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-is study was to analyze the diagnostic effects of computed tomography (CT) and magnetic resonance imaging (MRI) in patients
with cerebrovascular diseases (CVDs) based on low-rankmatrix denoising (LRMD) algorithm.-e LRMD algorithmwas adopted
forMRI diagnosis and CTdiagnosis for comparative analysis. 129 CVD patients were selected as the research objects, 43 cases were
diagnosed by CT, 43 cases were diagnosed by MRI under LRMD, and the other 43 cases were diagnosed by CT+MRI.-e results
showed that the diagnostic compliance rates (DCRs) of CTgroup in the cerebral hemorrhage (CH), cerebral infarction (CI), and
cerebral aneurysm (CA) were 95.1%, 94.7%, and 70%, respectively, while those in the MRI group were 99.01%, 97.71%, and 100%,
respectively. -us, it was obtained that MRI diagnosis was much better than CT diagnosis, and CT+MRI showed the best
diagnosis efficacy, showing statistical differences (P< 0.05). -e accuracy, sensitivity, and specificity of MRI diagnosis under the
LRMD algorithm were 96.28%, 88.76%, and 90.62%, respectively, which were superior to those of CTdiagnosis (92.71%, 84.94%,
and 80.71%, respectively). -e diagnosis cost per case (DC/C) (799.73± 100.02 yuan) and the total diagnosis cost (TDC)
(58,521.67± 301.62 yuan) in the MRI group were higher than those in the CT group (601.42± 83.61 yuan and 39,819.2± 198.72,
respectively) (P< 0.05). In conclusion, CT+MRI under the LRMD algorithm showed good potential in diagnosis of CVD; MRI
based on the LRMD algorithm showed a higher positive rate in the diagnosis of CA and was better than CT diagnosis, and
CT+MRI showed the best diagnosis effect and could improve the clinical diagnosis rate.

1. Introduction

Cerebrovascular disease (CVD) is a brain disease with ex-
tremely high disability and fatality rate, and cerebral aneu-
rysm (CA) is the main cause.-emain clinical manifestations
are cystic protrusions on the walls of cerebral blood vessels [1].
CVD has a risk of morbidity at all ages, and the incidence is
higher in middle-aged and elderly people [2]. According to
the statistics of the health organization, the incidence of
intracranial aneurysm rupture accounts for more than 80%
each year. Intracranial aneurysm rupture and bleeding are the
main causes of death and disability. -e main symptoms are
mostly caused by bleeding, and some are caused by tumor
compression, arterial spasm, or embolism [3–5]. It is now
generally believed that the risk of CA is mainly related to the

destruction of the arterial wall. Hypertension, arteriosclerosis,
age, smoking, and other factors can cause the rupture of the
cerebral artery wall, but the cause of CA is still being studied
[6]. CA has a large number of macrophages, monocytes, and
T lymphocytes infiltrated. Studies have suggested that such
inflammatory cells are closely related to the occurrence and
development of CA [7, 8]. -e influence of vascular hemo-
dynamic force causes the vascular wall to bulge, which leads to
the formation, development, and rupture of CA [9, 10]. Based
on this, timely detection and diagnosis of CA are essential.

-e most commonly used method for diagnosing CA is
X-ray examination. Although the X-ray examination has a
good diagnostic effect, it also has certain limitations. It is
prone to misdiagnosis and missed diagnosis [11]. It will
affect the patient’s later treatment and disease prevention [12].
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With the continuous development of clinical diagnosis
technology, computed tomography (CT) diagnosis and
magnetic resonance imaging (MRI) diagnosis have beenmore
and more used, and they also have a more accurate diagnosis
effect for the diagnosis of cerebrovascular [13]. Image
denoising is a commonmatter in image processing, so the size
of the solution space needs to be limited so as to obtain a true
solution [14, 15]. Introducing image priors into the model can
obtain corresponding positive terms to limit the solution
space of the image [16]. -e low-rank matrix denoising
(LRMD) algorithm has become a research hotspot in recent
years due to its better denoising performance. However, with
the increase in noise intensity, the noise greatly destroys the
low rank of the image so that insufficient denoising is found
[17]. -e prior information of the MRI image was incor-
porated into the LRMDmodel to improve the denoising effect
in this study so that the details of the image itself were
preserved to the greatest extent while removing the noise.

In summary, the LRMD algorithm was adopted to op-
timize the denoising of CT images and MRI images and
applied to the clinical diagnosis of CVD patients in this study.
-e diagnostic effects of CT images and MRI images opti-
mized by the LRMD algorithm were tested to evaluate the
image optimization ability of the algorithm and to measure
the application value of the algorithm in the diagnosis of CT
images and MRI images of clinical CVD patients.

2. Materials and Methods

2.1. Selection and Grouping of Research Objects. 129 patho-
logically confirmed CVD patients who came to hospital from
December 2018 to December 2020were selected as the research
objects, including 95 males and 34 females, aged 10∼65 years
(with an average age of 48± 3.51 years).-ey were rolled into a
CT group, a MRI group, and a CT+MRI group according to
different diagnostic methods, with 43 cases in each group. -e
experiment had been approved by the Medical Ethics Com-
mittee of hospital, and the patients and their families had
understood and signed the informed consent forms.

-e inclusion criteria were defined as follows: patients
with varying degrees of nausea, vomiting, headache, and
other symptoms when overworked or emotionally excited;
patients who were informed and signed the surgical consent
form voluntarily; and patients with clear consciousness and
being able to cooperate with the experiment.

-e exclusion criteria were defined as follows: patients
with othermalignant tumors; patients whowithdrew from the
experiment due to their own reasons; patients with severe
dysfunction of other organs and unable to undergo surgery;
patient who suffered with surgical contraindications; and
patient who had speech and communication impairment,
hearing impairment, or severe cognitive impairment.

2.2. CT and MRI Examinations

CT Diagnosis. 43 patients were diagnosed with the
SOMATOM Definition AS128-slice spiral CT produced by
the German Siemens. -e nonionic contrast medium was

used for imaging, and the part between the second cervical
vertebra and the top of the skull and retrograde was scanned
back and forth. -e suspicious parts and cases were per-
formed with the enhanced CT scan. -e specific parameters
for scanning were determined as follows: layer thickness and
layer spacing were 7mm, tube current was about 600mA,
tube voltage was 120 kV, scanning field of view was 25 cm,
display field was 15∼25 cm, and the collimation was set to
20m.

MRI Diagnosis. 43 patients were diagnosed using the 1.5 T
superconducting MRI scanner produced by German Sie-
mens. -e patient was required to lie to scan the head back
and forth, and the transverse T1-weighted image (T1WI),
T2-weighted image (T2WI), diffusion weighted imaging
(DWI), and fluid attenuated inversion recovery (FLAIR)
were scanned comprehensively. -e specific parameters
were as follows: layer thickness was 1.0mm, layer spacing
was 0.5mm, echo time was 6.6ms, repetition time was set to
25ms, scanning sequence was 3D-TOF-MRA, scanning field
was 360mm× 360mm, and matrix was set to 256×196.

CT diagnosis and MRI diagnosis of all patients were
performed by physicians who were experienced in clinical
diagnosis in accordance with the routine operating proce-
dures. -e observation indicators included the diagnostic
compliance rate (DCR) and diagnosis cost, and inspection
time required for various types of CVD was recorded and
compared between the two diagnostic methods.

2.3. Construction of LRMD Algorithm Based on Block Prior.
Related studies showed that the Gaussian mixture model
(GMM) can better perform statisticalmodeling of the noise-free
image block prior. -e prior information of the noise-free MRI
image block was combined with the self-conformity of the
MRI image block. -e GMM with a prior of noise-free image
blocks was adopted to guide the clustering of noisy MRI image
blocks to improve the denoising effect of the LRMD algorithm.
When a pair of noise MRI k was given, a set of image blocks
could be obtained through block division as follows:

Mk � M1k, . . . Mlk, . . . Mnk( . (1)

It was assumed that the GMM parameter collection ϕ
was known by learning the information of noise-free MRI
image blocks, and then Mk could be classified into N cat-
egories based on the GMM prior ϕ, representing the matrix
composed of all image blocks (vectorization) in the nth
category (1(n) represented the number of the all similar
image blocks in the nth Gaussian category). -e structural
information included in the same Gaussian category was
similar, so Mnk

−

could be decomposed as follows:

Mnk
−

� Sn + Yn. (2)

In equation (2), Sn and Yn refer to the low-rank matrix
and the noise matrix, respectively, and the low-rank matrix
was the image data after denoising. It was assumed that the
noise on each pixel in the image was independent and
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identically distributed, and then equation (3) could be ob-
tained from the perspective of conditional probability:

P Mnk
−

|Dn ∝ exp −
1
z
2 Mnk − Dn

−������
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2

E
 , (3)

where Dn could be obtained by minimizing the energy
function Q(Dn) in equation (3):

Q Dn(  � ℓ Dn
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����∗ +

1
z
2 Mnk − Dn

−������
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2

E
. (4)

In equation (4), ℓ is a normal number, z is the noise
standard deviation; ‖ · ‖∗ refers to the matrix kernel norm,
and ‖.‖2E represents the Frobenius norm of the matrix. -e
rank minimization shown in (4) can be optimally solved by
minimizing the weighted kernel norm. Let LΣBe be the
singular value decomposition (SVD) of Mnk

−

, then
Dn � LSi(Σ)B

e
. (5)

In equation (5), Si(Σ) is the singular value contraction
operator.

In summary, the given noise MRI Y was combined with
the noise-free MRI image block prior (GMM prior) and the
MRI image block self-similarity prior to the LRMD model,
as shown in the following equation. With this model, the
noise-free MRI X can be reconstructed from the noised MRI
Y as follows:

H, V, Dn   � argmin
H,V, Dn 

β
z
2‖T − X‖

2
2

− log(RI, A) + 
n

n�1
Q Dn( .

(6)

In equation (6), β is a normal number and z refers to the
noise standard deviation. -e MRI signal H

∧
obtained from

(6) was squared, and deviation in (7) was corrected to obtain
the finally restored MRI signal Hfinal as follows:

Hfinal �

��������
H − 2z
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Q



. (7)

In equation (7), Q is the identity matrix of H.
-e DCR of patient could be calculated with the fol-

lowing equation (8):

R �
W

(K − V)
× 100%. (8)

In equation (8), R refers to the DCR,W is the number of
patients who meet the diagnosis, K represents the number of
discharged patients, and V refers to the number of suspected
patients. In the performance analysis of CT diagnosis and
MRI diagnosis, accuracy and sensitivity were undertaken as
evaluation indicators. -e specific equations were as follows:

A �
Ft

T
× 100%, (9)

S �
P

W + F
× 100%, (10)

Y �
N

W + F
× 100%. (11)

In equations (9)–(11), A, S, and Y refer to the accuracy,
sensitivity, and specificity, respectively; Ftmeans the number
of cases with accurate prediction; t means the total number
of patients; Tmeans the true positive; and N, F, andW refer
to true negative, false positive, and false negative,
respectively.

2.4. StatisticalMethods. -edata processing was analyzed by
SPSS19.0 version statistical software. -e measurement data
were displayed as mean± standard deviation (x ± s), and the
count data were shown as percentage (%). Running time was
compared in pairwise with one-way analysis of variance.-e
comparison of age, height, weight, course of disease, ratio of
male to female, and diagnostic accuracy rate among groups
was performed by the paired t-test. -e difference was
statistically significant at P< 0.05.

3. Results

3.1. Comparison on Basic Data of Patients. Among the 129
CVD patients who came to our hospital for treatment, 95
were males and 34 were females, aged 10∼65 years.-emain
clinical manifestations were dizziness, headache, decreased
vision, and blurred vision. Figure 1 shows the ratio of male to
female of patients in general. As shown in Figure 2, there
were 30 males and 13 females in the CT group, with an
average age of 48± 4.28 years; there were 33 males and 10
females in the MRI group, aged 49± 3.79 years in average;
and 29 males and 14 females were included in the CT+MRI
group with an average age of 47± 5.51 years.

-ere were 50 lesions, including 40 single lesions and 3
multiple lesions in CT group, 45 lesions (42 single lesions
and 1 multiple lesion) in MRI group, and 44 lesions (41
single lesions and 2 multiple lesions) in CT+MRI group (as
illustrated in Figure 3). -e lesion was round or irregular in
shape. Figures 1–3 reveal that there was no great difference
in the pathological conditions and basic data of the patients
(P> 0.05).

Figure 4 shows the images of a 51-year-old male patient
with a history of migraine for 10 years and no history of
hypertension. -e patient suffered from a sudden general-
ized tonic-clonic seizure, which lasted about 10 minutes. On
admission, the blood pressure was 148/80mmHg, there were
no traces of trauma except tongue bit and no obvious
positive signs of the nervous system. CTplain scan revealed a
high-density shadow in the M1 segment of the left middle
cerebral artery, with the size of 27× 25× 26mm; CT and
MRI examinations revealed signs of subarachnoid hemor-
rhage. 4 days later, the patient was in a coma and was sent to
the hospital immediately with dilated pupils. CT scan
revealed a large number of intracranial subarachnoid
hemorrhage, left temporal lobe hematoma, and rupture into
the ventricle; the midline was obviously shifted, forming a
temporal lobe hook hernia; and the brainstem showed a low
density shadow. -e patient died eventually.
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3.2. Comparison on DCR of Patients in Different Groups.
As illustrated in Figures 5 and 6, 25 patients with cerebral
hemorrhage (CH), 10 patients with cerebral infarction (CI), and
8 patients with CA were diagnosed using the CT diagnosis

method. -e DCR was 95.1%, 94.7%, and 70%, respectively. 29
patients with CH, 7 patients with CI, and 7 patients with CA
were diagnosed in the MRI group. -e DCR was 99.01%,
97.71%, and 100%, respectively. In the CT+MRI group, there
were 30 cases of CH, 10 cases of CI, and 3 cases of CA, and the
DCR was 100%, 99.78%, and 100%, respectively. According to
the diagnosis results, the positive rates of MRI and CT+MRI
for CA were much higher in contrast to the CT, showing
statistical differences (P< 0.05); MRI diagnosis showed higher
DCR than CT but lower DCR than CT+MRI, showing
meaningful differences statistically (P< 0.05).

3.3. Comparison on Diagnosis Performance of CT and MRI.
Figure 7 illustrates that the accuracy, sensitivity, and spec-
ificity of CT diagnosis were 92.71%, 84.94%, and 80.71%,
respectively, while those of MRI diagnosis using the LRMD
algorithm were 96.28%, 88.76%, and 90.62%, respectively.
-us, the accuracy, sensitivity, and specificity of MRI di-
agnosis under the LRMD algorithm were obviously different
from those of CT diagnosis (P< 0.05).

3.4. Comparison on CVD Cost of Patients with Different Di-
agnosis Methods. -e DC/C after CT examination was
601.42± 83.61 yuan, and the TDC was 39,819.2± 198.72
yuan; the DC/C and TDC of the MRI group were
799.73± 100.02 yuan and 58,521.67± 301.62 yuan, respec-
tively. Figures 8 and 9 reveal that the DC/C and TDC in the
MRI diagnosis were higher, showing remarkable differences
in contrast to those in the CT diagnosis (P< 0.05).

3.5. Comparison on Diagnosis Time of Patients with Different
Diagnosis Methods. -e average diagnosis time in the CT
group was 15.97± 3.72 minutes; and that in the MRI group
was 27.18± 5.78 minutes. Figure 10 indicates that there is a
large difference between the two (P< 0.05).

4. Discussion

CA is a relatively common type of CVD in clinical treatment
at present. It has a high incidence, but there is no specific
effective treatment plan in clinical practice. -erefore, it is
particularly important for early diagnosis and treatment of
patients. -e block prior-based MRI under the LRMD al-
gorithm can provide sufficient prior information for the
image. -e priori of the noise-free MRI image block was
combined with the nonlocal autophagy prior of the MRI
image block, the learning method was adopted, and the
GMM was applied to characterize the prior information of
the noise-free MRI image block. Next, clustering was per-
formed on the noise MRI image block based on the nonlocal
self-phase of the image block to maintain the low rank of the
image block matrix, thereby improving the denoising effect
of the LRMD model.

-e results disclosed that 25 CH patients, 10 CI patients,
and 8 CA patients were diagnosed in the CT group, and the
DCRs were 95.1%, 94.7%, and 70%, respectively, while 29 CH
patients, 7 CI patients, and 7 CA patients were diagnosed in the
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(a) (b)

(c)

Figure 4: -e images of a 51-year-old male patient with a history of migraine for 10 years and no history of hypertension: (a) the visible CA
under CT plain scan; (b) sign of subarachnoid hemorrhage in MRI image; and (c) visible intracranial subarachnoid hemorrhage, left
temporal lobe hematoma, and rupture into the ventricle under CT plain scan.
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Figure 5: Comparison on diagnosed numbers of patients with different diseases.
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MRI group with the DCRs of 99.01%, 97.71%, and 100%, re-
spectively; CT+MRI groupwas diagnosedwith 30CH cases, 10
CI cases, and 3CA cases, and theDCRswere 100%, 99.78%, and
100%, respectively. According to the experimental results, MRI
and CT+MRI diagnosis for CA showed higher positive rates in
contrast to the CT diagnosis, with statistical differences
(P< 0.05); MRI diagnosis showed obviously higher DCR than

CT but visibly lower DCR than CT+MRI (P< 0.05). -is
indicated that MRI diagnosis based on the LRMD algorithm
had a higher detection rate of CA and had a higher clinical
promotion value. Such results were consistent with the research
conclusions of Chen et al. [18], which suggested that the al-
gorithm had a good denoising effect. -e accuracy, sensitivity,
and specificity of CT diagnosis were 92.71%, 84.94%, and
80.71%, respectively, while those of MRI diagnosis under the
LRMD algorithm were 96.28%, 88.76%, and 90.62%, respec-
tively. -us, the accuracy, sensitivity, and specificity of MRI
diagnosis under the LRMD algorithm were dramatically dif-
ferent from those of CT diagnosis (P< 0.05); it indicated that
the application of the LRMD algorithm in MRI detection can
improve the accuracy, sensitivity, and specificity of diagnosis
greatly and can quickly detect the CA. Such results were in line
with the conclusion of Molyneux et al. [19], providing an
important basis for this research theme. -e average diagnosis
time in the CTgroup was 15.97±3.72 minutes, and that in the
MRI groupwas 27.18±5.78minutes. DC/C and TDCof patient
in CT group were 601.42±83.61 yuan and 39819.2± 198.72
yuan, respectively, while those in the MRI group were
799.73±100.02 yuan and 58,521.67±301.62 yuan. -us, pa-
tients takingMRI diagnosis required moremoney than patients
taking CTdiagnosis, which showed that the MRI diagnosis was
expensive and time-consumed. Although CTdiagnosis was less
accurate than MRI diagnosis, the diagnosis time was short and

0
5

10
15
20
25
30
35

Diagnostic time
Th

e n
um

er
ic

al
 (m

in
)

∗

CT group
MRI group

Figure 10: Comparison on diagnosis time of patients with different
diagnosis methods. Note: ∗ suggests that the difference is statis-
tically obvious (P< 0.05).

0

20

40

60

80

100

A B C

Th
e n

um
er

ic
al

 (%
)

∗

∗ ∗

CT group
MRI group

Figure 7: Comparison on diagnosis performance of CT and MRI.
Note: A, B, and C represent accuracy, sensitivity, and specificity,
respectively. ∗ suggests that the difference is statistically obvious
(P< 0.05).

0

200

400

600

800

1000

Diagnostic cost

Th
e n

um
er

ic
al

 (y
ua

n)

∗

CT group
MRI group

Figure 8: DC/C of patient with different diagnosis methods. Note:
∗ suggests that the difference is statistically obvious (P< 0.05).

0

20

40

60

80

100

120

CH CI CA

Th
e n

um
er

ic
al

 (%
) ∗ ∗

∗

CT group
MRI group
CT + MRI group

Figure 6: Comparison on DCR of three patients with different
methods.

0
10000
20000
30000
40000
50000
60000

Total cost

Th
e n

um
er

ic
al

 (y
ua

n)

∗

CT group
MRI group

Figure 9: TDC of patient with different diagnosis methods. Note: ∗
suggests that the difference is statistically obvious (P< 0.05).

6 Scientific Programming



the cost was lower, so it was easier for patients to accept. In
addition, it was found that the diagnosis rate of CA with
CT+MRI was higher, and it was worthy of clinical application
and promotion.

5. Conclusion

-e LRMD algorithm was constructed based on block prior
theory and then applied toMRI diagnosis of CA patients. It was
found that MRI diagnosis under the LRMD algorithm could
effectively improve the positive diagnosis rate of CA in CVD
patients and had high diagnostic accuracy, sensitivity, and
specificity. In summary, both CT and MRI detection had their
own advantages for the diagnosis of CA.MRI detection showed
a higher diagnosis rate and safety, while CTdiagnosis required a
short time and less costs, so the two can be diagnosed jointly,
which can improve the efficiency and accuracy of clinical di-
agnosis to a great extent. However, there were still some
shortcomings for this study. -e number of selected patient
samples was too small, leading to a small scope of application of
the research results and even some adverse effects on the final
results. In follow-up research, it will consider increasing the
sample of patients and expand the scope of investigation so as to
further explore the new clinical treatment of CA. -is study
could provide a reliable theoretical basis for the application of
CT and MRI imaging optimization algorithms in diagnosis of
CVDs.
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