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Abstract

Intelligent medical diagnosis and computing system faces many challenges in complex object recognition, large-scale data imaging
and real-time diagnosis, such as poor real-time computing, low efficiency of data storage and low recognition rate of lesions. In order
to solve the above problems, this paper proposes a medical intelligent computing system and a series of algorithms for the clinical
pathology of cervical cancer based on the multi-scale imaging and transfer learning framework. Firstly, based on data dimensions,
imaging errors and other factors, this paper designs a multi-scale time-sharing elastic imaging algorithm based on image recon-
struction time and data sample characteristics. Then, taking the burst imaging cohort and the calculation data set of new cervical
cancer cases as the objects, based on the difficulties of cervical cancer feature modeling, this paper proposes the transfer learning
algorithm of clinical and pathological features of cervical cancer. Finally, a medical intelligent computing system for cervical cancer
pathology analysis and calculation with high efficiency and reliability is established. A series of proposed algorithms are compared
with single-scale Retinex (SSR), which is based on single-scale Retinex migration learning (SSR-TL). The experimental results
show that the proposed algorithm in cervical cancer pathological imaging and scoring, as well as the feature extraction and

recognition of lesions, especially the efficiency of system execution, is obviously due to the comparison algorithm.

Keywords Time-sharing - Multiscale - Multiscale - Transfer learning - Medical intelligent computing

Introduction

Cervical cancer [1] and breast cancer [2] are two common
malignancies in women. Among them, malignant tumors [3]
occurring in the cervix and vagina and the cervical duct epi-
thelium, namely cervical cancer, have different manifestations
of the difficulty of lesion recognition and tumor diagnosis in
different age groups, clinical manifestations and classification
[4]. Imaging examination of cervical cancer plays a key role in
the application of ultrasound, CT and MRI in clinical imaging
and calculation. However, there are many challenges at pres-
ent, such as the differentiated morphology [5] of cervical
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cancer lesions, uncertain boundaries [6], unknown internal
echoes [7] and large-scale sample training.

About Imaging algorithm, article [8] presented a range mi-
gration algorithm for the multi-receiver synthetic aperture so-
nar based on Loffeld’s bistatic formula, which consists of the
quasi monostatic term, etc. The imaging algorithm proposed
in article [9] combined the Barker coded excitation using the
linear frequency modulated carrier with the synthetic aperture
beam forming. Article [10] developed an imaging method for
compensating the dispersion induced by the propagation dis-
tance. Article [11] proposed a parameter-free intravoxel inco-
herent motion imaging algorithm for assessment of cervical
cancer. The image processing problem in article [12] can be
performed over small-scale overlapping patches and be effi-
ciently solved in a parallel or distributed manner.

About characteristic transfer learning, the authors of article
[13] presented the application of deep learning combined with
Transfer Learning for glitch classification, using real data from
LIGO’s first discovery campaign labeled by Gravity Spy,
showing that knowledge from pre-trained models for real-
world object recognition can be transferred for classifying
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spectrograms of glitches. The authors [14] argued that learn-
ing the latent attributes jointly with user-defined semantic at-
tributes not only leads to better representation but also helps
semantic attribute prediction. The authors [15] used the deep
convolutional neural networks to identify the plant species
captured in a photograph and evaluate different factors affect-
ing the performance of these networks. The article [16] sys-
tematically investigated the process of transferring a
Convolutional Neural Network, trained on ImageNet images
to perform image classification, to kidney detection problem
in ultrasound images. A regularization-based transfer learning
strategy was proposed in article [17] that encourages source
and target models to share the same coefficient sign.

About intelligent computing system, the study of
knowledge-based systems and intelligent computing systems
is presented in article [ 18], showing the methods and its salient
features, processes and application areas in medical domain. A
fuzzy k-nearest neighbor is used in article [19] to diagnose the
possibly infected users, and Google map web service is used
to provide the geographic positioning system-based risk as-
sessment to prevent the outbreak. A computer-aided diagnosis
system was proposed by using artificial intelligence for the
diagnosis and characterization of thyroid nodules on ultra-
sound [20]. A novel self-organizing neural fuzzy inference
system was developed in article [21] that functions as a reli-
able decision support system for ovarian cancer diagnoses.

However, the above research has not done detailed research
on the feature modeling and feature extraction of cervical can-
cer and computing system. Based on the above results, the
medical intelligent computing system is proposed by optimiza-
tion and design of multiscale time-sharing elastography and
Transfer learning of clinicopathological features algorithms.

The rest of this paper is organized as follows. Section “Multi-
scale time-sharing elastic imaging algorithm” develops the
Multi-scale time-sharing elastic imaging algorithm.
Section “Transfer learning algorithm for clinicopathological fea-
tures of cervical cancer” shows the Transfer learning algorithm
for clinicopathological features of cervical cancer.
Section “Medical intelligent computing system for clinical pa-
thology of cervical cancer” indicates the Medical Intelligent
Computing System for Clinical Pathology of Cervical Cancer.
Section “System performance verification” perform the System
performance verification, followed by the conclusion in
Section “Conclusions”.

Multi-scale time-sharing elastic imaging
algorithm

The existing medical imaging algorithms and systems mainly
have the following problems: 1. The imaging errors of high-
dimensional data are large; 2. The reconstruction time of high-
resolution images is long and the feature extraction of data
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samples is demanding; 3. The formation of long queues for
large-scale BURST imaging tasks leads to the establishment
of imaging data sets for a long time and the inefficiency of
system execution; 4. The imaging method of multi-
dimensional data dictionary. The time complexity is high
and it requires many times of image reconstruction calcula-
tion. In order to solve these problems, we have established an
efficient and reliable imaging mechanism based on the com-
bination of multi-scale model and time-sharing elasticity.
Firstly, Fig. 1 illustrates the finite source imaging projection
process for any high-dimensional sample set. In this arbitrary
imaging region, the superposition of arbitrary high-dimensional
data samples and finite element projection imaging meshes leads
to the increase of imaging errors. Correspondingly, it is more
difficult to extract data features based on the imaging projection
formed by finite element method. The triangle in Fig. 1 repre-
sents the finite element. The dotted circle, the dotted rectangle
and the solid ellipse represent the data sample space of different
dimensions respectively. The matching relationship between the
finite element method and the mapping is established according
to the dimension difference and the image weight. In actual im-
aging, the location of imaging targets in different dimensions is
unknown, so we design a multi-scale finite source imaging
framework as shown in Fig. 2. In this framework, the finite
element is mapped to multi-scale segmentation threshold, and
the high latitude data is mapped to multi-scale stratification. In
order to fully describe the real-time characteristics of random data
samples in medical imaging area and accurately capture the data
set, the multi-scale framework is based on the jitter of grid topol-
ogy at any location. These jitters represent the real-time imaging
characteristics of data sources and multi-dimensional samples in
the whole high-dimensional imaging region. In order to count
these jitters, the imaging responses of different dimensions and
multi-scales in random imaging area were recorded, and the im-
age weights of sample separation between scales were analyzed.

Projection

Projection

Fig. 1 Arbitrary high-dimensional imaging



J Med Syst (2019) 43: 310

Page30of 12 310

\ // \\

/ \»( Finite source
/

Finite source

N /

L

Finite source

\\ Y

—_

Fig. 2 Multi-scale finite source imaging

The scale of finite element data and low-dimensional multi-
scale are related to high-dimensional multi-scale. The smaller
the scale separation is, the smaller the scale of finite element
data is, and the faster the convergence of low-dimensional
multi-scale imaging iteration is. The larger the scale separation
is, the larger the scale of finite element data is, and the faster
the iteration convergence of high-dimensional multi-scale im-
aging is. Therefore, scale analysis S, and finite metadata S;
can be estimated by the following formula.

d
5 i fz(X)

\/(Ssinag 1 +E(Sy)

Here, d is the Euclidean distance between the intense data
cores of different scales shown in Fig. 2. § denotes the dimen-
sions at different scales for imaging data sets. Function f () is the
projection of image data sample x, whose definition is deter-
mined by historical data sets and imaging parameters. The pa-
rameter « represent the angle between the data sample and the
imaging projection. E(S,)represents the expected value of scale
analysis. The size of the expected value and its pain are very
important for imaging. Rational selection of S, and Sy is very
important for the selection of imaging area and the preprocess-
ing of sample set.

Based on the fusion of Figs. 1 and 2, we present a multi-
scale imaging finite element processing flow, which is detailed
in Fig. 3. The three core processes are represented by formulas
2, 3 and 4, respectively.

@ SA(fv a)_M

S =
s d(x) X oo

(2)

Among them, Sg denotes the imaging scale of the
superimposed region is represented. Function d(x) denotes

High-dimensional data

dimensionality reduction

Formula (2)

superposition

Formula (3)

Finite source projection

Formula (4)

Finite source projection Finite source projection

f(x) |

Multiscale fusion Finite source

Fig. 3 Limited Source Processing Flow for Multiscale Imaging

the spacing of data sample x. The S, in formula (1) is recon-
structed into a function S4(f; o).
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The matrix Ppg contains |P | * | FIS| elements. M p |
F£s)) can be obtained by formula (5).
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According to the limited source size and mapping accuracy,
we define a function g (Mg) to represent the multi-scale fusion

space region.
z I ("™ ( ) |>, |PI2|FS|
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Formula (4) shows that the performance of the above multi-
scale fusion algorithm will continue to decline in the case of
large-scale burst imaging. The main reason is that it cannot
meet the need of parallel imaging. Therefore, we design a
time-sharing multi-scale algorithm.

Based on the multi-scale fusion mechanism as shown in
Fig. 3, we design the time-sharing multi-scale imaging archi-
tecture (see Fig. 4). we denote the vertical incidence of the
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Fig. 4 Time-sharing multiscale imaging

multi-scale imaging data domain into the three-time layers as
I, IT and III respectively. Here, time layer I and II are the data
sample space with the smallest scale difference. The discrete
time point scale of time layer III is ;. The time dispersion of
each layer can be obtained by formula (6).

Multi-scale imaging of data set X| in the first-time layer is
M (x,),|Fs))- The multi-scale imaging of data set Xy in the
second time layer isM x| |rs))- Multi-scale imaging of dataset
Xiq in the third time layer iSM(‘X”,|7|FS|).
1|
> Y+ exp(—246d(x)),xeX;
i=1 ‘XH‘

|P| Zl Y;

exp(—24d(x))

[X g |
IFS| ¥ Y;
i=1

exp(—24d(x))

xeXpy (6)

,XeX

However, time-sharing multi-scale medical imaging is still
faced with the problem of high time complexity and multiple
image reconstruction calculation. For this purpose, we de-
signed the time-sharing multi-scale elastography and its opti-
mization algorithm.

Multi-scale time-sharing elastic imaging: multi-scale strain
elastic imaging is realized by establishing vertical mapping
between linear discrete and distributed multi-scale data set or
elastic medium and time-sharing plane. The elastography
scheme enables the discrete points in medical imaging tissues
to be approximated along the boundaries of concentrated arcas
and multi-scale fusion directions. Then, the multi-scale elastic
weights of each segment of medical imaging tissue were ob-
tained by time-sharing calculation. This method requires
multi-objective optimization of elastic weight when solving
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practical problems. Multi-objective optimization needs to
meet the following constraints:

(1) the contact surface between time-sharing interface and
elastic tissue remains smooth all the time, that is, time-
sharing and elasticity will not offset each other.

(2) the jitter of elastic weight of medical imaging tissue will
not cause the deformation of multi-scale data set. Even if
the data set deforms, it can be weakened by time-sharing.

(3) the fusion error between medical imaging and multi-
scale is so small that the elastic weight inside the medical
imaging tissue can be neglected.

Based on the above basis and statement, the multi-
objective optimization problem of multi-scale time-sharing
elastography is to maximize the efficiency of elastography
by using the least time stratification and the least times of
dimensionality reduction. The formal description of the prob-
lem is shown in formula (7).

MOOSS  {minh(x), mink(x), maxn(x)} (7)

subject  to xeXc{0,1}"

To solve the above problems, we present the multi-
objective linear integer optimization algorithm, namely algo-
rithm ILA.

Transfer learning algorithm
for clinicopathological features of cervical
cancer

According to the statistical and analytical results of the char-
acteristics of cervical cancer cases in literature [22, [23] and
[24], as shown in Table 1, we found that the modeling of
cervical cancer characteristics has the following difficulties:

(1) there is a very direct relationship between the character-
istics of cervical cancer cases and clinical stage, the prob-
ability of organ metastasis and tumor size, etc., but this
relationship is difficult to be analyzed by random process
modeling. Table 2 shows the characteristic errors obtain-
ed by adopting several common random distribution
models. Analysis of Table 2 shows that these errors are
all greater than the differentiation differences in Table 1,
which is unacceptable.

(2) the metadata structure is relatively complex. If only the
low-dimensional vector is used to represent the metadata,
a lot of important cervical cancer feature information will
be lost, resulting in a large error in the cervical cancer
feature extraction mechanism.
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Table 1  Statistical analysis of cervical cancer characteristics (%)
[22-24]

statistics Xz P differentiated
Cases of stage 1 11 0 <0.5

Cases of stage 11 46 2 <0.9

Cases of stage 111 45 9 <0.9

Cases of stage IV 45 9 <0.9
adenocarcinoma 12 5 <0.8
Squamous cell carcinomas 81 4 <0.09
menopause 7 0.03 <0.059
Tumor size 9 0 <0.039
Viscera metastasis 14 0 <0.05

(3) it is difficult to reduce dimension. This high-difficulty
dimensionality reduction may increase the spatial com-
plexity of dimensionality reduction gradually and gener-
ated data sets with high redundancy.

In order to solve the above problems, we design a cervical
cancer characteristic model based on bi-objective optimiza-
tion. The model can also adaptively adjust the dimensionality
reduction threshold according to the various situations de-
scribed in Table 1.

Starting from the statistical distribution of cervical cancer
characteristics, the cervical cancer model must have aggregat-
ed characteristic variables to facilitate feature extraction and
screening. Therefore, the high-dimensional data sample set is
transformed into several independent one-dimensional input
variables. The characteristic model of cervical cancer cases
can be established from the following two ideas.

The first is to eliminate the random variables that have
negative effects on the classification of cervical cancer cases.
For example, in some pathological classification, the random
variables that inhibit the sensitivity to the classification of
features should be removed. This matrix elimination method
of random variables can be completed by referring to formula

(8).

Table 2 Statistical errors of random distribution of cervical cancer
characteristics(%)

Random distribution error Whether it can be tolerated
Bernoulli distribution 1.24 NO

Poisson distribution 2.09 NO

Binomial hair you do not 2.65 NO

Normal distribution 1.98 NO

Chi-square distribution 0.98 NO

An index distribution >34 NO

Gamma distribution <0.7 Maybe

Beta distribution >2.76 NO

T
X1 x[l B4l 1
o Y R B Y (®)
X|p| Xip| Yip| 1

The matrix elimination method can convert random vari-
ables into integer variables for scheduling problems.

Therefore, the core of this model construction scheme is to
transform the feature distribution of | P| input random vari-
ables into | P| single target one-dimensional random variable,
as shown in Fig. 5.

The second model building scheme is based on an efficient
and accurate dimensionality reduction strategy to find |P|
high-dimensional input variable to a low-dimensional feature
space metadata transformation sequence. This sequence is
called the cross-dimensional transformation vector of cervical
cancer pathological features, as shown in Fig. 6. This trans-
formation vector may be a linear or nonlinear matroid trans-
formation of the original eigenvector, or an optimization vec-
tor with or without constraints, as shown in formula (9). Under
the constraints of rapidly decreasing finite element, the model
can minimize the redundancy and error of cervical cancer
pathology classification.

X1 r 1 r
X 0
S Vs ©)
X|p| 1
- T
- 32!
Xy

—> model

—>

’

X
Pl

Fig. 5 The process of model establishment for removing characteristic
matrix of cervical cancer
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Fig. 6 Modeling process of metadata optimization based on finite
element constraints

In order to realize the migration of pathological features of
cervical cancer, we analyzed the constraints of the migration
of pathological features, such as formula (10) and the limita-
tion description (definition I1.A).

dy>omy

P

Q(X[,Q)Zw Zl t[jQ (x,-fl,smoz) (10)
j=

1;20,Vi, j

Where, dy represents the network depth, my represents the
feature dimension, and the function represents the metadata of
data set x; of i-th dimension after dimension reduction. The
function is directly dependent on historical data.

Definition lll. A the relationship between the time complexity
of cervical cancer pathological feature model and the expec-
tation and variance of random distribution is nonlinear.

In order to eliminate the above limitations, migration sensitiv-
ity and corresponding generalization ability were designed for
different levels of characteristics of cervical cancer pathological
feature transfer learning network. Among them, the bottom layer
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of the migration learning model evolves the type and scale of
input variables into the migration sensitivity. In the application of
migration learning in cervical cancer pathological feature extrac-
tion and screening, a linear mapping relationship was established
between multi-source tasks and the training data set of migration
learning network, and the redundancy of feature space caused by
cross-dimensional supervised learning was also considered. The
combination of metadata reconstruction and cross-dimensional
migration is bound to weaken the marginal features of cervical
cancer pathological feature model and strengthen the supervision
effect, so the migration effect will be very good.
Correspondingly, the metadata of marginal features in the upper
layer of the migration learning network can be combined with the
bottom training sample set that has been migrated to construct a
cross-layer fusion and highly consistent cervical cancer patholog-
ical feature space and feature extraction reference frame. This
reference system includes the basic unit of characteristic space
and training data set of cervical cancer pathology recognition,
which is beneficial for the subsequent migration and learning
of the feature abstraction of the network layer.

We choose four different CNN structures of AlexNet [25],
VGGM [26], VGG16 [27] and VGG19 [28], VGGM, VGG16
and VGG19. All four networks contain a convolutional layer
and a full connection layer. Among them, the middle part of
different network layers is defined as convolution layer, which
is convenient for feature extraction. In addition, the upper
layer of the migration network is the full connection layer,
including the convolutional layer feature and the mapping
interface of the full connection layer feature.

The network definition and processing of the transfer learn-
ing of clinical and pathological characteristics of cervical can-
cer are described as follows, and the algorithm description is
detailed in algorithm III. A and III. B.

* Step 1: pre-train the pathological feature set of cervical
cancer based on the model established in Figs. 5 or 6.

Subsets of the data set shown in Table 1 were used for the
data set of pre-training cervical cancer pathological feature set.
This subset contains 2020 cervical cancer CT images, approx-
imately 1.5 million classified training pathological images,
34,500 pathological data and 80,000 clinical text cases.

* Step 2: extract the migration characteristics of high-
quality metadata and reduced dimensional matrix.

Firstly, the pre-trained cervical cancer pathological feature
set parameters were transferred to the dimensionality reduc-
tion matrix M and the monitoring matrix K, respectively. In
order to ensure the credibility of cervical cancer pathological
feature extraction, the feasible domain of cervical cancer
symptom data set needs to be adjusted to the default input
feasible domain required for pre-training cervical cancer
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pathological feature set. Next, a linear mapping is established
between the input and output values of the convolution layer
and the full connection layer of the learning network. The
output values of these levels correspond to the input values
of the lower-dimensional vectors.

* Step 3: Normalize the characteristics of cervical cancer
pathological feature set and supervised metadata matrix.
The purpose of feature vector normalization is to make the
cross-dimensional feature components of feature vectors
have similar measurements at different levels of the learn-
ing network. The normalization process adopts L2 norm
normalization method. Cervical cancer pathological fea-
the pathological characteristics of m cervical cancer in the
data set, the normalization of a certain I-dimensional char-
acteristic vector j;and its L2 norm of pathological charac-
teristics I; of cervical cancer in the data set j; is obtained:

T
. .1 2 J |P
Ji= [x,’_]l— s XiJiy s Xifi s ...,X,‘jl- ‘:|
- Ji (11)

]1 -
2
) e () e ()

+ Step 4: Repeat step 2 until the migration sensitivity is less
than the threshold.

* Step 5: Repeat step 3 until the training is satisfactory.

»  Step 6: return the pathological characteristic sequence and
model matrix of cervical cancer.

The above process is shown in Fig. 7.

Supervised Pathological feature
. Metadata .
learning set of cervical cancer
Transfer J Transfer
Learning Learning
Training Network
lay er subset
qulOn Normalized
subset

Normalized
subset

feature extraction

A

Fig. 7 Transfer learning process of clinical and pathological
characteristics of cervical cancer

Medical intelligent computing system
for clinical pathology of cervical cancer

In order to improve the accuracy and real-time of cervical
cancer pathological analysis and clinical diagnosis, we de-
signed a medical intelligent computing system suitable for
cervical cancer clinical pathology. The system not only inte-
grates the multi-scale time-sharing elastic imaging algorithm
and the transfer learning algorithm of clinical and pathological
characteristics of cervical cancer proposed above, but also has
the following functions:

(1) the computational system can fully understand and learn
the complex pathological information of cervical cancer
through the simulation of pathological feature samples,
the extension of cross-dimensional features and the ex-
pansion of metadata sets.

(2) the computing system can make multi-dimensional deci-
sions and in-depth analysis, and apply migration learning
to the multi-agent entity of anthropomorphic intelligence.

(3) the computing system can identify cervical cancer patho-
logical objects and multi-dimensional pathological events.
At the same time, the system can store abundant available
pathological knowledge and has the ability of transfer
learning reasoning and multi-dimensional prediction.

(4) the system can adapt to the complex learning environment
and clinical feature extraction environment, and can obtain
the pathological information to be concerned or recog-
nized in real time and make appropriate feedback behavior.

The abstract general model of the medical intelligent comput-
ing system applicable to cervical cancer is shown in Fig. 8. In the
process of solving the complicated clinical problems of cervical
cancer, the system has the basic theory of pathological mecha-
nism, support technology of feature transfer learning and cross-

— T ~
(Dimension m )
~
( Dimension I )
\ /
_—
Dimension
reduction
\ /
Medical Intelligent
Computing
-~
( pimensi” A
~— —

Fig. 8 Abstract general model of medical intelligent computing system
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dimensional application. This system can not only overcome the
defects of single dimension technology, but also eliminate the
high redundancy of cervical cancer pathological feature analysis
and the non-intelligent factors brought by dimension reduction
by adopting different migration modes. The system can obtain
the cross-dimensional expression ability of pathological knowl-
edge and the self-adaptive reasoning ability driven by metadata
from the transfer learning process. Therefore, the system can
improve the efficiency of intelligent computing system and ac-
celerate the speed of problem solving.

The main interfaces of the specific medical intelligent com-
puting system in Fig. 8 include (1) system scheduling interface:
the scheduling interface of the input/output data between the
cervical cancer clinical environment and the intelligent comput-
ing system; (2) multi-scale time-sharing elastic imaging and fea-
ture computing interface: the interface between the intelligent
computing system and the external environment through the
multi-scale and cross-dimensional input/output system; (3) fea-
ture extraction and migration learning processing interface: real-
time processing of the input and output data of (1) and (2), and
optimizing the output.

To sum up, the medical intelligent computing system can
be formally expressed as a seven-tuple:

Mc={P,T'c.X, (T, Tx,Pa)|i=1,2,....|P|}
P=SSwith algorithmIIl .A

T’ c=i—thcomputing  iteration

Xe=random variable (12)
T’ =i~thtransfer learning

T x=random distribution

P =intelligent computing set

According to the intelligent computing system defined by
formula (12), the following properties can be obtained.

» Property 1 for the intelligent computing system MC, t P,
is non-empty.

* Property 2 the absolute value of the difference of the
vector rank between P and P, can reflect the complexity
and intelligence of the intelligent computing system.

*  Property 3 The utility of MC in solving problem P U(P,
P.€0, 1]. IfU(P, P,) = 1, it means that the medical intelligent
computing system can completely solve the problem P. If
U(P, P,)=0, the medical intelligent computing system is
completely unable to solve the problem P. If 0 < U(P, P,) <
1, the medical intelligent computing system can partially
solve the problem P.

* Property 4 a pathological feature of cervical cancer set is
denoted by /= {i}, i, ..., ij, ..., | p| }. The cross-dimensional
weight of feature set I is denoted by W= {w, wy, ..., wj, ...,
w)p|}. Any subset of pathological features is denoted by

1= {;k,;k+1, ...,zk+u7...7;\ﬁ}. Subset/ is an intelligent

computational feasible solution of pathological feature set L.
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Meanwhile, the expected number of iterations of the subset 1

l
is calculated £ (I) = 17 Y Jrliw(" Y .
v=1

In addition, the rule codes of the above types of system
interfaces are described as follows:

(1) system call class
class Invoking

{

int P(id)

public: f(int Pid)
{1}

virtual void

M

(1PLIFs()

}

(2) input and output classes
class 10

{

intid; I(id)

Ti

C

private:
First interface
X(id)
Modeling
Invoking interface
Mapping id
{1}
updating random variable X(id)

TX

}

(3) transfer learning training function and feature extraction function:
class TL

Ti

L

instantiation of class Invoking
instantiation of class 10

public implementation:

subset / Implementation

{2}
Intelligent scheduling
(-}

computing Pa
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Figure 9 shows the metadata-driven adaptive reasoning
progress of the intelligent medical computing system. Here,
the matching module is helpful to improve reasoning efficien-
cy. The interfaces given in the above codes are directly con-
nected with adaptive reasoning modules. The training set of
transfer learning serves as the starting point of reasoning prog-
ress. The expectation of a subset ACTS as a corrective factor
for reasoning. P, serves as a reference frame for adaptive
scheduling. The data flow of the adaptive inference is shown
in Fig. 10.

System performance verification

The main contributions of this paper are the multi-scale time-
sharing elastic imaging algorithm, the design of cervical can-
cer clinicopathological features transfer learning algorithm
and the establishment of cervical cancer clinicopathological
intelligent computing system. In order to verify the perfor-
mance of the above algorithm and system, cervical cancer
pathological samples were taken as input and Matlab simulat-
ed medical ultrasound transmission/receiving imaging system.
C# realizes the medical intelligent computing system and
takes Matlab output as input. In order to simplify the simula-
tion model, we only consider the classification of experimen-
tal objects described in Table 3. Other parameters of the ex-
perimental environment are shown in Table 4.

For example, the accuracy of cervical cancer pathological
feature extraction (Fig. 11), the elasticity scoring error of cer-
vical cancer (Fig. 12), the lesion recognition rate (Fig. 13), and
the system execution efficiency (Fig. 14 a and b) were
compared.

Mapping

Metadata

subset

e —
————

Correction factor

wAISAS 20ud10§oY Surydredsiq

Fig. 9 Adaptive inference flow

o]

Metadata

Adaptive scheduli

Intefaces

jesqns

Pa

Fig. 10 Adaptive inferential data flow

Based on the above performance parameters, the following
three algorithms are respectively compared and analyzed with
single-scale Retinex (SSR). The migration learning (SSR-TL)
based on single-scale Retinex and the proposed algorithm
METS are described.

Figure 11 shows the single-scale Retinex (SSR) of the three
algorithms. Based on the single-scale Retinex, migration
learning (SSR-TL) and the proposed algorithm METS are
shown in the accuracy of cervical cancer pathological feature
extraction. With the increase of object classification, the accu-
racy of SSR-TL decreased significantly. This is because the
increase in the classification of experimental objects makes
the accuracy of single-scale image feature analysis not guar-
anteed. At the same time, SSR-TL performance also began to
decline, but better than SSR performance. This is because
transfer learning can make up for the deficiency of single
scale. However, both SSR-TL and SSR performed poorly
when the number of subjects was larger than 3. On the con-
trary, METS ‘advantage in multi-scale and transfer learning is
fully demonstrated. The scale of finite element data and low
dimensional multiscale are related to high dimensional
multiscale. The smaller the scale separation, the smaller the

Table 3 classification of

subjects statistics X P
The cases VI/III/IV 21 5
adenocarcinoma 86 35
Squamous cell carcinomas 41 34
Tumor size 11 0.5
Viscera metastasis 12 0.5
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Table 4 Experimental settings

parameter Value
The central frequency of the medical probe 8 MHz
Imaging of bandwidth 2.5 MHz
Image sweep band width 5 MHz
Number of ultrasound images of cervical cancer 245
Manually mark the image scale 35%
Real-time new image proportion [5, 15]%
Proportion of malignant tumors [1, 5]%
Proportion of benign tumors [1, 5]%

scale of finite element data, and the faster the iterative conver-
gence of low-dimensional multi-scale imaging. The larger the
scale separation, the larger the scale of finite element data, and
the faster the iterative convergence of high-dimensional multi-
scale imaging.

Figure 12 describes the three algorithms of single-scale
Retinex (SSR). Based on the single-scale Retinex, migration
learning (SSR-TL) and the proposed algorithm METS ‘per-
formance in the elasticity score error of cervical cancer. This
parameter can be used to evaluate the performance of the
algorithm. This performance has a direct impact on the per-
formance efficiency and spatial complexity of medical intelli-
gent computing systems. With the increase of the classifica-
tion of experimental objects, the requirements of multi-scale
analysis and cross-dimension analysis are higher and higher. It

is difficult for the single-scale algorithm to meet the expecta-
I

tion E(I) = 7 Y Jiwd 3" 7, of the number of iterations of the
v=1

subset.

As can be seen from the expected expression, the single-
scale algorithm is difficult to find a compromise point between
k and u. As a result, the elastic score has a serious jitter,
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Fig. 11 Accuracy of feature extraction
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Fig. 12 Elasticity score error

resulting in a large error. When the classification of subjects
was greater than 3, the errors of SSR and SSR-TL were 2
times higher than METS. The above performance improve-
ment is attributed to the normalization of cervical cancer path-
ological feature set and features of supervised metadata ma-
trix. The obtained eigenvectors are normalized so that the
cross-dimensional eigen components of the eigenvectors have
similar measurements at different levels of the migration
learning network. The normalization process adopts L2 norm
normalization method. Cervical cancer pathological feature
set is regarded as a matrix.

Figure 11 shows three algorithms with a single scale
Retinex (SSR). Based on the single scale Retinex, migration
learning (SSR-TL) and the proposed algorithm METS ‘per-
formance in the recognition rate of lesions. As the classifica-
tion of subjects increased, the recognition rates of SSR, SSR-
TL and METS decreased. When the number of subjects was
less than 3, the difference between the recognition rate of
SSR-TL and METS was less than 3%. However, when the
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J Med Syst (2019) 43: 310

Page 11 of 12 310

100¢ —
& ¢
Z 95f ——SSR
= ——SSR-TL
)
c
S 85
=]
3
s 80r
5
5 757
> 1
w
701 2 3 4 5

Classification of experimental subjects

(a) Sample size

[ .
S
> ——SSR
¢ 90f ——8SR-TL
2 ——METS
0 8o
c
S
3
S 70t
x
L
§ 6ol
[
>
w
% 5 10 15

Real-time new image proportion /%

(b) Real-time new image proportion

Fig. 14 System Execution Efficiency

number of subjects was greater than 3, the disadvantages of
SSR and SSR-TL were obvious. For SSR-TL, even if the
accuracy of sample set is improved by migration learning,
the recognition rate of lesions is very small. For the patholog-
ical characteristics of cervical cancer in the METS system, we
designed the characteristics of different levels of the migration
learning network and its migration sensitivity and correspond-
ing generalization ability. Among them, the bottom layer of
the migration learning model evolves the type and scale of
input variables into the migration sensitivity. In the application
of migration learning in cervical cancer pathological feature
extraction and screening, a linear mapping relationship was
established between multi-source tasks and the training data
set of migration learning network, and the redundancy of fea-
ture space caused by cross-dimensional supervised learning
was also considered. However, the migration learning of

SSR-TL could not achieve the above effect, so the perfor-
mance of SSR-TL would decline due to the complexity of
experimental classification (Fig. 13).

Figure 14 describes three algorithms with a single scale
Retinex (SSR). Based on the single scale Retinex, migration
learning (SSR-TL) and the proposed algorithm METS ‘per-
formance in the execution efficiency of the medical comput-
ing system. We discuss the effects of sample size and the
number of experimental objects on the performance of the
system. As can be seen from Fig. 14 a, with the increase of
sample size, the system execution efficiency of SSR first
remained unchanged, and then decreased sharply. This is be-
cause the system is difficult to meet the requirements of fea-
ture modeling, extraction and imaging of large-scale samples.
However, SSR-TL can better meet the above performance.
But the gap with METS is growing. The difference ranges
from about 5% at the top to about 1% at the bottom. The
special feature is that as the proportion of real-time new im-
ages increases, the METS ‘advantage is more obvious. The
adaptive inference flow shown in Fig. 9 and the data flow
shown in Fig. 10 can explain the basis of this advantage.

Conclusions

On the one hand, in order to reduce the data dimension and
imaging error, this paper designs a multi-scale time-sharing
elastic imaging algorithm. The algorithm can also reduce the
time of high-resolution image reconstruction and meet the
high requirement of data sample feature extraction. On the
other hand, in order to eliminate the long queue of large-
scale burst imaging tasks and the long establishment time of
imaging data set, this paper proposed the transfer learning
algorithm of clinical and pathological characteristics of cervi-
cal cancer based on the results of statistics and analysis of
cervical cancer case characteristics and the difficulties in cer-
vical cancer feature modeling. This paper established a med-
ical intelligent computing system with high efficiency and
reliability for the pathological analysis and calculation of cer-
vical cancer. The system can optimize the time complexity of
data dictionary imaging method and minimize the computa-
tional complexity of image reconstruction according to the
multi-layer and multi-dimensional computing architecture.
The experimental results show that the proposed algorithm
performs well in such aspects as accuracy of cervical cancer
pathological feature extraction, elasticity scoring error of cer-
vical cancer, lesion recognition rate and system execution
efficiency.
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