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In order to reduce the subjectivity of preoperative diagnosis and achieve accurate and rapid classiﬁcation of idiopathic scoliosis
and thereby improving the standardization and automation of spinal surgery diagnosis, we implement the Faster R-CNN and
ResNet to classify patient spine images. In this paper, the images are based on spine X-ray imaging obtained by our radiology
department. We compared the results with the orthopedic surgeon’s measurement results for veriﬁcation and analysis and
ﬁnally presented the grading results for performance evaluation. The ﬁnal experimental results can meet the clinical needs, and
a fast and robust deep learning-based scoliosis diagnosis algorithm for scoliosis can be achieved without manual intervention
using the X-ray scans. This can give rise to a computerized-assisted scoliosis diagnosis based on X-ray imaging, which has
strong potential in clinical utility applied to the ﬁeld of orthopedics.

1. Introduction
Adolescent idiopathic scoliosis (AIS) is the most common
three-dimensional spinal deformity, accounting for about
80% of the total number of idiopathic scoliosis. In my country, the prevalence of scoliosis is still increasing year by year
[1]. The incidence rate among 6-year-old adolescents is 1%3%, which not only seriously aﬀects the physical appearance
of adolescents but also impairs their respiratory function,
motor function, mental state, and overall quality of life. In
addition, spinal surgery is time-consuming and risky, and
the instruments used for surgical correction are complicated,
diﬃcult, traumatic, and complicated (major orthopedic surgery). Moreover, the preoperative diagnosis is subjective,
which can lead to diﬀerent diagnoses. Therefore, how to
standardize and automate the diagnosis of spine surgery is
the signiﬁcance of this paper.

Generally, orthopedic surgeons manually measure and
calculate the Cobb (which relates to the surgeon by the name
of John Robert Cobb) angle according to the shape of the
spine presented by the X-ray ﬁlm taken by the patient to
determine whether the patient has scoliosis and its severity.
Judging from the current research status of the Cobb angle
measurement method of scoliosis images, the Cobb angle
measurement method has been researched and applied to a
certain extent, but more are based on manual and semiautomatic measurement methods proposed for the Cobb angle
measurement of scoliosis images. Now, the manual measurement of Cobb angle for scoliosis images still has certain
shortcomings and challenges. Notably, manual diagnosis
method will increase the workload of the doctor at the same
time and waste a large amount of medical resources. With
the continuous development of computer hardware and artiﬁcial intelligence technology, computer-aided diagnosis
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based on deep learning has become an important means to
assist doctors [2], and certain results have been achieved,
which provides a new direction for the medical status of scoliosis diseases. In this paper, we choose X-ray imaging and
study the screening method for scoliosis diseases based on
the convolutional neural network [3].

2. Methods
2.1. Target Localization Method Based on Convolutional
Neural Network
2.1.1. Faster R-CNN Model (Target Localization Model in the
Spine Area) Construction. The Faster R-CNN model [4] consists of two parts: region proposal networks (RPN) and fast
region-based convolutional network method (Fast RCNN). The Faster R-CNN used in this paper obtains the feature map through the basic network structure composed of
multiple layers of conv and ReLU (small 5-layer deep ZF
network model with low video memory requirements or
large 16-layer deep VGG-16 network model with high video
memory requirements), and the feature map is shared in the
following two parts of the network. The ﬁrst part is to input
the feature map into the RPN to get the region proposal on
the feature map. The second part uses Fast R-CNN to classify and accurately locate the region proposal. Finally, the
location information and category information of the target
can be obtained. Figure 1 shows the detailed network structure of the spine X-ray image positioning based on Faster RCNN.
The experimental data used in this paper is the X-ray
image of the patient’s spine, and the size of the image is
224 × 224 × 3 (3 is the number of channels of the image).
A 5-layer deep ZF network is used to extract features,
including 5 conv layers, 2 ReLU layers, 2 LRN layers, and
2 maxpool layers. As shown in Figure 1, each conv layer is
connected to the ReLU layer, using the ReLU activation
function [5].
The basic structure of the ﬁrst depth of the Faster RCNN has four layers. The ﬁrst layer is the conv layer, consisting of 96 7 × 7 × 3 convolution kernels, using stride as
2, padding as 3, and get a result of size 112 × 112 × 96; the
second layer is the ReLU layer, and the size of the output
result is still 112 × 112 × 96; the third layer is the LRN layer,
drawing on the concept of lateral inhibition in biology to
achieve local inhibition in the neural network. LRN is used
in conjunction with ReLU to enhance pixels with large
response, suppress pixels with small response, achieve local
normalization, improve the generalization ability of the network, and improve the recognition rate; the fourth layer is
the maxpool layer, using a 3 × 3 pooling window, stride is
2, padding is 1, and the size of the output result is 56 × 56
× 96. The structure of the second layer depth of the network
is the same as the ﬁrst depth. The ﬁrst layer conv layer uses
256 5 × 5 × 3 convolution kernels, stride is 2, padding is 2,
and the size of the result is 28 × 28 × 256; the second layer
is the ReLU layer; the third layer is the LRN layer; the fourth
layer is the maxpool layer, using a 3 × 3 pooling window,
stride is 2, padding is 1, and the size of the output result is
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28 × 28 × 256. The third layer depth, fourth layer depth,
and ﬁfth layer depth of the network have the same structure.
They all use the basic conv layer combined with the ReLU
layer. The conv layer uses 384, 384, and 256 3 × 3 convolution kernels, respectively, stride is 1, padding is 1, and the
depths of the third and fourth layers of the network are both
14 × 14 × 384. The ﬁfth layer depth of the network gets a
result with a size of 14 × 14 × 256. Therefore, through the
calculation of a simple neural network, a 14 × 14 × 256 feature map is ﬁnally obtained.
The RPN is composed of a simple convolutional neural
network. First, convolution is performed through 256 3 × 3
convolution kernels to produce a result of 14 × 14 × 256.
Then pass two 1 × 1 convolution kernels to form two
branches. The ﬁrst branch is composed of 18 convolution
kernels and produces a result of 14 × 14 × 18
(14 × 14 × ð9 × 2Þ: 9 anchors, each with two parameters, representing the foreground and background, a total of 18
dimensions). The second branch is composed of 36 convolution kernels and produces a result of 14 × 14 × 36
(14 × 14 × ð9 × 4Þ: 9 anchor boxes, each with four parameters, representing the coordinate center, width, and height
of the anchor boxes, a total of 36 dimensions). Before entering the ROI Deﬁnition network, reshape the result obtained
from the ﬁrst branch (while changing the dimension of the
input data without changing the data content) to obtain
the required vector.
The RPN is composed of a three-layer network of softmax, reshape, and proposal to generate ROI Deﬁnition.
Input the 18-dimensional feature vector into softmax to get
the probability that each anchor box is foreground and not
foreground. After the calculation of this layer is completed,
the calculation result is reshaped again to obtain a vector
of 14 × 14 × 18. The input of the Deﬁnition layer includes
the original image (224 × 224 × 3), the vector obtained from
the previous layer, and the result obtained by the second
branch of the eighth layer depth, as shown in Figure 2.
According to the overlap ratio of the real boxes and the predicted boxes, a candidate set of the boxes is generated, and
the boxes that exceed the edge and the boxes that do not
meet the overlap criterion are discarded.
The R-CNN is composed of ROI pooling, softmax, and
four fully connected layers. The feature map and the anchor
boxes calculated by the RPN are input to the ROI pooling
layer, the feature of the anchor boxes is calculated, and the
fully connected layer and the softmax layer are connected.
The pooling parameters of this layer are 6 × 6, stride is 6,
and the spatial scale is selected to be 1/16 of the original
image. The maximum pooling is still selected. Finally, a 6
× 6-dimensional feature vector is obtained. Each anchor
area has four parameters, which represent the position information relative to the original image ½x1 , y1 , x2 , y2 . To input
the result into the ﬁnal classiﬁcation network, only four fully
connected layers and one softmax layer are needed. The fully
connected layers fc6 and fc7; both use the dropout method
to reduce the parameters in the connected layer with a certain probability and reduce the calculation amount of the
model [6]. Then connect the fully connected layers boxes_
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Figure 1: Network structure diagram of spine image positioning based on Faster R-CNN.
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Figure 3: The expression of anchor boxes in the CT image.

pred and cls_score, respectively. boxes_pred outputs the
position information of the precise target box, and cls_score
connects the softmax layer to output the probability of the
category corresponding to each target, as shown in Figure 3.
The RPN obtains preliminary anchor boxes after passing
the IoU restrictions. These anchor boxes cannot correctly
detect the position of the target. If you ﬁne-tune the anchor
boxes, you can get anchor boxes that are more similar to the
ground truth bound so that the frame position information
will be more accurate. This paper uses bounding-box regression to ﬁne-tune the anchor boxes. In the current algorithm,
input N sets of data fðPi , Gi Þg where i = 1, 2, ⋯, N, of which
Pi = ðPix , Piy , Piw , Pih Þ, Gi = ðGix , Giy , Giw , Gih Þ. As shown in
Figure 4, G represents the ground truth bound, and P represents the anchor boxes ﬁltered out.
The idea of bounding-box regression is to input the four
values of G = ðGx , Gy , Gw , Gh Þ of the ground truth bound
and the four values of P = ðPx , Py , Pw , Ph Þ of the anchor
boxes to represent the center coordinates, width, and height
of the input box and continue to learn to ﬁnd the appropriate function f so that ðGx , Gy , Gw , Gh Þ = f ðPx , Py , Pw , Ph Þ
̂ as close to the real winand make the prediction window G
dow G as possible. Four transformation methods dx ðPÞ, d y ð
PÞ, d w ðPÞ, d h ðPÞ are used, where dx ðPÞ, d y ðPÞ refer to the
translation of the center position without changing the scale,
and d w ðPÞ, d h ðPÞ are the translation of the width and height
of the speciﬁed anchor boxes. Mainly by learning Equation
(1), the network translates and zooms the screened anchor
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Figure 4: Schematic diagram of border regression.

boxes to obtain the position information of the prediction
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In Equation (1), d∗ ðPÞ = wT∗ φðPÞ where ∗ represents x,
y, w, h. When the anchor boxes are close to the ground truth
bound, they can become a linear function to achieve regression. The objective function of the regression is deﬁned
according to the training data ðP, GÞ. As in Equation (2),
the translation scale and scaling scale ðt x , t y , t w , t h Þ of the
optimized model can be obtained.
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Linear regression is Y = WX, input vector X, and continuously learn parameter W so that output Y ′ is constantly
close to the true value Y. In d∗ ðPÞ = wT∗ φðPÞð∗represents x
, y, w, hÞ in this paper, φðPÞ is the linear feature vector
obtained by convolution operation, and w∗ is a vector used
to represent the parameters that can be learned in the model.
The calculation formula of w∗ is Equation (3), which is
learned by the least square method of optimization regularization.
N

  2
w∗ = arg min 〠 t i∗ − w
̂ T∗ ϕ Pi
+ λkw
̂ ∗ k2 :
̂+
w

i

ð3Þ

For the Faster R-CNN training method, this paper uses a
5-layer ZF network and adopts the 4-step alternating training method to train the spine images of patients with scoliosis. Such a method can optimize training parameters and
improve network eﬃciency. The training process of the
entire Faster R-CNN can be divided into four stages, as
shown in Figure 5.
(1) Use the ﬁrst 5 layers of basic network (conv+ReLU)
in the ZF network model to extract the required feature map to train the RPN 1 network model of stage
1
(2) Still use the ﬁrst 5 layers of the basic network (conv
+ReLU) in the ZF network model, but use the output
of the RPN 1 network model (region proposal) as the
input of the training network, and train the Fast RCNN 1 network model of stage 1. At this stage,
RPN and Fast R-CNN do not share convolutional
layers
(3) Use the Fast R-CNN 1 network parameters of stage 1
to reinitialize the RPN model, ﬁne-tune the unique
network layer in RPN, and generate the RPN 2 network model of stage 2. In this way, the two networks
of RPN and Fast R-CNN can share the convolutional
layer and reduce the number of parameters
(4) Fix the shared convolutional layer, and merge the
PRN 2 network model generated by stage 2 with
the unique layer in the Fast R-CNN model to form
a uniﬁed network. Continuous iteration, ﬁnetuning the unique parameters of the Fast R-CNN
model, and ﬁnally generating the required target
positioning model
2.1.2. ResNet Model (Grading Screening Model for Scoliosis
Disease) Construction. The ResNet (residual network) convolutional neural network consists of 5 groups of convolutions. Since the number and parameters of each group of
convolutions are diﬀerent, a ResNet convolutional neural
network with diﬀerent layers is formed. There are ﬁve forms:
ResNet18, ResNet34, ResNet50, ResNet101, and ResNet152.
As shown in Figure 6, all ResNet convolutional neural
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Figure 5: Faster R-CNN training process diagram.
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Figure 6: Scoliosis hierarchical network structure diagram based on ResNet.

networks include three main parts: the input part, the convolution part of each stage in the middle (the blue box in
the ﬁgure contains four stages from Conv2_x to Conv5_x),
and the output part. Although there are diﬀerent variants
of ResNet convolutional neural networks, they basically follow the structural characteristics shown in the ﬁgure. The
number of network layers is diﬀerent, mainly because of
the diﬀerences in the number of convolutional parameters
and building block parameters in the middle groups.
As shown in Figure 6, the input part of the ResNet convolutional neural network is composed of conv layer, batch
normalization (batch norm, BN) layer, ReLU layer, and
maxpool layer. The experimental data used in this paper is
the medical image of the patient’s spine area generated by
the Faster R-CNN. The size of the image is 128 × 128 × 3

(3 is the number of image channels). The ﬁrst layer of the
input part is the conv layer, which is composed of 64 7 × 7
× 3 convolution kernels, using stride as 2, padding as 3,
and getting a result of size 65 × 65 × 64; the second layer is
the BN layer, called the batch normalization layer, which
can accelerate the convergence speed of the network,
improve the gradient dispersion in the network, and prevent
the network from overﬁtting. It is generally used after the
convolutional layer; the third layer is the ReLU layer, and
the output result is still 65 × 65 × 64; the fourth layer is the
maxpool layer, using a 3 × 3 pooling window, stride is 2,
no padding, and the output result is 32 × 32 × 64.
The second to ﬁfth depths of the network are composed
of diﬀerent numbers of building blocks. Diﬀerent numbers
of building blocks can form convolution operations of
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Figure 7: ResNet structure details.

diﬀerent depths (as shown in Figure 7, the four stages of
convolution operations in the blue box). The data in the
red box in Figure 7 f2, 2, 2, 2g, f3, 4, 6, 3g, f3, 4, 6, 3g, f3, 4
, 23, 3g, and f3, 8, 36, 3g are the repeated stacking times of
building blocks in ResNet18, ResNet34, ResNet50,
ResNet101, and ResNet152, respectively. For example,
ResNet50 is composed of an input layer, each module from
Conv2_x to Conv5_x corresponding to {3, 4, 6, 3} repeated
stacking, and the ﬁnal output layer (calculation process: 1
+ 3 × 3 + 3 × 4 + 3 × 6 + 3 × 3 + 1 = 50). As you can see in
Figure 7, there are two diﬀerent forms of building blocks
(purple boxes in the ﬁgure). They are the two-layer computing building block in ResNet18 and ResNet34 and the threelayer computing building block in ResNet50, ResNet101,
and ResNet152.
Figure 8 shows the detailed structure diagram of diﬀerent building blocks. Figure 8 (left) shows the original building block structure. The input feature map is divided into
two data streams. One data stream undergoes two 3 × 3 convolution operations. After the ﬁrst layer of convolution operation, there is a ReLU operation. The number of convolution
kernels is 64. The stride is 1, the padding is 1, and the output
result is 32 × 32 × 64. The other data stream is the input
data, 32 × 32 × 64; both have the same dimension and can
be added directly across two levels so that the ReLU calculation can be output to the next building block structure.
Figure 8 (right) shows that the building block structure
introduces 1 × 1 convolution. Through the 1 × 1 convolution
operation, the feature map can be arbitrarily increased or
reduced in dimension while keeping the size of the feature
map unchanged, which reduces the complexity of the convolution operation. The input feature map is still divided into

two data streams. One data stream is subjected to threelayer convolution operations. The ﬁrst layer is 64 1 × 1 convolution kernels, using stride as 1, no padding, and the output result is 32 × 32 × 64. Then, perform a ReLU operation;
the second layer is 64 3 × 3 convolution kernels, using stride
as 1, padding as 1, and the output result is 32 × 32 × 64, performing a ReLU operation; the third layer is 256 1 × 1 convolution kernels, using stride as 1, no padding, and the
output result is 32 × 32 × 256. The other data stream is the
input data. After 256 1 × 1 convolution cores, the original
32 × 32 × 64 is upgraded so that the data dimensions in the
two data streams are the same, and they are directly added
across three levels to perform ReLU calculations. Then, these
are output to the structure of the next building block.
2.1.3. Stochastic Gradient Descent Method in ResNet Model.
In the ResNet convolutional neural network, the method of
batch stochastic gradient descent [7] is generally selected
for training. In this way, it is possible to avoid gradient oscillations or falling into local optimal conditions to a certain
extent. In ResNet convolutional neural network, the objective function is generally concave function. The gradient
descent algorithm is to ﬁnd the smallest point in the concave
function through continuous calculation. Derivatives are
very useful for maximum or minimum problems in functions. For the function y = f ðxÞ, the derivative is denoted
as f ′ ðxÞ. Use a suﬃciently small ε to make f ðx − ε sign ð f ′
ðxÞÞ smaller than f ðxÞ, so move a small step in the opposite
direction of the derivative to reduce f ðxÞ. This technique is
gradient descent. The gradient descent method used in this
paper is the stochastic gradient descent algorithm. Its core
idea is to randomly select a small sample of B = fxð1Þ , ⋯,
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Figure 9: Four-classiﬁcation model for scoliosis disease.
Table 1: Statistical table of samples of X-ray images of the patient’s
spine.
Cobb
angle
°

Category
°

0 ~10
11°~25°
26°~45°
>45°

No disease
Mild scoliosis disease
Moderate scoliosis
disease
Severe scoliosis disease

Number of
samples

Label

991
890

1
2

820

3

899

4

xðm ′ Þ g from the training set, and the value of m ′ is generally
small. When the entire training set m grows, m ′ is ﬁxed. In
this way, only m ′ samples are needed for each update, which
greatly reduces the computational cost of a large training set.
The calculation process of the gradient is Equation (4). The
calculation process of stochastic gradient descent is Equation
(5), where ε is the learning rate.
g=

1
m′

m′ 

∇θ 〠 L xðiÞ , yðiÞ , θ ,

ð4Þ

i=1

θ ⟵ θ − εg:

ð5Þ

2.2. Patient’s Spine Image Data and Screening. The X-ray
images of the patient’s spine used in this paper were col-

lected over a period of nearly 3 years from 2019 to 2021.
There are two diﬀerent labels for scoliosis screening data.
One is used as a four-classiﬁcation model for scoliosis disease, as shown in Figure 9, including no disease (Cobb angle
is 0°-10°), mild scoliosis (Cobb angle is 11°-25°), moderate
scoliosis (Cobb angle is 26°-45°), and severe scoliosis
(Cobb angle > 45° ) [8], as shown in Table 1. The other is
based on the actual needs of patients with scoliosis, with
three levels of two categories. Among them, the binary classiﬁcation model of scoliosis disease is to check whether the
patient is sick; the binary classiﬁcation model of mild scoliosis disease is to check whether the patient has mild scoliosis
disease; the binary classiﬁcation model of severe scoliosis
disease is to judge whether the patient has severe scoliosis
disease, as shown in Figures 10–12. In this paper, in order
to eﬀectively judge the degree of scoliosis in patients, a large
number of comparative experiments have been carried out,
and diﬀerent experimental data have been used. A total of
6834 X-ray images of the patient’s spine were used in this
paper. After preprocessing the data, excluding duplicate data
and poor quality data, there are a total of 3600 experimental
data.
In order to have all the data used as the training set and
test set, increase the reliability of the model, improve the
generalization ability of the model, and avoid problems such
as overﬁtting of the model; the experiments in this paper
adopt the fourfold cross-validation method for training
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Table 2: Faster R-CNN fourfold cross-validation data allocation table.
Faster R-CNN model

Model 1

Model 2

Model 3

Model 4

Target

Spine
2700
(2, 3, 4)
900
(1)

Spine
2700
(1, 3, 4)
900
(2)

Spine
2700
(1, 2, 4)
900
(3)

Spine
2700
(1, 2, 3)
900
(4)

Number of samples in the training set (sample label)
Number of samples in the test set (sample label)

Table 3: Fourfold cross-validation data allocation table for scoliosis disease binary classiﬁcation.
Model 1
(1982)

Model 2
(1982)

Model 3
(1982)

Model 4
(1982)

1534
(768/322)
(322/322)
448
(223/75/75/75)

1537
(768/323)
(323/323)
445
(223/74/74/74)

1537
(768/323)
(323/323)
445
(223/74/74/74)

1538
(769/323)
(323/323)
444
(222/74/74/74)

Scoliosis disease binary classiﬁcation ResNet50 model
Number of samples in the training set
(1/2 sample size)
(3/4 sample size)
Number of samples in the test set
(1/2/3/4 sample size)

Table 4: Fourfold cross-validation data allocation table for mild scoliosis disease binary classiﬁcation.
Model 1
(1780)

Model 2
(1780)

Model 3
(1780)

Model 4
(1780)

1384
(692/346/346)
396
(198/99/99)

1384
(692/346/346)
396
(198/99/99)

1385
(693/346/346)
395
(197/99/99)

1387
(693/347/347)
393
(197/98/98)

Mild scoliosis disease binary classiﬁcation ResNet50 model
Number of samples in the training set
(2/3/4 sample size)
Number of samples in the test set
(2/3/4 sample size)

Table 5: Fourfold cross-validation data allocation table for severe scoliosis disease binary classiﬁcation.
Severe scoliosis disease binary classiﬁcation ResNet50 model

Model 1
(1719)

Model 2
(1719)

Model 3
(1719)

Model 4
(1719)

Number of samples in the training set
(3/4 sample size)
Number of samples in the test set
(3/4 sample size)

1339
(640/699)
380
(180/200)

1339
(640/699)
380
(180/200)

1339
(640/699)
380
(180/200)

1340
(640/700)
379
(180/199)

Table 6: Actual testing situation table.
True positive (TP)
False positive (FP)
True negative (TN)
False negative (FN)

and testing. Fourfold cross-validation [9–14] refers to the
use of the nonrepetitive sampling method in simple random
sampling to divide the entire data into four parts; each of
which three parts is selected for training the model, and
the other one is used for testing the model. In this way, four
model training can be performed, four models can be
obtained, and four sets of test results can be obtained.
Veriﬁcation of the target positioning of the spine area is
shown in Table 2. In the table, no disease, mild scoliosis disease, moderate scoliosis disease, and severe scoliosis disease

Predicted scoliosis disease and actual scoliosis disease
Predicted scoliosis disease and actually no scoliosis disease
Predict no scoliosis disease and actually no scoliosis disease
Predict no scoliosis disease and actually have scoliosis disease

[15–19] are represented by 1, 2, 3, and 4, respectively. Model
1, Model 2, Model 3, and Model 4 are four models generated
by the fourfold cross-validation.
In order to verify the scoliosis classiﬁcation screening
experiment, the training data and test data distribution of
the scoliosis disease binary classiﬁcation model, mild scoliosis disease binary classiﬁcation model, and severe scoliosis
disease binary classiﬁcation model is shown in Tables 3–5.
In the table, no disease, mild scoliosis disease, moderate scoliosis disease, and severe scoliosis disease are represented by
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Table 7: Main evaluation indicators.

Sensitivity TPR
Speciﬁcity TNR
FNR
FPR
Precision

TP
TP + FN
TN
FP + TN
FN
TP + FN
FP
FP + TN
TP
TP + FP

1, 2, 3, and 4, respectively. Model 1, Model 2, Model 3, and
Model 4 are four models generated by the fourfold crossvalidation.

classiﬁcation model of scoliosis disease, there is scoliosis disease, which is called positive, and there is no scoliosis disease, which is called negative. In the actual data detection
process, four situations will occur, as shown in Table 6.
Sensitivity can also be called recall rate or true positive
rate (TPR). The speciﬁcity is the proportion of all samples
without scoliosis that are predicted to be free of scoliosis.
The abscissa of the ROC curve is FPR, which is the proportion of all samples without scoliosis that are predicted to
have scoliosis. The ordinate of the ROC curve is TPR, which
is the proportion of all samples with scoliosis that are predicted to have scoliosis and actually have scoliosis. Ideally,
it is expected that FPR is 0 and TPR is 1. If the value of
AUC is 1, it is an ideal classiﬁer, and the classiﬁcation eﬀect
is perfect. Therefore, the closer the AUC value is to 1, the
better the classiﬁcation eﬀect. The calculation process of
the main evaluation indicators is shown in Table 7.

3. Results
2.3. Classic Feature Extraction Method and SVM Classiﬁer.
In order to make the experiment more convincing, this
paper uses traditional machine learning methods and Support Vector Machine (SVM) classiﬁers as comparative
experiments to verify the eﬀect of using Faster R-CNN and
ResNet convolutional neural network in the grading experiment of scoliosis disease. This experiment uses the feature
extraction of the texture feature and Local Binary Pattern
(LBP) to detect the region of interest and uses the SVM classiﬁer to classify scoliosis disease in detail.
Texture feature is used to describe the relationship
between diﬀerent pixels in an image. This paper uses the calculation of a single point pixel and its surrounding point
pixels to extract the texture features of the image.
Local Binary Pattern (LBP) can describe the local texture
features of the image and extract the local features of the
image through diﬀerent LBP operators. This paper uses the
traditional LBP calculation method, deﬁnes a 3 × 3 window,
sets the gray value of the center of the window as a threshold, and compares the gray values of the 8 pixels around
the center with it. If the pixel value is greater than the center,
it is marked as 0; otherwise, it is marked as 1. In this way, an
8-bit binary number can be obtained, that is, the LBP code of
the center pixel (usually the 8-bit binary code is converted to
a decimal code). This paper uses the decimal code of the center pixel to reﬂect texture information and complete feature
extraction.
Support Vector Machine (SVM) is a binary classiﬁcation
classiﬁer commonly used in machine learning. Using this
method, this paper ﬁts three binary classiﬁcation problems
of scoliosis disease. In a speciﬁc data set, manually label positive and negative samples, ﬁnd a hyperplane, separate two
diﬀerent types of samples as much as possible, and ﬁnd the
optimal decision surface for data classiﬁcation. For the
binary classiﬁcation problem of medical images, this paper
uses Receiver Operating Characteristic (ROC) curve and
Area Under the Curve (AUC) to evaluate the pros and cons
of the binary classiﬁcation classiﬁer. The data can be divided
into positive samples and negative samples. In the binary

Figure 13 shows the four-level labels of the scoliosis screening data, which are operated spine, mild scoliosis, moderate
scoliosis, and severe scoliosis.
For the binary classiﬁcation model of scoliosis disease,
from the overall point of view of image classiﬁcation, the
combination of Faster R-CNN and ResNet convolutional
neural network has the best classiﬁcation eﬀect. The AUC
value is 0.9087, which fully illustrates that the combination
of Faster R-CNN and ResNet convolutional neural network
has a better classiﬁcation eﬀect on scoliosis diseases than traditional machine learning methods. The texture features of
the image are TX, combined with the SVM classiﬁer, and a
good classiﬁcation result is also obtained, with an AUC value
of 0.8553. The combination of LBP and SVM classiﬁer has
the worst eﬀect, with an AUC value of 0.8142.
In Figure 14, for the binary classiﬁcation model of mild
scoliosis disease, the combination of Faster R-CNN and
ResNet convolutional neural network has the best classiﬁcation eﬀect, with an AUC value of 0.8659. The TX of the
image combined with the SVM classiﬁer also got a good
classiﬁcation result, with an AUC value of 0.8884. The combination of LBP and SVM classiﬁer has an AUC value of
0.8432.
For the binary classiﬁcation model of severe scoliosis disease, the combination of Faster R-CNN and ResNet convolutional neural network has the best classiﬁcation eﬀect,
and the AUC value is 0.8603. The combination of LBP and
SVM classiﬁer also got a good classiﬁcation result, with an
AUC value of 0.8316. The TX of the image, combined with
the SVM classiﬁer, has the worst eﬀect, with an AUC value
of 0.8219.
It can be seen from Tables 8–10 that the binary classiﬁcation model of scoliosis disease, the binary classiﬁcation
model of mild scoliosis, and the binary classiﬁcation model
of severe scoliosis using Faster R-CNN combined with
ResNet convolutional neural network are better than using
traditional feature extraction combined with SVM classiﬁer
in terms of accuracy, sensitivity, and speciﬁcity.
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Figure 13: Classiﬁcation of scoliosis by Faster R-CNN and ResNet.
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Figure 14: ROC curve of (a) nonsevere and (b) severe scoliosis disease binary classiﬁcation model comparison experiment.

4. Discussion
In this paper, we use the method of combining traditional
feature extraction and SVM classiﬁer to conduct comparative experiments. Analysis of the experimental results shows
that the combination of Faster R-CNN and ResNet50 convolutional neural network has a better screening eﬀect for scoliosis diseases. The ﬁnal experimental results can meet
clinical needs.

At present, the preoperative diagnosis of Lenke [20–24]
type surgery for idiopathic scoliosis in major domestic hospitals is performed by doctors observing the patient’s spine
X-rays, using markers and rulers to manually measure the
Cobb angle for diagnosis. Diﬀerent doctors may have deviations in the observation results, and the angle of measurement will also change, so there will be errors between
observers. However, the same doctor may have diﬀerent
measurement results every time the same patient is
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Table 8: Quantitative index results of scoliosis disease binary
classiﬁcation model.
Faster R-CNN+ResNet

TX+SVM

LBP+SVM

0.9132
0.8722
0.9140

0.7554
0.7426
0.7856

0.7123
0.6721
0.8576

Precision
Sensitivity
Speciﬁcity

Table 9: Quantitative index results of mild scoliosis disease binary
classiﬁcation model.
Faster R-CNN+ResNet

TX+SVM

LBP+SVM

0.8693
0.8415
0.9336

0.7780
0.7540
0.7461

0.7397
0.6902
0.7373

Precision
Sensitivity
Speciﬁcity

Table 10: Quantitative index results of severe scoliosis disease
binary classiﬁcation model.
Faster R-CNN+ResNet

TX+SVM

LBP+SVM

0.8243
0.8604
0.9352

0.7545
0.7212
0.7853

0.7784
0.7203
0.8839

Precision
Sensitivity
Speciﬁcity

measured, so there are errors within the observer. The error
between the observer and the observer aﬀects the accuracy of
the operation. The main reason is that the angle is manually
measured. In order to replace the doctor in the Cobb angle
measurement and classiﬁcation, to achieve accurate and
rapid classiﬁcation of idiopathic scoliosis, this paper uses a
popular deep learning framework and validates and analyzes
the results measured by doctors under the test set and shows
the classiﬁcation results. The ﬁnal experimental results can
meet clinical needs. A new algorithm for scoliosis diagnosis
based on deep learning that is fast and robust without manual deﬁnition is obtained. Note that predictive control algorithms [25, 26] can be used to improve medical image
diagnostics and facilitate treatment procedures.

5. Conclusion
This paper includes two parts: the location of the region of
interest in the X-ray image of the patient’s spine and the
detailed classiﬁcation of scoliosis disease using X-ray imaging. In the study of locating the region of interest in the
upright image of the patient’s spine, this paper chooses the
Faster R-CNN convolutional neural network to locate the
patient’s spine region. In the grading study of scoliosis diseases, this paper ﬁrst combines the clinical experience of
orthopedics experts and divides the patients into four grades
according to the size of the Cobb angle of the spine. At the
same time, the ResNet convolutional neural network is used
to classify scoliosis diseases in detail, and then, the network
is optimized. Finally, this paper compares the convolutional
neural network method and the classic feature extraction
method in machine learning (texture composite features,
local binary mode) with the combination of Support Vector

Machine (SVM) method, which increases the reliability of
the model and improves the generalization ability of the
model. From the research results, the combination of Faster
R-CNN and three ResNet binary classiﬁcation models studied in this paper can be used as a reference for orthopedic
surgeons to diagnose scoliosis diseases.

Data Availability
Data are available on request from the authors due to privacy/ethical restrictions.

Consent
All human subjects in this study have given their written
consent for the participation of our research.

Conflicts of Interest
The authors declare no conﬂict of interests in this paper.

Authors’ Contributions
Peiji Chen and Zhangnan Zhou contributed equally to this
work.

References
[1] Z. Cai, R. Wu, S. Zheng, Z. Qiu, and K. Wu, “Morphology and
epidemiological study of idiopathic scoliosis among primary
school students in Chaozhou, China,” Environmental Health
and Preventive Medicine, vol. 26, no. 1, pp. 54-55, 2021.
[2] L. Deng and D. Yu, “Deep learning: methods and applications,” Foundations & Trends in Signal Processing, vol. 7,
no. 3, pp. 197–387, 2013.
[3] Y. Lecun, B. Boser, J. S. Denker et al., “Backpropagation
applied to handwritten zip code recognition,” Neural Computation, vol. 1, no. 4, pp. 541–551, 1989.
[4] S. Ren, K. He, R. Girshick, and J. Sun, “Faster R-CNN: towards
real-time object detection with region proposal networks,”
vol. 26, no. 1, pp. 28–30, 2015.
[5] B. Digvijay, S. S. Dey, and L. Guanghui, “Complexity of training ReLU neural network,” Discrete Optimization, vol. 60,
no. 6, article 100620, 2020.
[6] H. Wu and X. Gu, “Towards dropout training for convolutional neural networks,” Neural Information Processing,
vol. 71, pp. 1–10, 2015.
[7] T. Ferguson, “An inconsistent maximum likelihood estimate,”
Publications of the American Statistical Association, vol. 77,
no. 380, pp. 831–834, 1982.
[8] P. Dayan and L. F. Abbott, “Theoretical neuroscience,” Computational & Mathematical Modeling of Neural Systems,
vol. 6, no. 1, pp. 54-55, 2001.
[9] M. Subhabrata and S. C. Basak, “Beware of Naïve q2, use true
q2: some comments on QSAR model building and cross validation,” Current Computer-Aided Drug Design, vol. 14, no. 1,
pp. 64–75, 2018.
[10] L. Valentin, B. Hagen, S. Tingulstad, and S. Eik-Nes, “Comparison of ‘pattern recognition’ and logistic regression models for
discrimination between benign and malignant pelvic masses: a
prospective cross validation,” Ultrasound in obstetrics &

Computational and Mathematical Methods in Medicine

[11]

[12]

[13]

[14]

[15]

[16]

[17]

[18]

[19]

[20]

[21]

[22]

[23]

gynecology : the oﬃcial journal of the International Society of
Ultrasound in Obstetrics and Gynecology, vol. 18, no. 4,
pp. 168–174, 2001.
M. N. Ivanov, “Prototype sample selection based on minimization of the complete cross validation functional,” Pattern recognition and image analysis: advances in mathematical theory
and applications in the USSR, vol. 20, no. 4, pp. 427–437, 2010.
M. Kearns, “A bound on the error of cross validation using the
approximation and estimation rates, with consequences for
the training-test split,” Neural Computation, vol. 9, no. 5,
pp. 1143–1161, 1997.
D. Ruan, W. Shao, J. DeMarco et al., “Plan quality inference
and cross validation for standardization and consistency evaluation,” International Journal of Radiation Oncology • Biology
• Physics, vol. 84, no. 3, pp. S129–S359, 2012.
P. G. Rusconi, D. A. Ludwig, S. Sandhu et al., “Cross validation
of NT-proBNP as a predictor of cardiac transplant in children
with dilated cardiomyopathy,” Journal of the American College
of Cardiology, vol. 57, no. 14, p. E425, 2011.
E. A. Terhune, C. I. Wethey, M. T. Cuevas et al., “Whole exome
sequencing of 23 multigeneration idiopathic scoliosis families
reveals enrichments in cytoskeletal variants, suggests highly
polygenic disease,” Genes, vol. 12, no. 6, p. 4, 2021.
J. Piotr, C. Małgorzata, A. Mirosław, K. Małgorzata, and
K. Tomasz, “Methylation of estrogen receptor 1 gene in the
paraspinal muscles of girls with idiopathic scoliosis and its
association with disease severity,” Genes, vol. 12, no. 6, p. 10,
2021.
L. L. Cohen, R. Przybylski, A. C. Marshall, J. B. Emans, and
D. J. Hedequist, “Surgical correction of scoliosis in children
with severe congenital heart disease and palliated single ventricle physiology,” Spine, vol. 46, no. 14, pp. E791–E796, 2020.
C. Toombs, B. Lonner, A. Fazal et al., “The adolescent idiopathic scoliosis international disease severity study: do operative curve magnitude and complications vary by country?,”
Spine Deformity, vol. 7, no. 6, pp. 883–889, 2019.
C. Fortin, J. P. Pialasse, I. S. Knoth, S. Lippé, C. Duclos, and
M. Simoneau, “Musculoskeletal diseases and conditions - scoliosis; ﬁndings from University of Montreal update knowledge
of scoliosis (cortical dynamics of sensorimotor information
processing associated with balance control in adolescents with
and without idiopathic scoliosis),” Information Technology
Newsweekly, pp. 96–105, 2019.
S. Yossi, T. Eran, M. Yigal, R. Oded, L. Dror, and A. Yoram,
“Height gain prediction in adolescent idiopathic scoliosis
based on preoperative parameters,” Journal of Pediatric Orthopaedics, vol. 41, no. 8, pp. 502–506, 2021.
P. Janusz, Ł. Stepniak, and T. Kotwicki, “Cervical spine sagittal
alignment following surgical correction of Lenke type 1 idiopathic scoliosis - early results,” Studies in Health Technology
and informatics, vol. 280, pp. 10–15, 2021.
B. Garg, N. Mehta, A. Gupta et al., “Cervical sagittal alignment
in Lenke 1 adolescent idiopathic scoliosis and assessment of its
alteration with surgery: a retrospective, multi-centric study,”
Spine Deformity, vol. 9, no. 6, pp. 1559–1568, 2021.
W. H. Chung, Y. Mihara, C. K. Chiu, M. S. Hasan, C. Y. W.
Chan, and M. K. Kwan, “Factors aﬀecting operation duration
in posterior spinal fusion (PSF) using dual attending surgeon
strategy among Lenke 1 and 2 adolescent idiopathic scoliosis
(AIS) patients,” Clinical Spine Surgery, vol. 35, no. 1, pp. 18–
23, 2022.

13
[24] M. Tanaka, Y. Fujiwara, K. Uotani, T. Yamauchi, and
H. Misawa, “C-arm-free anterior correction for adolescent idiopathic scoliosis (Lenke type 5C): analysis of early outcomes
and complications,” World Neurosurgery, vol. 150, pp. e561–
e569, 2021.
[25] Z. H. Tang and Z. J. Zhang, “The multi-objective optimization
of combustion system operations based on deep data-driven
models,” Energy, vol. 182, pp. 37–47, 2019.
[26] H. Lin and S. Jegelka, “ResNet with one-neuron hidden layers
is a universal approximator,” Advances in Neural Information
Processing Systems, vol. 31, 2018.

