,c)=0. (2)

When (a, b, ¢) was within any contour line, it was
expressed as the following equation:

f(a, bc) =1 (3)

Each point may have a result of 0, —1, or 1. When the
edge interface passed through the vertex whose function f (a,
b, ¢) was 0 and if the values of two vertex functions f (a, b, c)
located on an edge were different signs, the edge interface
would intersect with the edge. If the values of two vertex
functions f (a, b, c) located on an edge were different signs,
the edge interface would not intersect with the edge. When
an edge interface intersected with an edge, the midpoint of
the edge was usually taken as the intersection point, and
different intersection points were connected in order to
obtain the reconstructed surface. The function f (a, b, ¢) of
each vertex would have three cases: 0, —1, and 1. In addition,
the normal direction of the vertex could be calculated by the
central difference method, and the state value of the vertex
could be displayed according to the function f (a, b, ¢). Then,
the normal direction is shown as follows:

M :f(a— Lb,c)— f(a+ 1,b,c))

¢ 2
Ma:f(a,b—l,c);f(a,b+1,c)’ @
M, =f(a,b,c— 1);f(a,b,c+ 1)'

The triangular surface generated after three-dimensional
reconstruction needed to be simplified by the deletion al-
gorithm so as to improve the speed of model reconstruction.
The priority function was expressed as Y, as shown in the
following equation:

Y(s)=C,T(s)+C,X(s)+ CgG (s). (5)
In equation (5), s was the edge to be processed, and the
flatness of the triangle connected with s was expressed as T

(s). The normal direction of this kind of triangle could be
expressed as

LGi=1,2...... ). (6)
Then,
T(s) = Max(1 - L, L;). (7)

In the equation (7), G (s) was the length of one side s and
X (s) was the shape coeflicient of the triangle with side s
connected.

2.4. Surgical Treatment. All patients with NMIBC were given
general anesthesia. Transurethral resection of the bladder

tumor was performed at the bladder lithotomy site. Different
parameters of the resection mirror were set. The electro-
coagulation power and resection power were 60-80 W and
80 W, respectively. The resection range was 1 cm away from
the edge of the tumor base to ensure complete resection of
the tumor base. During the operation, the superficial muscle
layer or the whole layer of the bladder wall could be selected
according to the specific situation. When the tumor was too
large, the protrusion tissue was first removed, then the
tumor base was completely removed, and electrocautery was
used to stop bleeding.

2.5. Postoperative Nursing Process. After the operation, the
patients in the case group and the control group were treated
with comprehensive nursing and routine nursing. Routine
nursing: electrocardiographic (ECG) monitoring was per-
formed 24 hours after the operation to observe the changes
in blood pressure, respiration, pulse, and other parameters.
Comprehensive nursing intervention in the case group: on
the basis of routine nursing, psychological health counseling
was conducted. Besides, timely communicating with pa-
tients and their families, popularizing medical-related
knowledge, and instructing the significance of postoperative
bladder flushing should be conducted, so as to alleviate the
tension of patients and make patients cooperate with
treatment in a good emotional state. Nursing care of bladder
flushing: attention should be paid to the flushing operation,
and the changes in flushing fluid should be timely moni-
tored. Nurses and family members should timely react with
doctors. The temperature, dosage, and flushing speed of
flushing fluid were controlled as required. Nursing of
drainage tube: the drainage tube was properly fixed to ensure
its patency in the whole process, bladder spasm was pre-
vented, the change of drainage fluid was monitored in real
time, and the drainage speed was controlled. Nurses and
family members should timely communicate with doctors
for adjustment in time.

2.6. Observation and Evaluation Indicators. The general
basic data of the two groups were collected, analyzed, and
compared, including average age, proportion of men and
women, course of disease, average tumor diameter, and
proportion of patients with single and multiple tumors.

Based on the pathological examination results, three
common index CT images based on the three-dimensional
reconstruction algorithm were selected to evaluate the
preoperative diagnostic effect of NMIBC patients, namely,
accuracy, specificity, and sensitivity. The calculation
methods are shown in the following equations:

A+ B
Y T XY CrBAD
B
Speciﬁcity = m, (8)
o A
sensitivity = D+ A



In the above equation, A was true positive, indicating
that the diagnostic result was positive and actually positive; B
meant true negative, indicating that the diagnosis result was
negative and actually negative; C was false positive, meaning
that the diagnostic result was positive and actually negative;
D was false negative, indicating that the actual result was
positive and the diagnostic result was negative.

A receiver operating characteristic (ROC) curve was
used to represent the diagnostic ability of CT information for
patients with NMIBC, and the area under the curve (AUC)
was determined according to ROC.

A self-rating anxiety scale (SAS) [30] was used to
evaluate the psychological status of the two groups. The total
score was 100. The higher the score was, the more serious the
anxiety state was. The frequency of bladder spasm, bladder
flushing time, and indwelling time of the drainage tube were
recorded and compared between the two groups. The
changes of tumor markers of bladder cancer specific anti-
gen-1 (BLCA-1) and cyto-keratin 19 fragment antigen 21-1
(CYFRAZ21-1) were recorded in two groups of patients after
operation. The quality of life of patients at 6 months after
operation was evaluated by using the European Cancer
Research and Treatment Organization quality of life core
questionnaire. The scores were determined by five aspects:
role, body, emotion, social, and cognitive function. The
higher the score was, the better the quality of life of patients
after operation was. The postoperative complications of the
two groups were recorded and compared, and the com-
plications such as electroresection syndrome, urinary tract
infection, and massive hemorrhage were observed and an-
alyzed. One year after the operation, CT image scanning
based on the three-dimensional reconstruction algorithm
was performed to check the recurrence of the two groups.

2.7. Statistical Methods. SPSS software was used to analyze
the data. The data conforming to normal distribution was
expressed by meanz+s, and the measurement data was
expressed by t-test, chi-square test, (y2) was used to indicate
the counting data, and P <0.05 indicated that there was a
statistical difference.

3. Results

3.1. Comparison Results of Basic Conditions of Patients.
The basic conditions of the two groups were recorded and
compared. It was found that there was no significant dif-
ference between the case group and the control group in terms
of average age, proportion of male patients, average tumor
diameter, duration of disease, and number distribution of
patients with multiple tumors (P <0.05). In addition, there
was no significant difference between the two groups in the
proportion of patients with hematuria, frequent urination,
urgent urination, dysuria, and obvious weight loss (P < 0.05).
The specific results are illustrated in Figures 1 and 2.

3.2. Computed Tomography Imaging Results of Patients.
Figure 3 shows the CT image of a 57-year-old male. There
were multiple multicolor lumps on the left lateral wall and
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left posterior wall of the bladder. The largest one was located
2.5cm above the left ureter, with a wide base. There was
necrosis on the tumor surface, and the rest of the bladder
mucosa was smooth.

Figure 4 shows the CT image of a 63-year-old male.
There was a papillary mass on the left posterior wall of the
bladder, with 3 x 3 cm in size and a broad base close to the
right ureteral opening. The vascular pedicle was clear.

3.3. Diagnostic Ability of Computed Tomography Images.
By calculating the accuracy, specificity, and sensitivity, it was
found that the accuracy, specificity, and sensitivity of CT
imaging information based on the three-dimensional re-
construction algorithm in diagnosing NMIBC patients were
89.38, 93.77, and 84.39, respectively. The specific results are
revealed in Figure 5.

The ROC curve was drawn according to the specificity
and sensitivity of CT imaging information in diagnosing
NMIBC patients, as shown in Figure 6. In addition, the AUC
was determined to be 0.871 according to the ROC.

3.4. SAS Score Results of Two Groups. After treatment, the
SAS scores of the two groups were measured. The results
showed that the scores of the case group were significantly
lower than those of the control group (P < 0.05). The specific
results are shown in Figure 7.

3.5. Comparison of the Incidence of Bladder Spasm, Bladder
Flushing, and Indwelling Time of Drainage Tube between the
Two Groups. The incidence of bladder spasm, bladder
flushing, and indwelling time of the drainage tube in the two
groups were recorded and compared. The results indicated
that the incidence of bladder spasm (9.68%), bladder
flushing time (1.56 d), and retention of drainage tube time
(2.68 d) in the case group were obviously lower compared to
the control group (30.65%, 2.32 d, and 5.19d) (P < 0.05). The
specific results are shown in Figure 8.

3.6. Comparison of Tumor Markers between the Two Groups.
The levels of tumor markers after operation in the two
groups were recorded and compared. The results showed
that serum BLCA-1 (3.72ng/mL) and CYFRA21-1 (5.68 ug/
mL) in the case group were signally lower than those in the
control group, with a statistically considerable difference
(P <0.05). Figure 9 illustrates the specific results.

3.7. Comparison of Quality of Life Scores between the Two
Groups. The postoperative quality of life indexes of the two
groups were recorded and compared. The results showed
that, in contrast to the control group, the scores of role
function (89.82 points), emotional function (84.76 points),
somatic function (79.23 points), and social function (73.93
points) in the case group were markedly higher (P <0.05).
The specific results are shown in Figure 10.
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FiGure 1: Comparison results of basic conditions of two groups of patients. (a) The comparison of average age and the male ratio between
the two groups; (b) the comparison of average tumor diameter and course of disease between the two groups; (c) the comparison of the
number of patients with multiple and single tumors between the two groups.
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F1GURE 2: Comparison of clinical symptoms between the two groups. (a) The comparison of the number of patients with hematuria, frequent
urination, and urgent urination in the two groups; (b) the comparison of the number of patients with dysuria and significant weight loss in

the two groups.

3.8. Comparison of Postoperative Complications and Recur-
rence Rate between the Two Groups. The postoperative
complications of the two groups were recorded and com-
pared. The results showed that compared with the control
group, the number of patients with postoperative urinary
tract infection and electroresection syndrome in the case
group was significantly lower (P <0.05), and there was no
urethral stricture in the two groups. In addition, one year
after the operation, CT examination showed that the re-
currence rate in the case group (6.45%) was significantly

lower than that in the control group (22.58%) (P <0.05).
Figure 11 suggests the specific results.

4. Discussion

At present, the incidence rate and mortality rate of bladder
cancer are increasing, and it has the characteristics of high
malignancy and poor prognosis. It has seriously damaged
the physical and mental health of patients. In men, bladder
cancer has been ranked fifth in cancer mortality rate, and in



FIGURE 3: The CT image of a 57-year-old male patient, with a
history of high blood pressure.

F1GURE 4: The CT image of a 63-year-old male patient. The general
condition was good, and he was admitted after 8 days of hematuria.
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F1GUre 5: Evaluation of the ability of CT imaging information to
diagnose NMIBC patients.

women, it has been ranked in the top ten. Therefore, timely
diagnosis and effective treatment of bladder cancer are
particularly important [31]. About 70% of the clinical pa-
tients are NMIBC patients, but non-muscle-invasive bladder
cancer patients also have a higher risk of metastasis. Surgical
treatment is the main means of clinical treatment for bladder
cancer. Preoperative diagnosis of bladder tumor by CT is
very important for determining the stage, location, and size
of the bladder tumor. CT is one of the common methods for
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FiGure 6: ROC curve results of NMIBC patients diagnosed by CT
imaging information.
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indicates significant difference, P <0.05.

the clinical diagnosis of bladder cancer. Preoperative diag-
nosis can improve the accuracy of preoperative staging and
can detect the recurrence of bladder cancer. CT detection
based on a three-dimensional reconstruction algorithm is
helpful for clinicians to further observe and analyze, obtain
more deep information, and confirm the operation plan
more accurately and quickly [32]. To analyze the application
value of CT image based on three-dimensional recon-
struction algorithm in perioperative nursing research and
prognosis analysis of elderly patients with NMIBC in
urology, 124 patients with NMIBC were selected and divided
into case group and control group. Before operation, CT
detection based on the three-dimensional reconstruction
algorithm was used to diagnose the tumor. The results
showed that there was no significant difference in the av-
erage age, the proportion of male patients, the average tumor
diameter, the length of disease course, and the number
distribution of patients with multiple tumors (P < 0.05). In
addition, there was no significant difference between the two
groups in the proportion of patients with hematuria, fre-
quent urination, urgent urination, dysuria, and obvious
weight loss (P <0.05), which showed that the basic
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conditions of the two groups were the same and increased
the comparability of follow-up parameters. By calculating
the accuracy, specificity, and sensitivity, it was found that the
accuracy, specificity, and sensitivity of CT imaging infor-
mation based on the three-dimensional reconstruction al-
gorithm in diagnosing NMIBC patients were 89.38, 93.77,
and 84.39, respectively. The ROC curve was drawn according
to the specificity and sensitivity of CT imaging information
in diagnosing NMIBC patients, and the AUC was deter-
mined to be 0.871 according to ROC. This indicated that the
CT image based on the three-dimensional reconstruction
algorithm had a strong diagnostic ability for NMIBC pa-
tients. The results of comparative analysis of the two
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F1GURE 10: Quality of life score results of two groups of patients. *
indicates significant difference, P < 0.05.

diagnostic methods of CT and pathology in multiple bladder
cancer pathologies showed that the coincidence rate between
CT diagnosis and pathological diagnosis was high. It could
provide a reference for the clinical diagnosis of MNIBC
patients, which was more consistent with the results of this
study [33].

In this study, the patients were divided into case group
and control group for rapid comprehensive nursing and
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plications between the two groups; (b) the comparison results of postoperative recurrence between the two groups. # indicates significant

difference, P < 0.05.

routine nursing. The recovery status of the two groups was
analyzed and compared. The recurrence was detected by CT
scanning, so as to evaluate the reference value of CT image
information based on the three-dimensional reconstruction
algorithm in preoperative diagnosis, postoperative nursing,
and recurrence monitoring of NMIBC patients. The results
showed that after surgical treatment and nursing, compared
with the control group, the SAS score in the case group was
significantly lower (P <0.05). The incidence of bladder
spasm in the case group was significantly lower, the bladder
flushing and drainage tube retention time were significantly
shorter (P <0.05), and the tumor markers BLCA-1 and
CYFRAZ21-1 in the serum of the case group were significantly
lower (P <0.05). The scores of emotional function, physical
function, and social function increased significantly
(P <0.05), and there was no significant difference in cog-
nitive function between the two groups (P >0.05). Com-
pared with the control group, the number of patients with
postoperative urinary tract infection and electroresection
syndrome in the case group decreased significantly
(P <0.05). There was no urethral stricture in both groups. In
addition, one year after the operation, CT examination
showed that the recurrence rate of patients in the case group
was significantly lower than that in the control group
(P<0.05), indicating that postoperative comprehensive
nursing was particularly important for patients with
NMIBC. CT detection could play a great role in the post-
operative detection and prognosis evaluation of NMIBC. In
some studies, the recurrence rate of patients with NMIBC
decreased significantly after surgical treatment and one year
after comprehensive nursing, which was consistent with the
results of this study [34]. In conclusion, CT detection based
on a three-dimensional reconstruction algorithm was par-
ticularly important for preoperative diagnosis, prognosis,
and recurrence monitoring of NMIBC patients.

5. Conclusion

124 patients with NMIBC received CT examination based on
the three-dimensional reconstruction algorithm and re-
ceived rapid comprehensive care and conventional care. The
results showed that CT images based on the three-dimen-
sional reconstruction algorithm had a strong diagnostic
ability for NMIBC patients, and postoperative

comprehensive care was particularly crucial for NMIBC
patients. Besides, CT detection could play a huge role in
postoperative detection and prognosis assessment of
NMIBC. Postoperative comprehensive nursing could not
only shorten the bladder flushing and retention of drainage
tube time of NMIBC patients but also reduce the postop-
erative recurrence rate and improve the prognosis. The
deficiency of this study was that the sample size of the re-
search object had a single source and did not have ran-
domness and wide applicability. In the future research,
multilocation and multitype sample size analysis and re-
search will be considered, so as to provide a more practical
and effective reference for CT imaging examination and its
monitoring in preoperative diagnosis, prediction, and re-
currence of NMIBC patients.
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This study was to evaluate the clinical efficacy of pemetrexed combined with platinum-based chemotherapy in the treatment of
elderly lung cancer using electronic computed tomography (CT) images based on artificial intelligence algorithms. In this
study, 80 elderly patients with lung cancer treated were selected and randomly divided into two groups: patients treated with
pemetrexed combined with cisplatin were included in the pemetrexed group and patients treated with docetaxel combined with
cisplatin were included in the docetaxel group, with 40 cases in each group. The DenseNet network was compared with the Let
Net-5 and ResNet model and applied to the CT images of 80 elderly patients with lung cancer. The diagnosis accuracy of the
DenseNet network (97.4%) was higher than that of the Let Net-5 network (80.1%) and ResNet model (95.5%). Carci-
noembryonic antigen (CEA), cytokeratin fragment antigen 21-1 (CYFRA 21-1), and squamous cell-associated antigen (SCC)
after chemotherapy in the pemetrexed group and docetaxel group were all lower than those before chemotherapy, showing
statistically obvious differences (P <0.05). The satisfaction degree of nursing care in the pemetrexed group (92.67%) was
significantly higher than that in the docetaxel group (85.62%), and the difference was statistically significant (P < 0.05). Adverse
reactions such as fatigue, diarrhea, and neutrophils in the pemetrexed group were lower than those in the docetaxel group, and
the difference was statistically great (P <0.05). The DenseNet convolutional neural network has high diagnostic accuracy;
methotrexate combined with platinum chemotherapy can improve the chemotherapy effect in elderly patients with lung
cancer, with low degree of adverse reactions and good overall tolerance, which can be used as the first-line treatment for elderly

patients with lung cancer.

1. Introduction

Lung cancer is the malignant tumor with the highest
morbidity and mortality in the world, and it is increasing
year by year [1, 2]. Nonsquamous non-small cell lung
cancer (NSCLC) is a common pathological type of lung
cancer. Because of its insidious onset and rapid disease
progression, patients are usually in the advanced stage
when diagnosed, and 50% of the elderly are over 65 years
old, and most of them are in the advanced stage, so
they cannot be treated by surgery [3-5]. For a long time,

platinum-containing dual-drug chemotherapy has been
the first-line standard treatment for patients with ad-
vanced NSCLC without driver gene mutations. Peme-
trexed combined with platinum chemotherapy has been
approved to be the first-line treatment way by the Food
and Drug Administration of the United States for the
treatment of patients with advanced nonsquamous
NSCLC [6]. In China, pemetrexed combined with plati-
num-based chemotherapy is more widely used in non-
squamous NSCLC patients. At present, the efficacy and
safety of pemetrexed combined with platinum in the first-


mailto:lishue@suda.edu.cn
https://orcid.org/0000-0002-7146-5548
https://orcid.org/0000-0003-2581-6957
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://doi.org/10.1155/2022/2574451

line treatment of nonsquamous NSCLC patients have not
been clearly evaluated.

In recent years, with the development of medical image
informatics, digging out image features and analyzing
clinical information from medical images has gradually
attracted the attention of clinicians [7-9]. Studies have
confirmed that computed tomography (CT) scans have the
advantages of noninvasive and repeated examinations and
can evaluate the efficacy of tumors based on tumor size,
enhancement characteristics, and density changes [10]. After
chemotherapy, the efficacy of chemotherapy can be assessed
noninvasively based on the patient’s clinical indicators, CT
indicators, and histological indicators, and a personalized
treatment plan suitable for the patient can be selected, which
can provide a good reference for new treatment methods.

The function of automatic search and representation by
artificial intelligence is very useful in the medical field. The
main features can be extracted by artificial intelligence, and
CT images can be classified without human intervention.
The newly developed DenseNet is a convolutional neural
network (CNN) with dense connection function, in which
any two layers are directly connected; the input of each layer
is the union of the outputs of all the previous layers, and the
characteristic map of this layer is also the input of all the
subsequent layers [11]. Wan et al. (2021) [12] found that
DenseNet is more efficient than a convolutional neural
network, which is mainly reflected in the reduction of
computation and the reuse of features in all layers of the
network. DenseNet can effectively detect and classify pul-
monary nodules in CT images for accurate diagnosis.

In this study, 80 elderly patients with lung cancer were
selected, and the artificial intelligence algorithms were in-
novatively combined with CT images to segment and cali-
brate the elderly patients with lung cancer so as to explore
the efficacy of pemetrexed combined with platinum-based
chemotherapy in the treatment of lung cancer and truly
realize the desire of “early detection, early diagnosis, early
treatment, and early cure.”

2. Research Objects and Grouping

2.1. Research Objects. In this study, 80 elderly patients with
lung cancer (aged>60years old) in the hospital from
January 2019 to September 2020 were selected as the re-
search objects. In addition, all research objects were di-
agnosed as lung cancer using percutaneous lung puncture,
bronchoscopy biopsy, lymph node biopsy, and other bi-
opsies of metastatic lesions. They were randomly divided
into two groups, patients treated with pemetrexed com-
bined with cisplatin were included in the pemetrexed group
(40 cases aged 62~83 years old) and patients treated with
docetaxel combined with cisplatin were included in the
docetaxel group (40 cases aged 61~85 years old). There was
no significant difference in age and gender between the two
groups of patients (P>0.05), and they were comparable
(Table 1). This study had been approved by the ethics
committee of hospital, and the patients and their families
understand the situation of the study and sign the informed
consent forms.
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TasLE 1: Clinical characteristics of the two groups of patients before
treatment (n, %).

Pemetrexed group Docetaxel group P

(n=40) (n=40) value

Average age 7324125 745+138  >0.05
(years old)

Gender Males 26 (65%) 24 (60%) >0.05

Females 14 (35%) 16 (40%) >0.05

ps 0 6 (15%) 9 (22.5%) >0.05

score 1 33 (82.5%) 24 (60%) >0.05

2 1 (2.5%) 7 (17.5%) >0.05

Inclusion criteria are as follows: patients with the sys-
temic function status score (PS score) standard of below 2
points; patients whose estimated survival time was more
than 3 months; patients whose liver and kidney function and
blood routine before chemotherapy were in the normal
range; and patients without severe qualitative lesions in
important organs.

Exclusion criteria are as follows: patients who were
<60 years old; patients with unclear clinical stage; patients
with less than 2 cycles of chemotherapy; patients who did not
cooperate; and patients with malignant tumors of other
parts.

2.2. Treatment Schemes. Pemetrexed group: 40 patients with
lung cancer started to take folic acid tablets 7 days before
receiving pemetrexed chemotherapy (400 ug/d) for contin-
uous 21 days. They were given VitB12 (1000 pg/time) in-
tramuscular injection at the same time 7days before
chemotherapy, once every 21 days. Dexamethasone (4 mg)
was taken orally 1 day before chemotherapy and 1st day and
2nd day after chemotherapy to prevent skin rash and al-
lergies. Pemetrexed (500 mg/m?) was given in the form of
intravenous infusion on the first day; cisplatin (70 mg/m?),
intravenous infusion, was given on the first time. One cycle
included 21 days.

Docetaxel group: the patients were given dexamethasone
(5mg) intravenously before chemotherapy, and docetaxel
(75 mg/mz) and cisplatin (70 mg/mz) were intravenously
injected on the first day, with 21 days for a cycle. Measures to
prevent vomiting were given during chemotherapy. The
blood picture was rechecked once a week, tumor markers
and biochemical indicators were rechecked before each
chemotherapy, and CT imaging was performed to evaluate
the curative effect after 2 cycles of chemotherapy.

2.3. Evaluation Criteria. The curative effect was evaluated
according to the solid tumor curative effect evaluation
standard RECIST 1.1 given by World Health Organization
(WHO) [13]. In this study, CT scans were used to evaluate
the changes in the size of the measurable nodules before and
after treatment. The imaging examination before treatment
showed that there were 1 or more measurable lesions. All
patients had at least 2 cycles of chemotherapy. The curative
effect was evaluated after 2 cycles of chemotherapy and
compared with the lesion before treatment. It should detect
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the serum tumor markers (carcinoembryonic antigen
(CEA), cytokeratin fragment antigen 21-1 (CYFRA 21-1),
and squamous cell-associated antigen (SCC)). In addition,
the chest and abdomen were performed with the enhanced
CT, and then it should continue to the next round according
to RECIST standards treatment.

Evaluation indicators of target lesions included complete
remission (CR), partial remission (PR), stable disease (SD),
and disease progression (PD).

The response rate (RR) (RR=CR+ PR), disease control
rate (DCR) (DCR=CR+PR+SD), time to progression
(TTP), median survival time (MST), and progression-free
survival (PFS) were detected. The follow-up was performed
using a combination of outpatient and telephone follow-up.
During the follow-up, the survival time (months) of all
patients was recorded.

2.4. CT Scan. The patient was in a supine position with the
head advanced, and a 16-slice spiral CT scanner was used.
Before the examination, the patient was trained to breathe
and hold his breath calmly to eliminate tension. Local plain
scan was performed on the mass and determine the largest
level of the lesion on the plain scan image. Scanning con-
ditions were set as follows: 120kV, 200 mA, 1.0 s/r, acqui-
sition layer thickness of 1 mm x 16, reconstruction interval
of 7mm, reconstruction layer thickness of 7 mm, and pitch
of 15. Dynamic scanning was performed on selected layers
according to cross-sectional positioning. Perfusion scanning
conditions were set as follows: 120kV, 200 mA, 1.0 s/r, field
of view (FOV) of 40, matrix of 512 x 512, acquisition layer
thickness of 2 mm x 4, and interval of 1s. 50 mL of 300 mg/
mL iohexo was injected intravenously in front of the elbow,
21 Gx3/4 intravenous indwelling needle was embedded
through median cubital vein puncture, with the rate of 4 mL/
s, delay of 65, and data acquisition of 32s, generating 128
layers of perfusion images. After the completion of the
perfusion scan, 50 mL of contrast medium was injected again
at a rate of 2mlL/s, with a delay of 25seconds for routine
enhanced scan.

2.5. Nursing Methods. Psychological nursing should be
implemented for all patients. Nursing staft should under-
stand and support patients, meet their reasonable needs,
fully mobilize the enthusiasm of patients’ spouses or family
members, assist patients with treatment with a good attitude,
and respond to various adverse reactions in a timely manner.

Before administration, patients and family members
should be informed that chemotherapy drugs may cause side
effects such as leukopenia and thrombocytopenia. The im-
portance of vitamin B12 and folic acid should be explained,
the compliance of patients with self-medication outside the
hospital has to be improved, patients should be encouraged
to drink more water, urine output should be maintained
above 2000 mL, and the color and nature of urine should be
paid attention to.

Patients have different degrees of skin rash and itching,
and the head, face, and trunk are more common. Oral
antihistamines or hormone antiallergic drugs can be used for

nursing, and antibiotics can be taken orally in a short time to
prevent infection. Patients are advised to wear soft and
breathable clothes, keep their skin clean, and if skin rash or
itching occurs, they should avoid scratching and rubbing
irritating drugs locally. Hydrocortisone or dexamethasone
ointment can be applied for external treatment.

According to the nursing of gastrointestinal reaction,
antiemetic drugs such as granisetron and metoclopramide
should be used on time and correctly before treatment to
prevent the occurrence of nausea and vomiting. It is im-
portant to reduce bad stimulation, create a good living
environment, and keep the indoor air fresh and the tem-
perature appropriate. Dietary guidance should be given. For
patients with diarrhea, the number and characteristics of
defecation should be recorded. Compound phenethylpi-
peridine can be taken orally to reduce gastrointestinal
peristalsis. For patients with dehydration symptoms, water
and electrolytes should be added intravenously.

Cisplatin has obvious toxic and side effects on kidney,
and active hydration and diuresis during chemotherapy are
the keys to prevent kidney damage. On the day of application
of cisplatin, the hydration volume should be >2000 mL and
furosemide 20 mg or 20% mannitol 125 mL should be given
for diuresis. In order to ensure continuous renal perfusion
and maintain the infusion time for more than 14hours,
patients should be encouraged to drink more water and keep
sufficient urine output and the 24-hour urine output should
be >2000 mL.

2.6. CT Image Based on DenseNet. DenseNet is a dense
connection mechanism that connects all layers to each other.
That is, the input of each layer in the network is the output of
all the previous layers [14]. Figure 1 showed the dense
connection mechanism of the DenseNet.

If there were N layers in the DenseNet, there were
N(N-1)/2 connections in the entire DenseNet CNN.
DenseNet is not only densely structured but also can im-
prove network efficiency by connecting feature maps of
different layers.

The output of the traditional convolutional neural net-
work (CNN) in the N layer was given as follows:

Xy = Tn (xn—l)' (1)

In (1), x represented output and T, represented a
nonlinear transformation function, which was a series of
comprehensive operations such as batch normalization
(BN), ReLU activation function, pooling operation, and
Conv convolution operation. In the DenseNet, the
identity function from the input of the previous layer was
added:

Xp = Tn (xn—l) T X1 (2)

At the same time, all the previous layers were taken as
input:

Xy =Tn([x0’x1""’xnfl])' (3)

Parameters of DenseNet were shown in Table 2.
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FiGure 1: The dense connection mechanism of the DenseNet.
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TaBLE 2: Parameters of DenseNet.

Layer Output size Parameter
Convolution 112x112 7 x7 conv, stide2
Pooling 56 X 56 3 x 3 max pool, stide2
Dense block 56 X 56 1 x 1conv %6

3 X 3conv
Transition layer 56 X 56 Ix1 conv

28 x28 2x 2 average pool, stide2

Dense block 28 %28 1 x lconv %12

3 X 3conv
Classification layer I1x1 7 x 7 global average pool

2.7. Image Analysis and Processing. The two-dimensional
(2D) images of the CT image sequence of 80 patients with
nodules were extracted. The CT image was segmented, the
candidate position was taken as the center to obtain the image
block, and the cross-section, sagittal plane, and coronal plane
were extracted. Due to the size of most nodules, the receptive
field size of each image block was set to 64 x 64. The CT values
were cut to (—=1000-400 HU) and normalized to (0, 1). The
average gray value was subtracted to fit the DenseNet.

2.8. Setting for Algorithm Comparison. The ratio of the
training set to the test set was 8:2, and these two sets of
pictures were used as the input of the DenseNet. When the
model was trained, the network growth speed k was set to 32,
the compression rate of the transition layer between different
blocks was set to 0.5, the learning rate was set to 0.01, and the
dropout rate was set to 0.3. The optimizer used the batch
gradient descent method. In order to make the conclusion
more convincing, the DenseNet network was compared with
Let Net-5 and ResNet models in this study.

2.9. Statistical Methods. SPSS (Statistical Product and Ser-
vice Solutions) 22.0 was adopted as the analysis and sta-
tistical software for statistical analysis. The count data were
expressed in percentage (%),the data conforming to the
normal distribution was expressed in X + s, and the ¢-test
was used to verify. The results were statistically significant
when P <0.05.

3. Results

3.1. Results of Image Segmentation Algorithms. There were
156 malignant nodules in 80 elderly lung cancer patients.
The DenseNet network was compared with Let Net-5 and
ResNet models to diagnose malignant nodules. The results
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showed that the Let Net-5 network detected 125 malignant
nodules, the ResNet network detected 149 malignant nod-
ules, and the DenseNet network detected 152 malignant
nodules. The diagnosis accuracy of the DenseNet network
(97.4%) was higher than that of the Let Net-5 network
(80.1%) and ResNet model (95.5%), and there was no sta-
tistical difference (P>0.05), as shown in Figure 2. The di-
agnostic accuracy of DenseNet was better than other typical
models, which proved the effectiveness of DenseNet in di-
agnosing malignant nodules.

The CT image was segmented based on the DenseNet,
and the results were shown in Figure 3. It was found that the
DenseNet showed a more accurate and higher definition for
the number of nodules diagnosed.

3.2. Clinical Efficacy and Survival. The RRs of the peme-
trexed group and the docetaxel group were 28.5% and
16.78%, respectively; the DCRs were 63.5% and 62.8%, re-
spectively; and the 1-year survival rates were 38.6% and
30.4%, respectively, showing statistically obvious differences.
The follow-up time for all patients was 6-24 months. Among
them, the TTP of the pemetrexed group was 3.2 months and
the MST was 8.7 months; the TTP of the docetaxel group was
3.6 months, and the MST was 9.2 months. There was no
statistically significant difference in TTP and MST between
the two groups of patients, as shown in Figure 4.

3.3. CT Imaging Changes of Lung Cancer before and after
Chemotherapy. The imaging features of lung cancer showed
an irregular flaky consolidation at the tip and posterior segment
of the lung, and the lesion was shrunken; dilated bronchioles
were seen inside, with clear edges and long burrs; bilateral
thoracic cavity, horizontal fissure, and bilateral oblique fissure
showed fluid density shadow; left lower lung tissue was com-
pressed, and middle and lower lobe scattered in the paren-
chymal zone in the right lung. In addition, the left atrium and
left ventricle were enlarged, and multiple lymph nodes in the
mediastinum were enlarged, as shown in Figure 5(a). CT was
rechecked after chemotherapy. The lung cancer patients in the
remission group had shrunken masses, unclear borders, and
open atelectasis, as shown in Figure 5(b).

3.4. Determination of Tumor Markers. CEA, CYFRA21-1,
and SCC after chemotherapy in the pemetrexed group and
docetaxel group were lower than before chemotherapy, and
the differences were statistically significant (P <0.05). In
addition, there was no significant difference in CEA,
CYFRA21-1, and SCC before and after chemotherapy in the
pemetrexed group and docetaxel group (P> 0.05), as illus-
trated in Figure 6.

3.5. Nursing Satisfaction. The satisfaction degree of nursing
care in the pemetrexed group (92.67%) was significantly higher
than that in the docetaxel group (85.62%), and the difference
was statistically significant (P < 0.05), as shown in Figure 7.

3.6. Adverse Reactions. The main adverse reactions of the two
groups of patients were insomnia, skin rash, cardiotoxicity,
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Let Net-5

100
80.1
80

DenseNet ResNet
97.4 95.5

FiGure 2: Comparison of the diagnostic test results of lung malignant nodules.

(d)

Figure 3: Comparison of CT image segmentation results. (a) Original CT image; (b) Image segmented by Let Net-5 network; (c) Image
segmented by ResNet; (d) Image segmented by the DenseNet.

nephrotoxicity, liver toxicity, fatigue, hair loss, constipation,  those in the docetaxel group, and the difference was statis-
diarrhea, nausea and vomiting, thrombocytopenia, neutro-  tically significant (P <0.05), while the difference in other
phils, anemia, etc. Adverse reactions such as fatigue, diarrhea, =~ adverse reactions was not statistically obvious (P > 0.05). The
and neutrophils in the pemetrexed group were lower than  adverse reactions were shown in Figure 8.
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FIGUure 4: Comparison of clinical efficacy between two groups. (a) Comparison of clinical efficacy; (b) Comparison of survival.
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F1Gure 5: Changes in lung cancer CT images before and after chemotherapy. Male, 79 years old, patient with lung cancer. (a) Before chemotherapy,
the CT image showed the distribution of nodular soft tissue density masses at the posterior and lower right hilum (the size was about 0.8 cm in
diameter, the edges were slightly under-rectified, and there was no obvious swollen lymphoma in the mediastinum). (b) After chemotherapy, CT
images showed that the posterior and lower right hilum nodules were significantly smaller than before treatment, with a diameter of about 0.4 cm,
blurred edges, reduced right lung volume, and no obvious lymphadenopathy in the mediastinum.

4. Discussion

Early diagnosis of lung cancer is very difficult. Most patients
are already in the middle and late stages when they are
diagnosed, especially elderly patients. They even have distant
metastases and miss the chance of radical surgery. With the
aging of the population intensifying, the incidence of lung
cancer among the elderly is increasing [15]. Due to the
weakening of the physiological functions of the elderly, liver
reserves, renal clearance, and lung function are greatly re-
duced, and hematopoietic function is attenuated. If other
organ diseases are combined at the same time, the che-
motherapy tolerability of elderly lung cancer patients will
decrease. The continuous updating of chemotherapy drugs

in recent years has brought good clinical effects for the
treatment of elderly lung cancer patients [16]. Therefore, this
study used a comprehensive approach of chemotherapy
combined with radiotherapy for patients with advanced
NSCLC. The platinum-containing dual-drug combination
chemotherapy regimen for the treatment of advanced
NSCLC had been affirmed by a number of studies at home
and abroad, and its clinical efficacy and survival rate had
been greatly improved. This study retrospectively analyzed
the changes of CEA, CYFRA 21-1, and SCC tumor markers,
and explored the clinical efficacy of pemetrexed combined
with platinum on NSCLC chemotherapy.

Pemetrexed shows the characteristics of low toxicity,
high efficiency, and extensive antitumor properties. It was
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Figure 8: Comparison of adverse reactions between the two groups. *Compared with the pemetrexed group, P < 0.05.



approved by the Food and Drug Administration of the
United States in 2004 for the second-line treatment of
advanced NSCLC. Previous clinical studies have shown
that pemetrexed used in the second-line treatment of lung
cancer exhibits a good remission rate and overall survival
advantage. Gadgeel [17] found that pemetrexed and
docetaxel have different therapeutic effects for different
histological types, while pemetrexed treats NSCLC patients
with PFS longer. Cisplatin is a nonspecific antitumor drug
targeting the cell cycle and is currently widely used in
clinical practice. Cisplatin is still active on anaerobic cells
and aerobic cells, so it has a radiosensitization effect
[10, 18, 19].

CEA is the most commonly used tumor marker in
clinical practice, and its level is related to tumor metastasis
and recurrence. Studies have shown that about 20% of lung
cancer patients have higher CEA levels, which means that
dynamic monitoring of CEA levels can reflect the clinical
efficacy of lung cancer [20]. CYFRA21-1 is a fragment of
cytokeratin 19, which is very common in patients with
NSCLC. The RR of advanced NSCLC imaging assessment of
chemotherapy is positively correlated with the assessment of
CEA and CYFRA21-1. SCC is not elevated in small cell lung
cancer, but it is abnormally elevated in lung squamous cell
carcinoma. The detection of SCC can help differentiate
NSCLC [21]. CEA, CYFRA21-1, and SCC in the pemetrexed
group and docetaxel group after chemotherapy were lower
than those before chemotherapy (P <0.05). It shows that
pemetrexed combined with cisplatin has a good effect in the
treatment of NSCLC, which is consistent with the research
results of Chen et al. (2020) [22]. Pemetrexed inhibits the
activities of the above three key enzymes through multiple
targets, reduces the synthesis of purines and pyrimidines,
and ultimately inhibits the production of tumor cell DNA. In
particular, tumor cells stagnate during the DNA synthesis
stage of mitosis, leading to tumor cell apoptosis and
achieving the goal of antitumor.

The folic acid and vitamin B12 were given accurately
before chemotherapy to reduce bone marrow suppression
and accurately take dexamethasone to reduce the occur-
rence of skin toxicity. Medical staft should closely observe
the toxic and side effects of drugs, deal with them promptly
if they find undesirable conditions, strengthen patients’
psychological care and health knowledge education, and
obtain the support and cooperation of patients’ families.
Adverse reactions such as fatigue, diarrhea, and neutro-
phils in the pemetrexed group were lower than those in the
docetaxel group, and the differences were statistically
obvious (P <0.05). The results showed that there were no
serious adverse reactions in the two groups of patients after
treatment, and the adverse reactions of pemetrexed com-
bined with cisplatin were mild.

5. Conclusion

In this study, 80 patients with lung cancer were selected as
the research objects, and the clinical efficacy of pemetrexed
combined with platinum and docetaxel chemotherapy was
compared under the guidance of CT images based on
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DenseNet. DenseNet convolutional neural network has high
diagnostic accuracy; methotrexate combined with platinum
chemotherapy can improve the chemotherapy effect in el-
derly patients with lung cancer, with a low degree of adverse
reactions and good overall tolerance, which can be used as
the first-line treatment for elderly patients with lung cancer.
The shortcoming of this study was that the number of in-
cluded cases was small and data bias could not be ruled out.
In the later stage, further research was needed to explore the
differences in the efficacy and adverse reactions of the two
programs and to provide a basis for individualized treatment
of patients. In conclusion, it was confirmed in this study that
pemetrexed combined with cisplatin showed good clinical
efficacy in the treatment of elderly lung cancer and was
worthy of promotion.
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To apply deconvolution algorithm in computer tomography (CT) perfusion imaging of acute cerebral infarction (ACI), a
convolutional neural network (CNN) algorithm was optimized first. RIU-Net was applied to segment CT image, and then
equipped with SE module to enhance the feature extraction ability. Next, the BM3D algorithm, Dn CNN, and Cascaded CNN were
compared for denoising effects. 80 patients with ACI were recruited and grouped for a retrospective analysis. The control group
utilized the ordinary method, and the observation group utilized the algorithm proposed. The optimized model was utilized to
extract the feature information of the patient’s CT images. The results showed that after the SE module pooling was added to the
RIU-Net network, the utilization rate of the key features was raised. The specificity of patients in observation group was 98.7%, the
accuracy was 93.7%, and the detected number was (1.6 +0.2). The specificity of patients in the control group was 93.2%, the
accuracy was 87.6%, and the detected number was (1.3 + 0.4). Obviously, the observation group was superior to the control group
in all respects (P <0.05). In conclusion, the optimized model demonstrates superb capabilities in image denoising and image

segmentation. It can accurately extract the information to diagnose ACI, which is suggested clinically.

1. Introduction

Cerebral infarction is a cerebrovascular disease common in
elderly people. It is always accompanied by chronic diseases,
such as hypertension, hyperlipidemia, and diabetes. If not
treated timely, it will seriously affect brain function. Epi-
demiological data show that acute cerebral infarction (ACI)
accounts for about 50%-60% of all cerebrovascular diseases,
whose mortality rate is 10%-15% [1]. Acute ischemic ce-
rebral infarction is a common acute cerebrovascular disease,
which mainly refers to the complete obstruction of the
cerebral artery, the main trunk of the vertebrobasilar artery,
and other branches, eventually resulting in the necrosis of
the blood supply area of the brain tissue. Cerebral ischemia
can cause irreversible damage to the function of brain tissue.

The increase in infarct size will trigger a space-occupying
effect. Acute cerebral infarction followed by hemorrhagic or
hemorrhagic transformation is also one factor affecting its
prognosis and treatment [2]. Related studies have found that
the occurrence of ACI hemorrhage is associated with the
integrity of the brain microvascular structure, that is, the
blood-brain barrier. The increase of microvascular perme-
ability in the ischemic area increases the amount of red blood
cells leaking from the blood vessel [3]. Acute cerebral in-
farction has high fatality rate and disability rate [4]. Timely
diagnosis is imperative for enhancing the prognosis [5].
CT examination can clearly show the size, location, and
shape of ACI, and it is also economical, simple, and fast [6].
After CT examination, doctors can judge the treatment
timing and treatment methods according to the size and
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Figure 1: Traditional image recognition process.

number of the lesions [7]. Early CT detectors only performed
perfusion scans at some slices, and failed to cover the whole
brain, limiting their clinical applications and promotion.
Dual-source computed tomography (DSCT) is a device
under mature 64-slice CT, with a brilliant enhancement in
time resolution, which is 83 ms, lower than 0.1s of cardiac
imaging. CT scanning lifts the time resolution, and it has
become a noninvasive diagnosis of cerebral infarction.
Image feature extraction via different mathematical algo-
rithms can position the lesion with a high running speed [8].
Dual-source CT is divided into plain scan, enhanced scan,
and vascular examination. However, its definition was not
high enough in traditional CT images. The inaccurate image
segmentation also becomes a disadvantage in disease di-
agnosis. The application of intelligent algorithms in CT
images could help display clear CT images and realize
denoising. Many detection systems use deep networks to
extract features for pixel classification. Convolutional neural
networks (CNNs) are utilized in image segmentation,
classification, and target positioning [9]. Reducing the size of
the convolution kernel can faster the running speed of CNN
[10]. The CNN was optimized in the study. RIU-Net was
utilized to extract convolution features, equipped with the
SE module to enhance feature extraction, and expected to
provide novel approach for diagnosis of ACL

2. Materials and Methods

2.1. Research Subjects. Eighty patients treated in the hospital
from June 2018 to June 2020 were rolled into the control
group (25 male +20 female, (68.0 +3.2) years) and obser-
vation group (26 male + 14 female, (63.8 + 3.4) years). This
research had been approved of ethics committee of hospital,
and the patients all signed the informed consent forms.
Inclusion criteria are as follows: (i) those diagnosed as
ACI after examination; (ii) those having settled in the region
for no less than 5 years; (iii) those admitted to the hospital
within three days after the attack, and the examination
interval between the two devices was within two hours; (iv)
those having stroke for the first time; (v) those meeting the
diagnostic criteria for ischemic stroke by the Fourth Na-
tional Cerebrovascular Disease Academic Conference; and
(vi) those having CT examinations during emergency visits.
Exclusion criteria are as follows: (i) those who cannot
receive CT scan; (ii) mental illnesses such as vascular dementia
and Lewy body dementia; (iii) incomplete clinical and imaging
data; (iv) organ dysfunction; (v) patients with transient ce-
rebral insufficiency and hypocalcemia convulsions; (vi)

patients with severe organ complications; and (vii) patients
with other types of cerebral ischemia.

2.2. Image Recognition. Image recognition is an important
branch of computer vision in which the computer analyzes
the image and makes corresponding judgments. Humans get
90% of the information from the vision. With the advent of
the computer era, deep learning for image recognition and
judgment process also develops constantly, along with the
development of the Internet. Figure 1 shows the traditional
image recognition process, mainly including the image in-
put, preprocessing, feature extraction, and target recogni-
tion. Due to the complexity of image and the limitations of
algorithms, the speed of image recognition is slow and the
effect is not so satisfactory. The combination of artificial
intelligence technology and image recognition has become a
hot topic.

With the development of computer information tech-
nology, CNN arises. CNN demonstrates significant advan-
tages in image and video identification using less
pretreatment. It can learn and filter image features, and is
widely utilized in natural language processing. In this study,
the artificial neural network is incorporated in the existing
image recognition process to optimize it. After image
processing, feature extraction is performed. The artificial
neural network model can reduce the complexity and re-
dundancy, and SE module can enhance feature extraction.
To include RIU network in SE can enhance the network
accuracy. Figure 2 presents the image recognition flowchart.

2.3. CNN. CNN is formed by fully connected networks.
Each neuron is connected to another through input and
output assigned weights, which are proportional to the
number of neurons in each layer. Image is generally a three-
dimensional matrix, including length, width, and the
channel number. With multiple layers, CNN requires a huge
amount of calculation. With the improvement of image
pixels, the required weight matrix is also increasing. As the
pixel of the input image grows to 1000x1000 and the
number of neurons in the middle layer reaches 1M, 10"
pieces of data are needed to represent a simple two-layer
fully connected network. In Figure 3, each neuron is con-
nected to all the pixels in the image, and the matrix
transformation is completed first. The pixel feature of a point
is largely related to that of its surrounding pixels and less
related to that of the point far away. The image itself has
space information. After optimization, the weight coeflicient
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FIGURE 2: Schematic diagram of image recognition flowchart.

FIGURE 3: Schematic diagrams of full connection and convolutional form.
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FIGURE 4: The calculation process of CNN.

of the CNN network is reduced, and the pixel is also
increased.

After the convolutional layer and pooling layer of CNN
are added to the network, the input layer is also different.
Input layer input the three-dimensional image information
as image input. If H is the height of an image, W is the width
of it, and C is the number of input images, a color image with
a size of 360 x 360 is represented as a column vector with a
size of 360 x 360 x 3. CNN network with the three-dimen-
sional input of 360 x 360 x 3 maintains the original spatial
information of the image. The convolution layer obtains the
eigenvalue matrix through the convolution operation. The
input matrix is the current convolution layer’s input. The
convolution kernel refers to weight matrix of each layer in
CNN, and the weight matrix is represented by the size of the
weight from input matrix neuron to output matrix neuron.

The input matrix at layer m is the output matrix at layer
m-1. The size of the image is H;, x W;, x 4. Figure 4 shows the

weight matrix. It is a 2 x 2 X 4x2 matrix, where 2 suggest 2
output channels, 4 indicates 4 input channels, 2 x 2 is the size
of adjacent region corresponding to the input image. At W1,
it is obtained by multiplying the 2 x 2 x 4 convolution kernel
with the corresponding point of the matrix. The matrix
features output by the CNN network are expressed as follows.

m=(h/2) m=(h/2)

G, j’ k= F(Ii+m,j+n,kwm,n,k)' ( 1)
m=(h/2) m=(h/2)

After the convolution calculation is completed, the
neuron completes the nonlinear operation in a complex way.
F represents the activation function, and Sigmoid is gen-
erally utilized as the activation function. Different move-
ments cause different neural units to be activated.

After the pooling layer inputs the feature map, the
complexity of the calculation is reduced. The pooling of a
convolutional kernel of hxw is expressed by (2). The
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parameters in the network are decreased, which in turn
reduces the computation amount. Thus, it can maintain the
invariance of the feature map for small shifts in the input.

()+(2)

Each output represents an expansion of the receptive
field by a factor of & x w. The receptive field is expanded and
then it enables the use of more surrounding information.
The full connection layer is in line with the full connection of
the neural network to ensure the consistency of output.

For the optimization of CNN network, the problems of
fitting and underfitting need to be solved first so that the

network can obtain the optimal performance in training. To
make a set of weight parameters Q to approach the ideal
weight Q*, the generalization equation is as follows:

MSE(Q =E((Q"-Q)*)=E((Q"-Q)*) +VAR(Q"). (3)

On the premise of ignoring noise, generalization error
can be regarded as the combination of deviation and vari-
ance to measure the fitting ability of the network. A smaller
deviation represents better fitting ability of the network to
the data. The variance describes the overall disturbance of
the network. A larger variance means that the network is
more unstable and larger fluctuation in results (Figure 5).
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2.4. Image denoising. There are many classic denoising
methods, such as nonlocal denoising algorithms, full vari-
ational regularization, and block-matching and 3Dfitering
(BM3D) algorithms. The overall operation of BM3D is
relatively complicated. It mainly uses the similarity of image
blocks to group them, and then carries out filtering oper-
ation on each image block to turn them to the two-di-
mensional form, and finally weighs and averages all similar
images. The process is shown in Figure 6. It includes two
stages. The first stage is to select reference blocks for the
input image, and arrange all similar image blocks to form a
three-dimensional matrix. Next, filtering is performed for
two-dimensional transformation. Finally, the fused image
blocks are put back in the original position. In the second
stage, the original image and the result image are input. The
three-dimensional matrix obtained is the same as that of the
first stage.

2.5. Denoising Model. Denoising problems based on con-
volutional networks include IRCNN, FFDNet, RED-CNN,
DnCNN, etc.

The denoising model expresses the low-dose CT image as
follows:

x=9). (4)

XEW™ represents a low-dose noise image, y € W™
represents a normal image, and W™ " is a mapping from a
normal image to a noise image.

CNN-based image denoising is to find a function f,
expressed as follows:

F = argmin||F (x) - ylL3. (5)

F is the approximate value of ¢, and it represents the
CNN. With more than two layers and sufficient parameters,
the CNN can fit any functions. Theoretically, F=¢ " exists.

2.6. DnCNN and Cascaded Structure. The structure of
DnCNN is shown in Figure 6. DnCNN was originally uti-
lized to process Gaussian noise. The network does not

include any sampling process, and performs denoising di-
rectly on the original image to ensure the denoising effects.

In Figure 7, the DnCNN structure is optimized to a
multilevel structure, namely, the Cascaded CNN structure.
The denoising result of the previous layer and the original
image are utilized as the input of the next layer. The artifact
can be further processed in the next layer, and the next layer
uses the original input information, which can well avoid the
loss of information. A deeper number of BLOCKs can
produce better performance.

2.7. Residual Neural Network Structure. If Xisinputin CNN,
thearbitrary mapping of the networkis expressed as M(X). The
ordinary convolutional network uses stacking learning M(X),
while the residual neural network (RNN) no longer directly
maps M(X), and the ideal mapping equation is as follows:

F(X)=M(X)-X. (6)

After the complex ideal mapping M(x) is converted into
residual F(x) for learning, the learning objective between
multiconvolutional layers is changed. When multilayer
convolution operations are performed to approximate re-
siduals, the network learns to output a residual function,
F(X) = M(X)-X. If F(x)=0, the optimization objective
function approximates an identity mapping, rather than 0.
To find the identity map is easier than to reproduce a
mapping function. It suggests that compared to common
network structure, RNN can learn information from more
and deeper layers.

In feature extraction, the equations of information
processing and image texture are shown as below.

Mean (i-mean) is defined as follows:

X = X (7)

S | -
M=

I
—_

1

Skewness (i-skewness) is calculated as follows:
(Um) ¥y (i — x)z
5
(Vam sz, (- %7)

D=
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FiGure 7: The Cascaded CNN structure.

I-kurtosis is calculated as follows:

K= (Un) Y5, (x; - x)4 s ©
(U 3L, (x - %))

The loss function is optimized as below, where F is the
actual data, and E represents the output predicted by the
model. |ENF| is an intersection of two sets. |E|, |F|, [ENF|
refer to the number size. DI is then calculated, as shown in
Figure 8. The equations are as follows:

2|ENF|
ce = 5
|E| +|F|

__ 2 i ef
Ve + YN £
2|ENF|

Bl +|FI

_ Y e
e+ X f
The Dice model focuses on |[ENF|. The enhanced model
avoids oversegmentation. Equation (11) shows the under-
segmentation, and equation (12) is the oversegmented
predicted outcome.

2|ENF|-|ENF|-|ENF]|
NewDlIce =
|E| +|F|

(10)

DIcedistance =1

) (11)

e T (12)

i

:ZZII‘Veifi_ZzN(l_ei Ji ZzNei(l_fi)
)

The change of the convolution structure is expressed in
H><W><DK><DK><M+H><W><M><N_1+ 1
HxW xDygxDgxMxN "N DgxDg
(13)

2.8. Scan Method and Scan Parameters. 256-slice spiral CT
was used. Patient was informed of the examination pro-
cedure and precautions in detail before scanning. Treat-
ment plans for allergic reactions should be formulated in
advance. The height and weight of the patient were ac-
curately recorded before the examination, and a trocar was
inserted into the anterior elbow vein. During the exami-
nation, the patient was instructed not to tilt the head, and
not to speak or swallow to keep the body still, which can
ensure good imaging results.

The head scanning requires a layer thickness of 5mm, a
tube voltage of 120KV, and a tube current of 100 mA. The
CT whole brain perfusion scan was performed under the
reciprocating dynamic scan mode. The contrast agent was
injected into the anterior elbow vein using a high-pressure
syringe (double-barreled) at a flow rate of 4-5mL/s, and
20 mL of normal saline was injected at 4-5mL/s. The per-
fusion scan program began as the contrast agent was in-
jected, with the tube voltage set to 80kv, and the tube current
set to 125mA. The matrix is 512x512, the scanning
thickness is 5mm, and the scanning is from the top of the
brain to the side of the foot. The time is 45s, with about 20
cycles. After the scan, allergic reactions were observed in
time, and the patient was asked to drink water to promote
the discharge of the contrast agent.
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The perfusion scan images were transferred to work-
station, and processed by the deconvolution algorithm. The
software automatically output the image of cerebral perfu-
sion parameters, and then the abnormal perfusion area was
divided by 3 physicians with over 5 years of experience. Any
inconsistencies were solved through negotiation with a se-
nior physician.

2.9. Image Segmentation. Image segmentation can accu-
rately diagnose diseases and locate lesions. Image seg-
mentation and computer aided diagnosis can clearly
identify the unclear area of the edge. A CT is a three-di-
mensional image of the human body. Region-based seg-
mentation algorithm uses the gray uniformity of the same
region to identify different regions of the image. Mapped to
a standardized Montreal Neurological Society space, the
image is divided into white matter, gray matter, and ce-
rebrospinal fluid. Next, the target data is smoothed. Fig-
ure 9 shows the flowchart of CT image segmentation by
convolutional network. First, the original image is pro-
cessed to segment the crane-less head, and then the image is
standardized. Noise reduction and anticounterfeiting fol-
low to obtain a smooth image, and finally the segmented
image is obtained.

2.10. Statistical Methods. The data were processed by
SPSS21.0. The measurement data (normal distribution) were
the form of mean+SD (x *s), and relative frequency and
frequency (%) were how nonconforming count data was
indicated. The T-test was performed, y* test was performed
for quality comparison, and P <0.05 was the threshold for
considerable difference.

3. Results

3.1. Image Comparison. Figure 8 showed the comparison of
an original image and a low-dose image. It was found that
the low-dose image had more particles than the original
image, and the denoising effects were not good. BM3D and
Cascaded CNN both exhibited obvious denoising effects, but
BM3D was better. However, some areas were still not
presented.

BM3D Cascaded CNN

of CT images of the brain.

3.2. Performance Comparison on the Test Set. Table 1 listed
the performance comparison between high-dose, low-dose,
and BM3D denoising methods in a test set. BM3D parameter
¢ =4. Other parameters are consistent with the simulation
experiment.

In Figure 10, the 115 slices of the CT image were ana-
lyzed. It was noted that the BM3D method was too smooth.
The low-dose and high-dose white dots in the orange box
were very light, and the white plots disappeared when using
the BM3D method.

3.3. The Segmentation of Brain CT Images. In Figure 11, the
CT images of ACI, RISEU-Net network, RISEU-Net-N
network, and RIU-Net network were used to segment the
cerebral infarct area. The enhanced RISEU-Net network
segmented CT image effectively.

3.4. Efficacy. The specificity, accuracy, and detected num-
bers were compared. In Table 2, the specificity, accuracy, and
detected numbers in the observation group were superior to
controls (P <0.05).

4. Discussion

Both the incidence and mortality of cerebral infarction are
on the rise [11]. The most common cerebral infarction is
atherosclerosis, and the corresponding in situ thrombus
leads to insufficient blood supply to brain tissue, resulting in
neurological dysfunction. The brain is intolerant to ischemia
and hypoxia. The blood supply interruption for 5 minutes
will cause irreparable injury [12]. Imaging is an important
part of the clinical diagnosis of ACI, and rapid and accurate
diagnosis is a prerequisite for timely treatment [13]. It is
reported that plain CT scan takes 22 hours to present the
results of ACI [14, 15]. CT perfusion imaging is a functional
imaging. Studies have found that abnormalities can be
displayed after 30 minutes of cerebral ischemia. Some re-
searchers use perfusion parameters to determine the severity
of ACI, and use different algorithms to detect the efficacy.
Different algorithms use different perfusion parameters, and
there is a good correlation between the blood flow and blood
volume of the diseased tissue measured by the deconvolu-
tion algorithm and the maximum slope method.
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TaBLE 1: Comparison of denoising performance.

Method PSNR RMSE SSLM
BM3D 32.46 9.786 32.68
Low dose 29.14 14.00 0.826
High dose 33.01 9.052 0.948

Low dose

High dose

BM3D

FiGure 10: Slice effect diagram.

ACI RIU-Net

RISEU-Net-N RISEU-Net

Figure 11: ACI CT images and segmentation results.

Deep learning is widely utilized. The evacuation design
of buildings was simulated using a deep learning-based
model, and the accuracy of the CNN model was verified by
introducing auxiliary image prediction training and tracking
sequence prediction training algorithm After image classi-
fication, the lesion’s location is displayed clearly, and the
features are extracted accurately [16, 17]. Shelhamer et al.
(2017) utilized natural images to segment semantics [18].
Pereira et al. (2019) applied CNN in the segmentation of

brain tumor images [19]. The specific locations in the
convolutional layer were merged to create a new image
[20, 21]. The optimized CNN algorithm was utilized, and
RIU-Net was applied to segment CT image. The features of
images could be clearly shown. CT images of the patients in
observation group were clearer than those in the control
group with less noise. Some scholars have applied the CNN
in feature extraction. Coordinates are set in the lesion area to
form a preselected detection frame, and then, the suspicious
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TaBLE 2: Efficacy of two groups.

Sensitivity (%)

Number of lesions detected Accuracy (%)

Control group 93.2
Observation group 98.7*

1.3+£04 87.6
1.6+0.2" 93.7*

*The difference was statistically significant (P <0.05).

part is classified, which makes up for the shortcomings of the
traditional method, and can detect the location of the lesion
accurately. The model was optimized by deep learning [22].
The optimized model was defined as the RIU-net network,
and it was then equipped with SE module, to enhance the
feature extraction image [20]. The BM3D algorithm was
compared with DnCNN and Cascaded CNN, and it was
concluded that the BM3D algorithm had better denoising
effects. SE module pooling was added into the RIU-Net
network. The utilization of CT image features was re-
markably enhanced. The specificity of the observation group
reached 93.7%, while that of the control group was 87.6%.
The result indicated that the optimized network showed
significant capacities in image denoising and segmentation
and could offer accurate information for ACI patients. The
optimized network used in the research showed excellent
effects in image denoising.

5. Conclusion

A CNN algorithm was enhanced and adopted for CT image
segmentation of patients with ACI. Next, the SE module was
supplemented to RIU-Net to enhance the extraction ability.
It was found that the model’s accuracy was 96.7% for image
segmentation. The BM3D algorithm had better denoising
effects compared to DnCNN and optimized Cascaded CNN.
The deep learning model demonstrated superb capabilities
in CT image denoising and segmentation. However, some
limitations should be noted. The sample size was insufficient,
and the segmentation did not reach 100%. Later, abundant
samples are necessary to verify the findings of the study. In
conclusion, a theoretical basis is given for extraction of
lesion features in CT images [23, 24].
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The objective of this research was to explore the effect of perioperative anesthesia management for patients based on the concept of
enhanced recovery after surgery (ERAS) and the application value of the computed tomography (CT) localization method in
lumbar spinal nerve anesthesia, reducing the damage caused by anesthesia. One hundred and twenty patients who underwent the
lumbar spinal anesthesia in lower limb surgery were selected as the research subjects. According to puncture positioning and
nursing intention, the patients were classified into the control group with 30 patients (method of anatomical landmarks), CT
group with 50 patients (the CT localization), and ERAS group with 40 patients (the CT localization and the ERAS management).
The effects of the anesthesia positioning method and the ERAS management were compared and analyzed. The results showed that
d (0.32) and r (0.27) of exponential filtering function were notably smaller than those of R-L filtering function (d =0.40, r=0.39)
and of S-R filtering function (d=0.37, r=0.36) (P <0.05). Puncture time ((9.23 £+ 0.32) min vs. (13.11 +0.45) min), puncture
direction change (20% vs. 33.33%), abnormal puncture sensation (22% vs. 40%), and nerve root touch (4% vs. 23.33%) in the CT
group were all lower than those in the control group. The proportion of Degree I anesthesia effect (94%) of the CT group was
greatly higher than that of the control group (76.67%) (P < 0.05). The VAS score, time of activity and gastrointestinal function
recovery, and the incidence of adverse reactions (2.5% vs. 28%) in the ERAS group were lower than those in the CT group
(P <0.05). All in all, the CT localization method can improve the difficulty of anesthesia puncture and improve the anesthetic
effect; the ERAS nursing concept can improve the postoperative pain of patients and contribute to the prognosis of patients and
have a good clinical value.

1. Introduction

Intraspinal anesthesia (lumbar spinal nerve anesthesia) is a
kind of local anesthesia, which is currently very common in
clinic. According to the different injection positions, it can
be divided into epidural anesthesia, combined spinal epi-
dural anesthesia, and subarachnoid anesthesia (also known
as spinal anesthesia/lumbar anesthesia) [1-3]. Lumbar spinal
nerve anesthesia is widely used in cesarean section, lower
limb surgery, hemorrhoidectomy, and the supplementary
treatment of cardiovascular diseases [4, 5]. The positioning
of lumbar spinal nerve anesthesia has always been the focus

of clinical attention because the correct lumbar space po-
sitioning is crucial to ensure the effect of anesthesia and
reduce nerve injury. Currently, the method of anatomical
landmarks is often used clinically. However, this method is
highly dependent on patients’ bony landmarks on the body
surface, so it is difficult to apply it to patients with obesity or
spinal/spinous deformity [6]. Hence, the method of imaging
localization becomes another common method of lumbar
positioning [7]. In addition, surgery usually brings great
trauma and perioperative risk to patients, so the enhanced
recovery after surgery (ERAS) is designed to reduce the
perioperative stress and trauma [8]. ERAS is an integration
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of multidisciplinary interventions based on the theories of
anesthesiology, surgical methods, and pain control. The
ERAS concept is proposed in the joint surgery department
and is successfully implemented in some gastrointestinal
procedures. At present, the ERAS concept is applied for
perioperative anesthesia management, with some good
adoption results [9, 10].

Computed tomography (CT) localization has a clear
imaging, which can not only evaluate the puncture plane but
also show the malformation of the spine, so it helps facilitate
the customization of the puncture path and improve safety
[11]. Nevertheless, due to the existence of ionizing radiation,
the clinical adoption of CT localization is limited to a certain
extent [12]. Clinically, the low-dose CT can reduce the ra-
diation of the conventional CT scans to 1/6-1/4 of the
original, but the image quality is affected. Presently, image
reconstruction by algorithms is a common method to im-
prove the low-dose CT images, and the typical algorithm is
the filtered back projection (FBP) algorithm [13]. However,
when the FBP algorithm is used to reconstruct CT images, it
is relatively important to select the filtering function, because
an appropriate function has a vital impact on the recon-
struction results and speed. The exponential filtering
function can retain the characteristics of the image well [14],
and it has a good adoption effect.

In summary, patients who needed lumbar spinal nerve
anesthesia were selected as research subjects. The accuracy of
CT localization method was evaluated by using low-dose CT
scanning for puncture positioning. Moreover, the ERAS
concept was used for perioperative anesthesia management
of patients, and its clinical application value was analyzed to
provide better effect for patients, reduce the damage caused
by anesthesia, and improve the quality of life of patients.

2. Methods

2.1. Research Subjects. One hundred and twenty patients
who received lower limb surgery in the hospital from March
2019 to March 2021 with the need for lumbar spinal nerve
anesthesia were selected as the research subjects. There were
78 male patients and 42 female patients, who ranged in age
from 30 to 56 years old, with an average age of
(46.23 £ 12.11) years old. Their weight ranged from 45 kg to
80 kg, with an average weight of (61.11 +26.85) kg. Patients
were classified into the control group, CT group, and ERAS
group by consulting their anesthesia puncture positioning
and nursing intention. In the control group, 30 patients
received anesthesia puncture positioning by the conven-
tional method of anatomical landmarks. In the CT group, 50
patients received CT scanning for puncture positioning.
Besides, 40 patients in the ERAS group underwent peri-
operative anesthesia management with the CT localization
combined with the ERAS concept. The adoption effects of
the two anesthesia positioning methods in the control group
and the CT group were compared and analyzed. The effects
of the ERAS concept on perioperative anesthesia manage-
ment for patients’ postoperative recovery in the CT group
and the ERAS group were compared and analyzed. This
study had been approved by ethics committee of the
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hospital, and the patients and their families understand the
situation of the study and sign the informed consent forms.

The inclusion criteria were as follows. (i) Patients who
could receive the surgery under lumbar spinal nerve anes-
thesia through the evaluation of examination. (ii) Patients
without the contraindications to anesthesia. (iii) Patients
with age over 25 years old. (iv) Patients who signed the
informed consent.

The exclusion criteria were as follows. (i) Patients with
the resistance to anesthesia. (ii) Patients with other serious
diseases, such as dysfunction of heart, liver, and kidney,
blood diseases, and tumor diseases. (iii) Patients who did not
complete the full experiment. (iv) Patients in pregnancy.

2.2. Reconstruction Algorithm of Low Dose CT

2.2.1. FBP Algorithm. The “filtered” in the FBP algorithm
refers to the data correction of CT image back-projection
reconstruction. The simple back-projection reconstruction
algorithm produces “star-like” artifacts, resulting in the
decrease of CT image quality and the unclear display after
reconstruction. The specific steps of the FBP algorithm are as
follows.

First, the one-dimensional Fourier method is used to
transform the projected data (at a certain angle) g. The
transformed data are denoted as Q (w).

Q(w) = - w **dt (0o, —c0). (1)

In (1), w represents the projection angle and w represents
the Fourier coefficient.

Second, the one-dimensional weight factor 8 and Q (w)
are multiplied, and (2) is obtained.

Q(w)oﬁ :q.w—ij xﬁdt(oo, —00). (2)

Then, (3) shows that after the one-dimensional Fourier
transform of Q(w) e 8, R(w e f3) is obtained.

R(wep) = Q(w) x E(w)pw 7** (0o, —00). (3)

Finally, in (4), all the modified functions R(wef) of
0°-180° are back-projected, and the fault image F(x, y) is
obtained.

180
J R(we B)dw,
0
F(x,y)=1 |, (4)
180
J,

R(wef)(xcosw + ysinw)dw.

2.2.2. Filter. 'The effect of the filter has a direct influence on
the image quality after the reconstruction. Accordingly, the
quality of the filter is closely related to the choice of the filter
function. The principle of the filtering function is selecting a
window function W (f). Currently, the R-L filter and S-L
filter are pervasive.

(5) and (6) show the filtering function of the R-L filter.



Contrast Media & Molecular Imaging

IBIW (B),
Fri(B) =9 U, (5
|Blrect (B/2U),
1 U=1/2d,
rect (f/2U) = { 0 2 |(i|h:3rs (6)

(7) shows the filtering function of the S-L filter.

1- 4Usin360U) ] o

_ 2
Fo () = 1/2[ (4U/180) ( a0y

In equations (5)-(7), U represents the projection angle.
Both the R-l filter and S-L filter have certain defects. For
instance, the former produces an obvious Gibbs phenom-
enon [15], and the latter has a poor quality of low-frequency
image reconstruction. Hence, the exponential window
function is proposed as a filtering function to study, and its
expression is shown in (8) and (9).

w(B) =PV 11 <U, (8)

W(p) =0,Ipl=U. 9)

In (8) and (9), e expresses the constant and a expresses
the parameter. When the value of a is different, the obtained
filtering function is different. When a = 0, Fy_; () can be
obtained. When a = 0.64, the results are close to Fg_; (f3).
Consequently, the exponential window function has the
characteristics of R-L, S-L, and other filtering functions.

2.2.3. Image Evaluation Index. Normalized mean square
distance (d) and normalized mean absolute distance (r) were
used to evaluate the effect of reconstructed images guided by
the three filtering functions.

Equ. (10) shows the expression of the normalized mean
square distance (d).

1/2
Je Y Xt (my - rii)z ) (10)
> Z?il (mij - m)2

Equ. (11) shows the expression of the normalized mean
absolute distance (r).

N M

_ lZil Zj:1|mij - rijq

- N M ’
Yit1 21 |mij|

In (10) and (11), i expresses the rows in the image, j
expresses the columns in the image, m expresses the pixel
density of the object model, r expresses the pixel density of
the reconstructed image, 71 expresses the mean density of the
object model, and N % M expresses the image pixels. The
larger the values of d and r were, the larger the error between
the reconstructed image and the original object model image
was.

(11)

2.3. Anesthesia Positioning and Puncture. The method of
anatomical landmarks was selected according to the basic
situation of patients. The soft tissue depression positioning
method was suitable for obese people. The C, positioning
method was suitable for patients without spinal deformity,
and the compound anatomic marker positioning method
was suitable for patients with spinal abnormalities.

For the CT localization, the 64-slice spiral CT scanner
was employed for examination. The patient was placed in the
conventional supine position with both knees flexed in the
right position. The scanning parameters included tube
voltage 120kV, tube current 200mA, layer thickness
3-5mm, and screw pitch 1:1. The scanning sites were from
the third lumbar vertebra (L3) to the first sacral vertebra
(S1). The puncture position and the angle and route of the
needle insertion were determined by the CT images.

For the puncture, the anesthesia puncture kit combined
lumbar and epidural puncture kit (disposable, model) was
used, whose specifications were AS-E/SII, and the registered
standard of the medical device of the People’s Republic of
China was 20153660652. Besides, the epidural puncture
needle (1.6 mm x 80 mm) was used as well as the lumbar
anesthesia puncture needle (0.5 mm x 113 mm).

2.4. Anesthesia Management under the ERAS Concept.
The patients’ psychophysiological status was concerned
before the surgery. Psychological counseling was performed
on the patients with psychological conditions to prevent the
occurrence of psychological stress. Patients were constantly
reminded to abstain from drinking and fasting. If the patient
had constipation, the defecation was induced within 1-2
hours before surgery. An empty stomach was maintained
from 8 hours before anesthesia, and water was forbidden
from 6 hours before anesthesia. If there were patients with
poor gastrointestinal function, the bladder was guided to be
empty to prevent postoperative hypoglycemia or vomiting.

After the surgery, the patient’s position was noticed. The
patient needed to keep the supine position for 6-8 hours to
reduce the pressure of the spinal cord cavity, reduce cere-
brospinal fluid leakage, and avoid the occurrence of head-
ache after lumbar anesthesia. For the diet notice, cotton
swabs were used to moisten the patient’s lips to relieve thirst.
After 6 hours, liquid food in small amounts was allowed, and
it was gradually increased to the normal. The recovery
conditions of consciousness, complexion, respiration, and
lower limbs’ muscle strength were observed. The pain degree
of patients was assessed, according to which the different
methods of analgesia were given. If the degree of pain was
mild, the method of distracting attention was implemented.
If it was severe, painkillers were taken under the doctor’s
advice or a pain relief pump could be used.

2.5. Observation Indexes. The time required for anesthesia
puncture, the number of cases of puncture direction change,
puncture sensation, nerve root contact, and the anesthesia
effect were all observed in the control group and the CT
group. The anesthetic effect was evaluated by the rating
standard of clinical effect of intraspinal anesthesia (Table 1).
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TaBLE 1: Rating standard of clinical effect of intraspinal anesthesia.

Degree Anesthesia Pain Muscle Hemodynamics Adjuvant drugs Surgery

I Perfect Painless Relaxed Stable Not required Easy

I Nearly perfect Mild Not good enough Fluctuant Required Nearly easy

111 Imperfect Obvious Poor Obvious fluctuation Required Fair

The recovery indexes such as the condition of out-of-bed
activity and the recovery time of gastrointestinal function
were recorded. The visual analog scale (VAS) scores of 2h,
6h, 12h, 24h, and 48h after surgery were evaluated and
recorded. Figure 1 shows the scoring method. The incidence
of adverse reactions, such as gastrointestinal reaction, hy-
poglycemia, restlessness, infection, and abnormal cardiac
function in the two groups was observed.

2.6. Statistical Method. SPSS 22.0 was employed for data
processing. The quantity statistics were expressed by x+s.
The t-test and the X2 test were used. The percentage (%) was
how the statistics of numbers were expressed. The difference
was statistically significant with P <0.05.

3. Results

3.1. Reconstruction Effects of Different Filtering Functions.
Figure 2 shows the comparison between normalized mean
square distance (d) and normalized mean absolute distance
(r) of reconstructed images by the exponential filtering
function, the R-L filtering function, and the S-R filtering
function. Both d (0.32) and r (0.27) of the exponential fil-
tering function were lower than those of the R-L filtering
function (d=0.40, r=0.39) and the S-R filtering function
(d=0.37,r=0.36) (P <0.05). Figure 3 shows the comparison
of the effect images after CT image reconstruction. The
reconstructed image quality guided by the exponential fil-
tering function was remarkably better than that guided by
the other two filtering functions.

3.2. Comparison of the General Data. Figure 4 shows the
comparison of gender, age, and weight distribution of
general data of patients in the three groups. There were
insignificant differences in gender distribution, average age,
and average weight among the three groups (P >0.05),
which reflected that the experiment had certain feasibility.

3.3. Puncture. The time required for puncture, the number
of patients with puncture direction change, the abnormal
puncture sensation, and the occurrence of nerve root contact
in the control group and the CT group were analyzed
(Figure 5). In the control group, the puncture time was
(13.11 £ 0.45) min, the number of patients with puncture
direction change was 10 (33.33%), 12 patients (40%) had
abnormal puncture sensation, and 7 patients (23.33%) had
nerve root contact. In the CT group, the puncture time was
(9.23+0.32) min, the number of patients with puncture
direction change was 10 (20%), 11 patients (22%) had ab-
normal puncture sensation, and 2 patients (4%) had nerve

root contact. The results showed that the puncture time, the
number of patients with puncture direction change, the
abnormal puncture sensation, and the occurrence of nerve
root contact in the CT group were all lower than those in the
control group (P <0.05).

3.4. Anesthesia Effect. Among the 30 patients in the control
group, there were 23 (76.67%) patients with the anesthesia
effect of Degree I, 3 (10%) patients with that of Degree II, 3
(10%) patients with that of Degree III, and only 1 patient
with that of Degree IV. Among the 50 patients in the CT
group, there were 47 (94%) patients with anesthesia effect of
Degree 1, 3 (6%) patients with that of Degree II, 0 (0%)
patient with that of Degree III, and 0 (0%) patient with that
of Degree IV. According to comparison and analysis, the
proportion of Degree I in the CT group was significantly
higher than that in the control group (P <0.05) (Figure 6).

3.5. VSA Score. In Figure 7, the VAS scores of 2h, 6h, 12h,
24h, and 48 h after surgery were compared between the CT
group and the ERAS group. The VAS scores of 2h, 6 h, 12 h,
24h, and 48h after surgery in the CT group were
(3.01 +0.89), (2.77+0.59), (2.65+0.78), (2.21+0.74), and
(1.61 £0.72), respectively. The VAS scores of 2h, 6h, 12h,
24h, and 48h after surgery in the ERAS group were
(1.57+0.66), (1.29+0.45), (1.35+0.28), (0.89+0.64), and
(0.61 £0.60), respectively. The VAS scores in the ERAS
group were lower than those in the CT group during the
whole postoperative period (P < 0.05).

3.6. Rehabilitation Index and Adverse Reactions. Among the
50 patients in the CT group, the mean activity time and the
recovery time of gastrointestinal function were
(39.88 +6.04) hours and (11.98 +0.44) hours, respectively.
Among the 40 patients in the ERAS group, the mean activity
time and gastrointestinal function recovery time were
(25.14 £ 4.74) hours and (5.69+0.49) hours, respectively.
The required time in the ERAS group was markedly shorter
than that in the CT group (P <0.05). As for the adverse
reactions, in the CT group, 5 (10%) patients had gastroin-
testinal reactions, 2 (4%) had hypoglycemia, 3 (6%) had
restlessness, 2 (4%) had the infection, and 2 (4%) had an
abnormal cardiac function, and the total incidence of ad-
verse reactions was 28%. In the ERAS group, only one (2.5%)
patient had gastrointestinal reactions, and nobody had
hypoglycemia, restlessness, the infection, and an abnormal
cardiac function, with a total incidence of 2.5%. The total
incidence of the ERAS group was observably lower than that
of the CT group (P <0.05) (Figure 8).
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FIGURE 1: Scoring method of VAS.
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FIGURE 2: Values of (d) and (r) of different filtering functions. * Compared with the exponential filtering function, P < 0.05.
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FIGURE 3: Effect images after reconstruction.
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FIGURE 4: Comparison of general data. 1: male; 2: female.



6 Contrast Media & Molecular Imaging

16 45
14 40
35
12 .
~ 30
=10 8
=) = 25
E 4 g .
= °
& 15
4 10
2 5 *
0 0
Control CT F Y P
m Control
m CT

(a) (b)

Figure 5: Comparison of puncture conditions. (a) Time required for puncture; (b) puncture condition (number of cases with changed
direction (F), abnormal sensation of puncture (Y), and nerve root touch (P)). * indicates that there is a statistically significant difference in
the time required for puncture and the number of cases with changed direction compared with the control group (P <0.05).
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FiGure 6: Comparison of anesthesia effect. * Compared with CT group, P <0.05.
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Figure 8: Comparisons of the rehabilitation index and the incidence of adverse reactions. (a) Activity time and (b) recovery time of
gastrointestinal function. * Compared with CT group in ambulation time, intestinal function recovery time, and incidence of adverse

reactions, P < 0.05.

4. Discussion

Lumbar spinal nerve anesthesia has been widely used as a
common method of local anesthesia. Accurate puncture
positioning and puncture path are of great significance for
the reduction of anesthetic effects and adverse reactions.
With the development of imaging technology, CT scanning
localization has become one of the key technologies, and it is
also one of the themes of the experiment.

In the experiment, there was ionizing radiation in the
conventional CT examination. Consequently, the low dose
CT scanning technology and the FBP algorithm were used to
reconstruct CT images to prevent the degradation of the
image display effect. The performance of the FBP algorithm
was related to the filtering function. Furthermore, the ex-
ponential filtering function could keep the good recon-
struction characteristic of the FBP algorithm [16]. The values
of d (0.32) and r (0.27) of exponential filtering function were
manifestly smaller than those of the R-L filtering function
(d=0.40, r=0.39) and the S-R filtering function (d=10.37,
r=0.36) (P <0.05). The results reflected that the error be-
tween the reconstructed image and the original image of the
exponential filtering function was smaller than that of both
the R-L filtering function and the S-R filtering function, with
the ideal reconstructed image quality, which was consistent
with the above research results.

Based on the above results, the anesthesia puncture
process and the anesthesia effect were compared between the
method of anatomical landmarks and the CT localization.
The incidence of puncture time (9.23+0.32) min vs.
(13.11 £0.45) min), puncture direction change (20% vs.
33.33%), abnormal puncture sensation (22% vs. 40%), and
nerve root contact (4% vs. 23.33%) in the CT group were
lower than those in the control group. The proportion of
Degree I anesthesia effect (94%) of the CT group was signally
higher than that of the control group (76.67%) (P < 0.05).
The CT localization had a good adoption value in lumbar

spinal nerve anesthesia positioning. According to many
clinical investigations, the improper intraspinal anesthesia
puncture brings adverse consequences to patients, while the
imaging puncture positioning brings benefits to patients to a
certain extent [17, 18]. The value of CT examination in
lumbar spinal anesthesia is investigated. The results show
that the success rate of surgery is higher in patients with the
CT examination than in those without [19]. Sun et al. [20]
found that imaging technology was an effective and tolerable
method for the guidance of local anesthesia.

In recent years, it has been proposed that if there is no
nursing intervention during the perioperative period of
anesthesia, patients will often have serious physiological and
psychological reactions after surgery, which are not con-
ducive to their prognosis [21]. The ERAS concept is thus
mentioned and applied to ensure the quality of nursing
during the recovery of anesthesia [22]. Perioperative nursing
with the ERAS concept can effectively improve patients’ pain
and facilitate postoperative recovery [23, 24]. Moreover, in
this work, the VAS scores in the ERAS group were lower
than those in the CT group at all the postoperative periods,
and the time required for activity and gastrointestinal
function recovery in the ERAS group was greatly shorter
than that in the CT group (P <0.05). Anesthesia nursing
under the ERAS concept had the effect of improving pa-
tients’ pain and promoting patients’ postoperative recovery,
which was consistent with the above research results. Be-
sides, the total incidence of adverse reactions in the ERAS
group (2.5%) was significantly lower than that in the CT
group (28%) (P <0.05). Mancel et al. [25] proposed that the
implementation of ERAS nursing in different surgical
procedures helped reduce the overall complications and the
recovery time. Chiu et al. [26] proposed that ERAS nursing
could improve the analgesic effect and reduce the occurrence
of some adverse reactions like nausea and vomiting. Hence,
the good adoption prospect of the ERAS concept in the
perioperative period was reflected.



5. Conclusion

The adoption value of the CT localization in lumbar spinal
nerve anesthesia positioning was analyzed under the ERAS
concept, and the effect of perioperative anesthesia man-
agement under the ERAS concept was evaluated. The results
proved that the CT localization was helpful to improve the
difficulty of anesthesia puncture as well as the anesthesia
effect. The ERAS nursing could improve postoperative pain
and contribute to patients’ prognosis, both of which had a
favorable clinical adoption value. However, the radiation in
the CT scanning used in this work cannot be eliminated at
present, so the selection of research subjects is limited,
resulting in an incomplete study population. This deficiency
needs to be improved and broken through in subsequent
explorations. The ERAS concept has good development
prospects in clinical disease care, and it is worthy of further
clinical exploration.
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This study was aimed at investigating the diagnostic value of MRI based on K-space data reconstruction algorithm for anterior
cruciate ligament (ACL) injury of knee joint and the influencing factors of ligament injury. 96 patients with ACL injury of knee
joint were selected, and they were randomly divided into two groups: group A (arthroscopy) and group B (MRI examination), and
another 96 healthy volunteers in the same period were selected as the control group. The test results of each indicator were
compared. The results showed that the signal-to-noise ratio (SNR) of SMASH algorithm was higher than that of sum of squares
(SOS) algorithm. In group A, there were 66 positive and 30 negative tests, and in group B, there were 56 positive and 40 negative
tests (P < 0.05). The intercondylar fossa width, the intercondylar fossa width index, and the ratio of tibial intercondylar eminence
width to intercondylar fossa width in group B were lower than those in the control group (P <0.05). Compared with the
traditional SOS algorithm, SMASH algorithm can improve the image quality, reduce the impact of damage data on the final
synthesis image, and improve the image SNR. In clinical work, the ratio of the width of tibial intercondylar eminence to the width
of femoral intercondylar fossa can be measured by imaging data to evaluate the matching between tibial intercondylar eminence

and femoral intercondylar fossa, so as to evaluate the risk of ACL rupture.

1. Introduction

Anterior cruciate ligament (ACL) is the main component
of the knee joint, one of the largest and most complex
joints in the human body. It can effectively prevent ex-
cessive tibial forward movement and maintain the normal
function of the knee joint under the combined action of
other tissues of the knee joint [1]. Therefore, ACL injury of
knee joint and meniscus injury of knee joint are the most
common [2]. If the function and characteristics of ACL are
examined from the perspectives of biomechanics, human
anatomy, and human kinematics, it will be found that ACL
injury presents considerable complexity and variability
from the aspects of combined injury, injury mechanism,

and sick population [3]. Without timely diagnosis and
treatment after ACL injury, complications such as knee
joint rotation instability, knee meniscus injury, and
traumatic arthritis may occur, which may affect the normal
function of the knee joint of patients and cause serious
problems in daily life. In addition, the swelling and pain of
the knee joint at the early stage of injury may interfere with
the clinical examination and diagnosis [4]. It is difficult to
accurately determine the severity or type of ACL injury,
especially on the premise of rapid diagnosis and timely
treatment.

The clinical diagnosis of ACL injury is mostly based on
three progressive levels [5]. First, the clinical attending
physician relies on face-to-face understanding of the
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patient’s injury history and on-site physical examination
to make a preliminary diagnosis. There are many in-
spection methods in physical examination. Generally, the
physical examination experiments include the anterior
drawer test, the Lachman test, and the pivot-shift test [6].
The second is the implementation of auxiliary examination
methods. Arthrography, ultrasonography, and other ex-
aminations have been used to diagnose ACL injury in
different historical periods, but they have not become the
mainstream means due to their invasiveness, sensitivity,
specificity, and accuracy [7]. Since the 1980s, MRI tech-
nology, which has been applied to the imaging diagnosis of
knee soft tissue injury, has become one of the preferred
imaging methods for initial diagnosis with its noninvasive,
fast, powerful multiplanar tomography and high differ-
entiation of soft tissue [8]. The recent development of
related technologies has also significantly promoted the
diagnostic application of MRI; in particular, some recent
studies have shown that the progress of technology has
made MRI more refined and accurate in the degree of fault
segmentation [9]. Arthroscopy, as the “gold standard” of
soft tissue injury such as ACL of knee joint, has great
diagnostic advantages of intuitive and accurate diagnosis
and clear qualification and positioning, but after all, it
cannot become the preferred method as an invasive op-
eration [10].

MRI technology uses the characteristics of nuclear
spin motion to obtain the morphological images of hu-
man tissues, being widely used in clinical diagnosis.
However, magnetic resonance imaging (MRI) needs long
time, so it cannot meet the requirements of fast imaging
such as brain function imaging and cardiac dynamic
imaging [11]. However, parallel MRI uses the spatial
position information of the phased array coil instead of
the number of phase encoding steps, which can greatly
improve the imaging speed and ensure the image quality
and high spatial resolution [12]. The sum of squares (SOS)
algorithm is considered to be the optimal image synthesis
method without knowing the exact sensitivity of each
phased array coil. However, the SOS algorithm uses the
same weight to synthesize the images of each coil and
cannot suppress the external noise well, resulting in the
problems of signal deviation and low signal-to-noise ratio
(SNR) of the final image [13]. Therefore, simultaneous
acquisition of spatial harmonics (SMASH) reconstruc-
tion algorithm was introduced in detail as a represen-
tative of parallel imaging algorithm based on K-space
domain. The smoothing filter was used to denoise the
reconstructed image of each phased array coil, and then
the sensitivity of each coil was used as the weight of image
synthesis [14].

Therefore, by arthroscopic diagnosis, MRI based on
K-space SMASH reconstruction algorithm was used for
imaging diagnosis of patients. The application effect was
explored by comparing the detection results. In addition,
compared with the healthy population, the possible influ-
encing factors in knee ligament injury were explored to
provide data support for the prevention and diagnosis of
knee cruciate ligament injury in clinical practice.
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2. Research Methods

2.1. Research Objects. In this study, 96 patients with ACL
injury of knee joint in hospital from September 2018 to
September 2020 were randomly selected, with unlimited age
and gender. A total of 96 patients, 44 males and 52 females,
were finally included. They were randomly divided into two
groups: group A (arthroscopy) and group B (MRI exami-
nation), and another 96 healthy volunteers in the same
period were selected as the control group. All the objects
signed informed consent, and this study had been approved
by the ethics committee of hospital.

Inclusion criteria are as follows: clinical tests have at least
one of the positive signs of the three basic tests (anterior
drawer test, Lachman test, and pivot-shift test) and have a
history of trauma and clinical symptoms such as joint
swelling and pain. Exclusion criteria are as follows: patients
with clear history of knee joint, such as tuberculous arthritis,
rheumatoid arthritis, intra-knee tumor, or knee surgery.

2.2. Examination Methods

2.2.1. Clinical Examination. In the anterior drawer test, the
patient was in a supine position. The knee flexion was 90°,
and the hip flexion was 45°. The examiner fixed the patient’s
feet and pulled the patient’s lower legs from posterior to
anterior by holding the upper end of the lower legs with both
hands.

In the Lachman test, knee flexion was 15°; the examiner
seized the lower end of the patient’s femur and pulled the
upper end of the tibia from posterior to anterior with the
other hand. The anterior drawer test and Lachman test were
graded according to the following criteria: degree I: the tibial
anteversion of the injured side increased by 1-5 mm and had
a good termination point compared with the healthy side;
degree II: the gap between the two sides was 6-10 mm, with
flexible termination point; degree III: the gap was greater
than 10 mm, without termination point.

In the Pivot-shift test (MacIntosh method), the patient
was in supine position; the examiner placed one hand on the
lateral side of the patient’s knee, grasped the heel with the
other hand to internally rotate the lower leg, everted the
knee, and gradually flexed the knee joint from 0° position.
When the affected knee was out of the buttoning-locking
position, the lateral condyle of the tibia began to be gradually
subluxated anteriorly, and when the knee was slowly flexed
up to about 30°, the tibia suddenly reduced posteriorly and
there was a sense of dislocation. The positive graduation of
the test is as follows: degree I was slippage, degree II was
dislocation, degree III was temporary interlocking. The
clinical examination part was only used as preliminary
screening, so it was only judged to be positive and negative.

There was at least one positive sign; then, it could be
classified as a suspected case, and the second step of the
examination was performed, that is, MRI examination.

2.2.2. MRI Examination. An MRI machine and an SE
sequence were used for relevant conventional scans.
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The MRI findings of complete ACL injury include direct
and indirect signs. The direct signs were interrupted ACL
continuity, irregular and wavy ACL shape, abnormally
increased signal in and around the ligament, no normal
hypointense ligament fibers seen, reduced ACL inclination,
and no parallel walking to the Blumensaat line. Indirect
signs included posterior cruciate ligament curvature
greater than 0.39, bone contusion on the posterolateral
surface of the tibial plateau, depression of the lateral
femoral notch greater than 1.5 mm, anterior displacement
of tibial greater than 5 mm, and posterior displacement of
the posterior horn of the lateral meniscus. According to the
MRI findings of partial ACL injury, the ligament mor-
phology was normal, while localized abnormal signals
appeared in the ligament; some ligament fibers were curved
or wavy.

2.3. Measurement of Relevant Anatomical Parameters.
Measurement of relevant anatomical parameters of femoral
intercondylar notch was performed using 3.0T MRI scanner,
with slice thickness of 2mm. The patient was placed in
supine position. The knee joint was naturally extended in
non-weight-bearing state. The sagittal, coronal, and axial
scans of the knee joint were performed. On coronal images,
the level at which the medial and lateral femoral condyles
maintained continuity and the popliteal groove could be
observed was selected as the level at which the intercondylar
notch width index was measured. The intercondylar notch
width index =the width of the intercondylar notch at the
level of the popliteal groove/the width of both condyles at the
same level.

Measurement of anatomical parameters related to
tibial intercondylar augmentation was carried out as
follows: the patient was placed in the supine position with
the knee joint naturally extended in a non-weight-bearing
state, and X-ray examination was performed on the knee
joint. The height of the medial and lateral apices of the
tibial intercondylar eminence and the width of the tibial
intercondylar eminence were measured on intact ante-
roposterior radiographs of the knee. First, the connecting
line between the most concave point of the medial tibial
plateau and the most convex point of the lateral tibial
plateau was used as the joint line, and vertical lines were
made from the apices of the medial and lateral tibial
intercondylar eminence to the joint line. The length of
these two vertical lines was the medial height of the
tibial intercondylar eminence and the lateral height of the
tibial intercondylar eminence, and the distance between
the two vertical lines and the intersection point of the
joint line was the width of the tibial intercondylar
eminence.

2.4. Parallel Imaging Reconstruction Algorithm Based on
K-Space Domain. K-space is Fourier space, also known as
spatial frequency space or raw data space, which is the filling
space of the original data of magnetic resonance signal with
spatial positioning coding information [15].

For two-dimensional K-space, the unit is spatial fre-
quency, which is expressed by the number of cycles cm™
or Hycm™', and is described by two mutually perpen-
dicular vectors, K, K ; that is, K-space is the space defined
by the two coordinate components K, K,. The line with
K, =0 is called zero Fourier line, the Fourier line close to
K, = 0is called low spatial frequency Fourier line, and that
far away from K, =0 is called high spatial frequency
Fourier line. Thus, the K-plane region can be divided into
low-frequency Fourier space and high-frequency Fourier
space.

The conversion relationship between K-space and
data space is in a uniform applied magnetic field; the
magnetic resonance signal is directly proportional to the
transverse magnetization vector, but in a nonuniform
applied magnetic field space or in the presence of gradient
magnetic field, the magnetic resonance signal is related
not only to the proton spin density, but also to its spatial
position. It is supposed that the vector form of the two-
dimensional space coordinate where the sample is lo-
cated, is — = (x, y); the proton spin density in unit
space is p(— ) = p(x, y); the time of repetition (TR) is
long enough; and the time of echo (TE) is short enough.
The expression of magnetic resonance signal S(t) is as
follows:

t

St = Jp( . )efisz JOG(t')dt’d2 L "

In (1), y is the magnetogyric ratio, and G(t)) is the
t

gradient field. K-space is Il (1) :yj G(thdt';
0

then, the following equation can be obtained:

(7)- ] )= e
K r
t

yJ G(t)dt,
the proton spin density represented as p( —0>) of the
object in the original coordinate — and the acquired
signal represented as S - of the Object in K-space are
Fourier transform pair: S®— is the Fourier transform of
p( - ); p(—> ) is the fverse Fourier transform of
S —> . Therefore, the original coordinate — with unit as
cm Wil correspond to the spatial frequency ¢oordinate -
with unit as H_-cm™". Figure 1 shows the process from level
matrix to K-space. In Figure 1, x and y represent frequency
coding and phase coding, FOV, and FOV, are the field of
vision in x and y directions, and AT is the sampling in-
terval. AK, and AK , are the intervals of K-space along the x
and y directions.

Under the condition of = (t) =

In (2), - and — are two-dimensional vectors, so the
r

gradient field corresponding to the two coordinate com-
ponents in K-space in MRI technology can be expressed as
follows:

=[K, (t'). K, (t")]. (3)
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The component form is as follows:



4
samphng
FOVx ‘ = 4
¥ Gy |[&—>» 2
—_ S
£
£
= £
Q 2
= 3
L
£
<
=¥}

Gx
",
X

Contrast Media & Molecular Imaging

coordlnate

transformatlon

Sampling

< time Ts "

e o o e o o

e @ o e @ o

e e o }TR e o o } AK,
— —
AT, AK,

Frequency coding

direction

FIGURE 1: Process from level matrix to K-space.
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(4)
For the case where the gradient field change rate is
constant, (4) can be expressed as follows:
K, =yG,t,
X y X (5)
=G, t.
The conversion equation of converting the coordinates
of data space into spatial frequency domain can be deduced
as follows:

AK, yG AT, 1 ’
2 FOVx
(6)
_YG AT 1
Y om FOV

Parallel imaging based on K-space domain uses the
K-space data collected by each phased array coil and the
fitted weighting coeflicient to recover the unsampled data in
K-space, obtain the full K-space data of each phased array
coil, and then carry out inverse Fourier transform to re-
construct the final image of each phased array coil [16].
SMASH reconstruction algorithm was introduced as a
representative of parallel imaging algorithm based on
K-space domain.

The SMASH reconstruction algorithm mainly uses the
linear combination of phased array coil sensitivities to re-
cover the K-space phase coded line data lost due to
undersampling [17], and its brief schematic diagram is
shown in Figure 2.

It is supposed that there is a group of phased array coils,
each phased array coil has its unique sensitivity S; (x, y), and
a mixed sensitivity Sy, (x, y) can be obtained through the
linear combination of coils. The linear combination equation
is as follows:

Coill . Sen51t1Vtty
\ information
Coil2 - l
SMASH |—» | Coil |—»| FFT —»
Coil8 /

FIGURE 2: Schematic diagram of SMASH.

NC
S (x, y) = Y w™S, (x, y). (7)

i=1

In (7), m is the ordmal number of spatial harmonics.
m=-R/2,-R/2+1,. R2, w™ are the weight
coefficients of the i c01l to the m harmomc N. is the number
of coils formlng the array. It is supposed that the weight
coeflicient w( and coil sensitivity S; (x, y) are as follows:

Z wi(m)si (x, y) ~ e727rijkyy

i=1

(8)

The only unknown w,”
merging with /%

Itis supposed that I; (k,, k) is the K-space data collected
by the i coil; then, the result of Fourier transform after
sensitivity coefficient S; (x, y) weighting by the proton spin
density p(x, y) is as follows:

Ii(kx, ky) = I JSi (x, Y)p (x, y)e > (kxy”‘yy)dxdy.

) in (8) is calculated by S, (x, y)

(9)

In two-dimensional MRI, the magnetic resonance signal
detected by the receiving coil can be described as the fol-
lowing equation in Fourier space.

I(kx’ky) = J Jp(x, y)e 2 (kx”kyy)dxdy. (10)

I (k,, ky) is weighted by wi(m) ; the phase coded line data
lost in K-space can be obtained.
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NC
I (ke ky) =Y w™I (ke k), (11)
i=1

Z

c

" (ko k,) = J js,- (x, ) (x, y)e 2 602 gy

]
—

—_—

j p(x, y)e ™ (kvyeyy) dxdy.

(12)
Finally, the following equation is obtained:
1,70 (ko k) = I(ky, k, + mAk,). (13)

Equations (11)-(13) show that the linear combination of
data collected by each coil can be used to generate K-space
displacement, which is similar to the traditional phase
coding method using gradient magnetic field. The advantage
of this is that the increase of data used for fitting improves
the accuracy and robustness of linear weight coefficient
estimation, and several additional rows of autocalibration
signal (ACS) lines located in the center of K-space can be
used for image reconstruction, which will improve the
quality of reconstructed image.

2.5. Evaluation Method of Reconstructed Image. The goal of
MRI is to obtain medical images with minimum error.
According to the methods used to evaluate the quality of
image synthesis methods from different principles and entry
points, it can be divided into two classical categories, namely,
qualitative analysis criteria and quantitative analysis criteria.
The performance of the algorithm was measured through the
qualitative analysis of reconstructed image comparison and
the two quantitative evaluation algorithms of SNR and error
image (ERR).

SNR mainly reflects the image quality through the ratio of
signal intensity to noise intensity. It is an important index to
measure the image quality. Its calculation equation is as follows:

Zx,y|1rec (x’ y)l
Zx,yllrec (.X, y) - Iref (X, )’)|2

I,.. is the reconstructed image, and I, is the reference
image.

ERR mainly reflects the proximity between the recon-
structed image and the reference image in the form of the
absolute value of the difference. It intuitively reflects the

reconstruction accuracy of the algorithm.

N, N,
ERR = Z Z

j=1i=1

SNR = 20 x Ig

(14)

L5 () - I?jf(x, y)|- (15)

I,.. (x, y) represents the reconstructed image, I ¢ (x, )
represents the reference image, and N, and N, are the
number of pixels.

2.6. Statistical Methods. SPSS 22.0 software was used. The
measurement data were expressed by independent sample ¢-

40
35 *
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20
15
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Signal to noise ratio (dB)

Noise variance (10) Noise variance (20)

[ SOS
SMASH

FiGure 3: SNR of images synthesized by different algorithms.
*Compared with SOS algorithm, P < 0.05.

test, and the counting data were expressed by y* test. The
difference was statistically meaningful with P <0.05. The
number of true positive cases refers to the number of ACL
injuries diagnosed by arthroscopy or MRI. The number of
false positive cases refers to the number of ACL injuries
diagnosed by arthroscopy or MRI. The number of true
negative cases refers to the number of ACL injuries diag-
nosed by arthroscopy or MRI. The number of false negative
cases refers to the number of ACL injuries diagnosed by
arthroscopy or MRL

3. Results

3.1. Image Reconstruction Result. The SNR of SMASH was
higher than that of SOS. According to the definition of SNR,
the larger the SNR, the higher the tissue signal strength and
image clarity. This suggested that SMASH algorithm could
improve image quality and had superiority (Figure 3).

Similarly, the difference image between the synthesized
image and the reference image of the two algorithms was
simulated (Figure 4). By comparison, there was almost no
background noise in the difference image between the
synthesized image and the reference image of the SMASH
algorithm, and the ERR was almost invisible, which further
illustrated the effectiveness and universal applicability of the
improved algorithm. The reconstruction of knee joint image
is shown in Figure 5, and the image processed by SMASH
algorithm is obviously clearer.

3.2. Analysis of the Results of Different Methods. With ar-
throscopy as the standard, 66 tests were positive and 30 tests
were negative. According to the MRI diagnosis results based
on K-space data reconstruction algorithm, 56 tests were
positive and 40 tests were negative; the difference between
the two groups was statistically significant, P <0.05
(Figure 6).

The two examination methods were plotted as ROC
curves, and the area under the ROC curve for arthroscopy
was 0.617, standard error 0.7, 95% confidence interval of area
(0.766, 0.957) (0.408, 0.716), sensitivity 0.603, and misdi-
agnosis rate 0.149; the area under ROC curve of MRI de-
tection based on K-space reconstruction algorithm was
slightly lower than that of arthroscopy (Figure 7).



(a)

Contrast Media & Molecular Imaging

(b

Ficurk 4: Difference image of algorithms. (a) SOS algorithm. (b) SMASH algorithm.
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FIGURE 5: Image comparison of knee cruciate ligament injury.
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FiGure 6: Diagnostic results of different methods for cruciate
ligament injury. *Compared with group A, P <0.05.

3.3. Comparison of Anatomic Parameters. There was no
significant difference in the width of femoral condyle be-
tween the two groups (P > 0.05). The width of intercondylar
fossa, intercondylar fossa width index, and the ratio of tibial
intercondylar eminence width to intercondylar fossa width
in group B were lower than those in the control group
(P <0.05) (Figures 8 and 9).

4. Discussion

In the past, the SOS algorithm used to synthesize the
reconstructed images of each phased array coil with equal

Specificity
f=]
w

0 0.5 1
1-Susceptibility

—— Reference line
—— Arthroscope

Ficure 7: ROC curve.

weight greatly affected the final image quality. In addition, it
could not well suppress the external noise, and the final
image had problems such as signal deviation and reduced
SNR [18]. Aiming at remedying its shortcomings, the
K-space-based SMASH reconstruction algorithm is applied.
First, the reconstructed images of each phased array coil are
denoised using a smoothing filter, and then the final images
are synthesized by using the coil sensitivity as a weight. The
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FIGURE 9: Measurement results of anatomical parameters related to tibial intercondylar eminence. *Compared with the control group, P < 0.05.

experimental results show that the SNR of the SMASH al-
gorithm is higher than that of the SOS algorithm; there is
almost no background noise in the difference image between
the synthesized image and the reference image of the
SMASH algorithm, and the error image is almost invisible.
This shows that the SMASH algorithm can improve the
image quality, has superiority, can effectively reduce the
impact of corrupted data on the final synthetic image, can
effectively eliminate the artifacts in the image, and can
improve the image SNR.

The patients were examined by MRI based on SMASH
algorithm. The results of arthroscopic examination showed
that the number of positives was 66 and the number of
negatives was 30. The results of MRI diagnosis based on
K-space data reconstruction algorithm showed that the
number of positives was 56 and the number of negatives was

40. The difference between the two groups had statistical
significance (P <0.05). After the experiment, the reasons
were considered and summarized in combination with the
relevant literature: the direction during MRI scanning was
not parallel to the ACL, and the number of upper layers of
section imaging was small; the hematoma of the sur-
rounding tissues of patients in the acute phase would cause
artifacts; the volume effect caused artifacts, affecting the
judgment [19].

The ACL is an important structure to maintain the
stability of the knee joint. After injury, the biomechanical
structure of the knee joint is disordered, and the knee joint
shows anterior instability, which leads to the injury of intra-
articular cartilage, meniscus, and other structures and
accelerates the aging and degeneration of the knee joint.
Therefore, it is very important to identify the risk factors of



ACL injury for its early prevention and treatment. The
results showed that there was no significant difference in
femoral bicondylar width between the two groups
(P>0.05). The intercondylar fossa width, intercondylar
fossa width index, ratio of tibial intercondylar eminence
width to intercondylar notch width in group B were lower
than those in the control group (P <0.05). Some studies
have suggested that the intercondylar fossa can be used as a
valuable predictor to predict ACL injury, and the inter-
condylar fossa width index is weakly correlated with ACL
injury [20]. This reveals that the poorer the fit between the
tibial intercondylar eminence and the femoral inter-
condylar fossa is, the more likely it is to lead to ACL
rupture, but the specific mechanism of effect needs to be
clarified by the sample size and biomechanical studies on
this aspect.

5. Conclusion

MRI based on K-space data reconstruction algorithm was
applied to diagnose ACL injury of the knee and assess the
risk factors for its occurrence. The results showed that
compared with the traditional SOS algorithm, the K-space-
based SMASH algorithm could effectively improve the
image quality, reduce the impact of corrupted data on the
final synthetic image, and improve the image SNR.
Compared with the arthroscopy results, the MRI based on
the K-space data reconstruction algorithm was found to
have certain reference value for ACL injury of the knee, but
its accuracy needed to be further improved. The ratio of
tibial intercondylar augmentation width to femoral inter-
condylar notch width could be used to evaluate the
matching of tibial intercondylar augmentation and femoral
intercondylar notch in clinical practice, so as to evaluate the
risk of ACL rupture. However, due to the limitation of
conditions, the sample size included in this experiment is
small, and the accuracy of some results needs to be further
confirmed.
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This study was aimed to analyze the application value of the filtered back-projection (FBP) reconstruction algorithm of computed
tomography (CT) images in laparoscopic-assisted distal gastrectomy. In this study, 56 patients with gastric cancer were selected as
research subjects and randomly divided into the control group (CT-guided laparoscopic radical gastrectomy) and the observation
group (CT-guided laparoscopic radical gastrectomy with the FBP reconstruction algorithm), with 28 patients in each group.
Fourier transform and iterative reconstruction were introduced for comparison, and finally, the postoperative curative effect and
adverse events were compared between the two groups. The results showed that the CT image quality score processed by the FBP
reconstruction algorithm (4.31 + 0.31) was significantly higher than that of the iterative reconstruction method (3.5 + 0.29) and the
Fourier transform method (3.97 + 0.38) (P < 0.05). The incidences of postoperative wound infection and gastric motility disorder
(5.88% and 8.16%, respectively) in the observation group were significantly lower than those in the control group (8.21% and
10.82%, respectively) (P < 0.05). The levels of serum interleukin-6 (IL-6) (280.35 + 15.08 ng/L) and tumor necrosis factor-a (TNF-
@) (144.32+£10.32ng/L) in the observation group after the treatment were significantly lower than those in the control group,
which were 399.71 + 14.19 ng/L and 165.33 + 10.08 ng/L, respectively (P < 0.05). In conclusion, the FBP reconstruction algorithm
was better than other algorithms in the processing of gastric cancer CT images. The FBP reconstruction algorithm showed a good
reconstruction effect on CT images of gastric cancer; CT images based on this algorithm helped to formulate targeted surgical
treatment plans for gastric cancer, showing a high clinical application value.

1. Introduction

Gastric cancer is one of the most common malignant tumors
in China, which has a serious impact on human health and
even life. The 5-year survival rate of such malignant tumors
is generally low; however, if it can be detected early and
treated aggressively, the 5-year survival rate can reach more
than 90%. Therefore, early detection, early diagnosis, and
early treatment of this type of malignant tumor are very
important [1, 2]. According to 2018 global survey data, the
incidence and mortality of gastric cancer ranked fifth and

second in malignant tumors, respectively, and showed an
increasing trend with age [3, 4]. Early gastric cancer may not
show obvious clinical symptoms. When the patient develops
symptoms such as abdominal pain or discomfort, anemia,
indigestion, dysphagia or obstruction, and other symptoms,
it has mostly become advanced gastric cancer [5, 6]. At
present, gastric cancer is mainly treated by surgery, and
radiotherapy and chemotherapy are performed before and
after surgery to enhance the curative effect [7]. Radical
surgery is the main treatment for early gastric cancer; pal-
liative surgery can be used when the tumor cannot be
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completely removed in advanced gastric cancer [8, 9]. The
resection rate of early gastric cancer is high, up to 90%. Once
in the advanced stage, the progression is rapid, and the
complete resection rate is extremely low [10, 11]. In addition,
doctors need to formulate corresponding treatment plans
according to their special circumstances and choose the
most suitable therapy for patients with different tumor
stages, tumor types, and physical conditions [12, 13].

With the continuous advancement of modern medical
diagnosis technology, various types of medical equipment
are also highly popularized, and various auxiliary inspection
methods can be used in the medical field to take images,
assist clinicians to determine the lesions of gastric cancer,
and determine surgical planning [14, 15]. Among them,
computed tomography (CT) imaging is an important means
of gastric cancer detection, with high diagnostic accuracy
and good adaptability. However, the current segmentation
of conventional CT images has great limitations and chal-
lenges, and there are problems such as blurred lesion
boundaries and insignificant differences in brightness
[16, 17]. Image reconstruction technology plays an impor-
tant role in many fields. Common CT image reconstruction
algorithms include the Fourier transform method, the it-
erative reconstruction method, and the filtered back-pro-
jection (FBP) method. In the process of research and
implementation of the FBP algorithm, there are a series of
extremely complex image processing problems and math-
ematical calculation problems, which have the advantages of
fast reconstruction speed and high image quality [18].

At present, algorithms such as image reconstruction and
computer-aided medical image analysis have obvious ad-
vantages in major breakthrough in technology and the
improvement of medical level and have also become an
effective way to solve problems in the medical image.
Therefore, to solve blurred edges and insignificant differ-
ences in brightness of traditional CT images, a FBP re-
construction algorithm was introduced for image
processing, and applied in laparoscopic-assisted radical
gastrectomy to analyze its clinical application value.

2. Materials and Methods

2.1. Research Objects and Their Grouping. In this study, 56
patients with gastric cancer, admitted to the hospital from
October 2019 to October 2020, were selected as research
subjects, including 26 male patients and 30 female patients,
aged 48-65 years old. Patients were randomly divided into a
control group (CT-guided laparoscopic radical gastrectomy)
and an observation group (64-slice spiral CT-guided lapa-
roscopic radical gastrectomy with the FBP reconstruction
algorithm), with 28 patients in each group. The average age
of patients in the control group was 53.21 + 7.28 years old,
and the average age of patients in the experimental group
was 54.08 + 6.87 years old. This study had been approved by
the ethics committee of hospital, and these patients and their
families understood the research content and signed the
informed consent.

Inclusion criteria were as follows: patients diagnosed
with gastric cancer who underwent laparoscopic-guided
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radical gastrectomy for gastric cancer without restriction of
pathological type; patients with complete case data; and
patients with no radiotherapy or chemotherapy before
surgery.

Exclusion criteria were as follows: patients with liver and
kidney dysfunction or other system and organ diseases;
patients with abnormal coagulation function and blood
routine; and patients with other types of gastric diseases such
as gastritis and gastric ulcer.

2.2. CT Scanning. Patients were scanned with 64-slice spiral
CT. Patients were required to fast for 5 hours before the CT
scan, but could drink a small amount of water for half an
hour before the scan. Patients were in the supine position,
and the scanning range was from the top of the diaphragm to
the lower poles of both kidneys. Scanning parameters were
defined as follows: tube voltage was 120 kV, tube current was
120 mAs, gantry rotation time was 0.6 seconds, detector
collimation parameter was 65 x 0.618 mm, field of view was
340 mm x 340 mm, and matrix was 521 x 521.

The obtained CT-enhanced images were sent to the
workstation for processing. All patients underwent contrast-
enhanced CT scans of the abdomen. CT images were
interpreted by two attending doctors or radiologists with
rich clinical experience. If there was any dispute between two
doctors or radiologists, they can consult with the third
doctor or radiologist.

2.3. Reconstruction of CT Images. The basis of CT image
reconstruction was that the same X-ray intensity, passing
through different substances, has different attenuations.
Using this law, different substances in the human body can
be distinguished.

The process of CT image reconstruction was described as
follows. In simple terms, structures within each layer of the
human body that were penetrated by X-rays in a CT scan can
be divided into small cubes (called voxels: Voxel). Each small
cube corresponded to a separate attenuation signal, which
was input into the corresponding small grid (called pixel:
Pixel) in the image plane matrix, and the attenuation signal
of each voxel was input into the corresponding pixel. Then, it
was reflected in different grayscale images, so as to realize the
reconstruction of CT images. Figure 1 shows the flow of FBP
reconstruction of CT images.

The central slice theorem of a two-dimensional image
stated that the Fourier transform method p(®) of the
projection and p(s) of a two-dimensional function f (x, y)
was equal to the slice of the function f (x,y) that passed
through the origin in a direction parallel to the detector of
the Fourier transform method F (®@x, @y).

The one-dimensional continuous Fourier transform
method pair is

F(W) = Jm f(t)e ™ dt, (1)
IO —iwt
f(t)= Eﬂ j-, f(W)e " dw. (2)
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