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Abstract
The traditional texture feature lacks the directional analysis of graphical element, so it could not better distinguish the thyroid
nodule texture image formed by the rotation of graphical element. A non-quantifiable local feature is adopted in this paper to
design a robust texture descriptor so as to enhance the robustness of the texture classification in the rotation and scale changes,
which can improve the diagnostic accuracy of thyroid nodules in ultrasound images. First of all, the concept of local feature with
rotational symmetry is introduced. It is found that many rotation invariant local features are rotational symmetric to a certain
degree. Therefore, we propose a novel local feature to describe the rotation invariant properties of the texture. In order to deal with
the change of rotation and scale of ultrasound thyroid nodules in image, Pairwise rotation-invariant spatial context feature is
adopted to analyze the texture feature, which can combine with the scale information without increasing the dimension of the
local feature. The fadopted local features have strong robustness to rotation and gray intensity variation. The experimental results
show that our proposed method outperforms the existing algorithms on thyroid ultrasound data sets, which greatly improve the
Diagnosis accuracy of thyroid nodules.

Keywords Thyroid nodule . Texture descriptor . Non-quantitative . Multi-direction . SVM classifier . Rotation invariant . Local
feature

Introduction

Thyroid diseases include diffuse thyroid disease and nodular
thyroid diseases, both of them are harmful. Ultrasound exam-
ination is a commonly adopted method for diagnosis of thy-
roid diseases. Doctors provide a diagnostic result based on
their knowledge and experience by observing the characteris-
tics of ultrasound images. However, different doctors possess
different experiences and backgrounds, the diagnostic results
are not objective and consistency. Thus, an intelligent diag-
nostic technique, which can provide reliable diagnostic

opinions of thyroid diseases based on ultrasound images, is
needed to assist doctors in clinical diagnosis.

To implement a thyroid disease diagnosis system based on
the research of ultrasound images of different thyroid diseases,
scholars at home and abroad have proposed many effective
algorithms. Because there is a significant difference between
the ultrasonographic characteristics of benign and malignant
thyroid nodules, so most of the existing algorithms perform
texture feature analysis on tumor areas, and find out the dif-
ference between them to achieve accurate diagnosis of thyroid
diseases. Literature [1] achieved the region of interest (ROI),
preprocess and feature extraction of ultrasound thyroid im-
ages, where Multi-level Wavelet Multi-sub-bands Co-
occurrence Matrix (MWMCM), fibrous variant texture and
the longest highlighting run-length based on GLRL are pro-
posed based on diffuse disease, while eccentricity and com-
pactness of the nodule is extracted based on thyroid nodules.
As for diffuse thyroid disease, a two-class classification meth-
od is proposed in [2], and the mRMR method is applied for
feature selection, combining with SVM classifier, the
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classification accuracy are exceeding these algorithms with
single-feature model.

Based on speckle noise, low contrast, inhomogeneity of the
ultrasound image, geodesic active contour models (GAC), one
of geometric active contour models, has been improved. The
geometric active contour model based on the phase informa-
tion (PCGAC) has been proposed. The model can segment the
boundary contour of thyroid nodules. This GAC model based
on gradient boundary is sensitive to noise and does not have
the ability to detect weak edges. The Phase Congruency edge
detection algorithm has better capability to detect noise im-
ages and weak edge. Some model construct the stop function
based on the phase information, instead of the GAC model’s
edge stop function. The geodesic active contour segmentation
model based on the Phase Congruency (PCGAC) has been
received. The segmentation results explain the PCGACmodel
based on Phase Congruency is better than traditional GAC
model, accuracy has been greatly enhanced.

Texture classification is a classic computer vision problem
and has become a research hotspot in recent years. Many
scholars have proposed a number of texture classification
methods, where most of the research directions focus on the
use of artificial intelligence methods to learn appropriate tex-
ture content representation methods. Potential texture features
can be encoded regardless of changes in the scale, viewing
angle, and rotation of the image texture [3]. Early thyroid
diagnostic methods can take advantage of the simple statistical
properties of texture images to obtain texture features, but
cannot deal with the problems caadopted by environmental
changes. Recently, most of the research work on texture clas-
sification is based on local features, and the local classification
of texture images is adopted to make texture classification
more robust to different ultrasound gray changes. A number
of local features have been proposed to describe texture im-
ages, which can be roughly divided into three categories: 1)
texture filtering based methods [4–6]; 2) binary pattern local
feature based methods [7–9]; 3) texture gradient local
features-based methods [10, 11]. The texture filtering based
method describes the shape of the texture in terms of the
distribution of the filter responses, such as the MR8 algorithm
mentioned in Literature [12] and the basic BIFs feature algo-
rithm mentioned in Literature [13].

However, it is not easy to select a filter bank that satisfies
the texture characteristics, and these filters are closely related
to the data type and cannot achieve universality. The binary
mode is based on the binarized pixel grayscale difference that
captures local structural features, including the Centrist feature
[14], local binary mode (LBPs) [1] and its many improved
algorithms [2, 15, 7]. Texture gradient local features, such as
the SIFT algorithm [16] and the fractal-drivenMSC algorithm
[17], utilize the quantization gradient of the image block to
describe the appearance of the texture region in thyroid le-
sions. It can be seen that since the local features based on

the binary mode and the texture gradient contain a quantiza-
tion step, the image information may be lost, resulting in er-
roneous classification results for thyroid nodule. The thresh-
old value of the pixel difference may cause information loss in
the binary mode local feature and in the texture gradient local
features of SIFT and MFS, the coarse quantization of the gra-
dient will result in the loss of information.

In order to reduce the classification error caadopted by the
traditional texture, a novel local feature is proposed for diag-
nosis of ultrasound image [18, 11] which reduces the informa-
tion loss caadopted by quantization and shows good perfor-
mance. In addition, the pairwise rotation-invariant spatial con-
text feature is constant when the gradation intensity changes.
That is to say that it can achieve texture classification by
capturing information at different scales, resolutions, and di-
rections. Although pairwise rotation-invariant spatial context
feature can have different scales of information at the micro
and macro levels, pairwise rotation-invariant spatial context
feature does not have rotational invariant, which limits its
performance in some situations, such as medicine image.
Due to the arbitrariness and diversity of ultrasound image
content, rotation invariance is an important feature for texture
descriptors. As can be seen from the descriptions in [2, 19], the
introduction of rotational invariance into local features will
improve the performance of their applications, especially for
the description of thyroid lesions.

In this paper, we attempt to design a robust texture descriptor
based on the non-quantized local feature. First, the concept of
rotational symmetry of local features is introduced. It is found
that many of the local features with rotation invariance are
rotationally symmetric to some extent. Therefore, we propose
new local features to describe the rotation invariant properties
of the texture for thyroid lesions. In order to deal with the violent
or sharp rotation, scale and other changes, the spatial context co-
occurrence feature is adopted to perform multi-scale analysis on
the texture feature quantity, which can combine with the scale
informationwithout increasing the dimension of the local feature.
The resulting local features are robust to rotation and single in-
tensity variations. The experimental results show that the evalu-
ation indexes of our proposed method exceed the existing opti-
mal algorithms on most ultrasound image, which greatly im-
proves the texture classification effect.

Related works

Local binary pattern

The local binary pattern is a typical local texture descriptor,
which encodes the image local texture information by com-
paring the gray relationship between the arbitrary pixel points
of the image and its neighboring pixels [20–22]. If the gray
value of the neighborhood pixel is greater than or equal to the
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gray value of the central pixel, the position of the neighboring
pixel is marked as 1, otherwise it is set to 0. In addition,
different neighboring points are given different weights ac-
cording to a specified coding strategy, where a binary se-
quence is converted to an unsigned decimal number and is
adopted as the LBP feature of the pixel. The LBP feature is
written as follows:

LR;P ¼ ∑
P−1

i¼0
s gi−gcð Þ2i ð1Þ

s xð Þ ¼ 1 x≥0
0 x < 0

�
ð2Þ

where R represents the neighborhood radius; N represents the
number of uniformly distributed pixels in the circular neigh-
borhood with radius R, represents the gray value of the central
pixel of the local neighborhood, and gi(i = 1, 2,⋯, P − 1) rep-
resents the gray value of the neighborhood pixel.

When the image rotation changes, the LBP value of pixel
point will be changed [23]. In order to achieve the rotation
invariance of the image, Ojal et al. [24] proposed a improved
LBP operator with rotation invariant. The initial coding se-
quence of the circular neighborhood is continuously trans-
formed to obtain a series of initially defined LBP value, and
the minimum value is taken as the LBP value of the neighbor-
hood, and the mathematical description can be expressed as

LriR;P ¼ min ROR LR;P; i
� �ji ¼ 0; 1;⋯;P−1

� � ð3Þ

where ROR(x, i) denotes that the corresponding binary num-
ber is rotated with right-shift by i bits. By introducing the
rotation invariant mode, the recognition performance of the
LBP algorithm for the texture image with rotation change has
been greatly improved, but with the increase of the number of
neighborhood points, the feature dimension grows faster,
while the too high feature dimension does not satisfy the time-
liness of LBP algorithm and subsequent feature calculations
and data storage requirements. Therefore, in order to further
improve the LBP feature descriptor rotation-invariance and
reduce the feature dimension, Ojal et al. proposed that the
rotation invariant mode is divided into a rotation invariant
uniform mode and a rotation invariant non-uniform mode on
the basis of the number of 0/1 (or 1 / 0) transformations in the
binary coding sequence, and the rotation invariant uniform
mode is marked as the P + 1 class according to the number
of binary numbers 1 in the sequence, all the rotation invariant
non-uniform patterns are classified into one large class. The
rotation invariant uniform mode of the LBP feature can be
expressed as follows:

Lriu2
R;P ¼ ∑

P−1

i¼0
s gi−gcð Þ U LR;P

� �
≤2

P þ 1 else

8<
: ð4Þ

U LR;P
� � ¼ js gp−1−gc

� �
−s g0−gcð Þjþ

∑
P−1

i¼1
js gi−gcð Þ−s gi−1−gcð Þj

ð5Þ

whereU represents the number of 0/1 (or 1/0) transformations
between two adjacent binary values in a binary sequence. In
this paper, the number of neighborhood points P is 8, and the
Lriu2 feature dimension is 10.

Pairwise rotation-invariant spatial context feature

From the perspective of information theory, it is observed
that two events with certain correlations can obtain more
potentially useful information than they are observed to
occur independently. Applying to texture classification, it
is considered that the correlation feature between two fea-
tures can describe a larger and more complex local texture
structure than a single feature. Therefore, the literature [24]
proposed an effective pairwise rotation-invariant context
texture feature co-occurrence coding strategy. As for any
pixel A in the image, two context co-occurrence points B
and C are determined by calculating the unit gradient di-
rection of the point A and the unit tangential direction, and
the features of B and C points are coded according to the
local texture structure information of point A. And then,
the co-occurrence features of the two pairs (A, B) and (A,
C) are adopted to describe the texture of the A point in the
larger neighborhood. Its mathematical description can be
expressed as

CoLBPR;P A;B
� �

¼ Lu2R;P Að Þ; Lriu2R;P B; i Að Þ
� �h i

co
i Að Þ ¼ argmax ROR LR;P Að Þ; i� �� �
B ¼ αG Að Þ þ bN Að Þ þ A

B ¼ ϕ Bð Þ

8>>><
>>>:

ð6Þ

where Lriu2(A) is the local texture feature of point A, i(A) is
the starting code point number of the neighborhood corre-

sponding to the maximum eigenvalue of point A, and Lriu2
R;P

B; i Að Þ� �
is the local texture feature corresponding to the

coded starting point of the first i(A) neighborhood point of
the co-occurrence point B¯. G(A) and N(A) respectively
represent the unit gradient direction of the pixel point A
and the unit normal direction, and a and b represent scale
templates for measuring the spatial distance between the
co-occurrence point-pairs, which can be represented as re-
spectively (3, 0) and (0, 3; ϕ is coordinate transformation
function, which is to map the co-occurrence point B on the
original image to the point B¯ on the corresponding scale
space image.
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Materials and methods

Since the co-occurrence point-pair location selection in the
original CoLBP algorithm is sensitive to image rotation
changes, and the description of the context texture features is
too single, the robustness to grayscale changes is weak.
Aiming at these two problems, an improved non-quantized
rotation invariant texture descriptor with low feature dimen-
sion and strong robustness to image rotation is designed [25].
The improved algorithm is recorded as enhanced non-
quantized pairwise rotation-invariant LBP (ENPRL).

Improved spatial context co-occurrence feature

As the image rotates, the neighboring pixels around the pixel
will change, that is to say that the gradient direction of the
pixel will change after the rotation changes, which makes the
original algorithm less robust to image rotation changes.
However, the image rotation change can be regarded as only
changing the position of the starting point of the neighborhood
when the pixel is LBP encoded in the case of being unaffected
by noise, while the neighborhood starting code point corre-
sponding to the maximum and minimum values of the pixel
LBP feature has not changed, as shown in Fig. 1. Therefore,
the two co-directional direction vectorsm, n are determined by
the neighborhood coding starting point corresponding to the
pixel point and its LBP feature extremum, and two co-
occurrence points with the pixel point spatial context are de-
termined in the two co-occurrence directions respectively. As
shown in Fig. 1, since the LBP feature extremum of the pixel
point A has rotation invariance corresponding to the neighbor-
hood starting code point, the relative position between the co-
occurrence point pairs (A, B) and (A, C) and their high-order
angle features are not changed by the image rotation.
Therefore, the spatial co-occurrence pixel points are calculat-
ed by using the two co-directional direction vectors m, n de-
termined by the pixel starting point A and the neighborhood
starting code point corresponding to the LBP feature

extremum. The position can effectively enhance the robust-
ness of the algorithm to image rotation changes. The mathe-
matical description of the contextual co-occurrence point se-
lection of the improved algorithm can be expressed as follows

B ¼ ϕ Aþ α f max Að Þ þ bhmax Að Þð Þ
C ¼ ϕ Aþ α f min Að Þ þ bhmin Að Þð Þ

imax Að Þ ¼ argmax ROP LR;P Að Þ; i� �� �
imin Að Þ ¼ argmin ROP LR;P Að Þ; i� �� �

8>><
>>: ð7Þ

where f(x) and h(x) represent the direction vectors determined
by the neighborhood starting code points corresponding to the
maximum and minimum LBP values of pixel A, respectively;
imax(A)and imin(A) represent the sequence number of the
neighborhood starting code point corresponding to the maxi-
mum and minimum values of the LB P feature of the pixel
point A, respectively.

ELBP local texture features

In order to solve the problem that LBP algorithm is sensi-
tive to texture nonlinear gray and rotation changes, an ex-
tended local binary binary (ELBP) is proposed in literature
[26], which uses the joint distribution form of two comple-
mentary pixel grayscale and differential features to repre-
sent the local texture structure of the image. The pixel
grayscale feature includes a local binary binary (NI-LBP)
based on the gray of the neighborhood point, and a central
pixel gray feature (CI-LBP); the pixel grayscale difference
feature includes the radial difference local binary pattern
(RD-LBP) and angular grayscale difference based local
binary binary (AD-LBP). In this paper, the ELBP algo-
rithm is introduced to extract the local neighborhood gray
feature, the radial neighborhood gray difference feature
and the central pixel gray feature, respectively. Compared
with the original algorithm, the improved algorithm has a
richer feature pattern. The ELBP mathematical description
can be written as follows,

Circular shift

Fig. 1 Circular shift for LBP
feature
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E ¼ N=R=C

NR;P ¼ ∑
P−1

i¼0
s gi−up
� �

2i; up ¼ 1

P
∑
P−1

i¼0
gi

RR;P ¼ ∑
P−1

i¼0
s ΔRad

δ;i

� �
2i;ΔRad

δ;i ¼ xR;i−xR−δ;i

CR;P ¼ s gc−uð Þ; u ¼ mean I :ð Þð Þ

8>>>>>><
>>>>>>:

ð8Þ

where up is the gray-scale mean of the neighboring pixel

points, ΔRad
δ;i is the gray-scale difference between the

neighborhood points of the different neighborhood radius
in the same radial direction; δ ∈ [1, P/2]; u represents the
gray-scale mean of the entire image.

Classification of thyroid nodules based
on improved texture description operator

Thyroid disease diagnosis system

The basic principle of the thyroid disease diagnosis system is
to extract the local texture features of the ultrasound image
firstly, then learn the ELBP texture primitives from these local
features, then use these texture primitives to encode the texture
image. Finally, the classifier is adopted to perform texture
classification to achieve the thyroid disease diagnosis. The
system block diagram is shown in Figs. 1 and 2.

Non-quantized rotation invariant texture feature
fusion

Texture feature extraction methods can be divided into four
categories: statistical methods, structural (geometric) methods,
model methods, and methods based on mathematical transfor-
mations (signal processing). In this paper, the gray level co-
occurrence matrix based on the statistical method is adopted
to obtain the texture information. The gray level co-
occurrence matrix describes the spatial distribution and struc-
tural features of the gray levels of each pixel in the image, and
the texture features are adopted to improve the classification
accuracy of the thyroid region. Non-quantized rotation invari-
ant texture feature fusion is defined as the probability of a point
from a gray i from a fixed position relationshipd = (Dx,Dy) to a
grayj, and can be represented as pij(d) (i, j = 1, 2,⋯, L − 1),
whichLis the gray level of the image; i, j represents the gray

level of the pixel, respectively; d represents the spatial position-
al relationship between the two pixels, different d determines
the distance and direction between the two pixels; θ is the di-
rection of generation of the gray level co-occurrence matrix,
usually taken 4 directions 0∘, 45∘, 90∘ and 135∘.

Due to the large amount of the ultrasound image data and
the computational complexity of the texture feature extraction
algorithm based on the gray level co-occurrence matrix, four
simple texture features such as ASM, Entropy, contrast and
correlation represent the uniformity, complexity, sharpness
and linearity of the texture features, which are better and less
time-consuming for texture analysis. These four features are
fadopted with our proposed pairwise non-quantized rotation-
invariant spatial context feature to enhance the characteriza-
tion of thyroid texture. The specific meanings and parameters
of the four common features are calculated as follows:

1) Angular Second moment (ASM): Reflecting the unifor-
mity of image gray distribution, the energy moments of
coarse texture are larger than those of fine texture, while
the energy moments of fine texture are smaller.

f ASM ¼ ∑
L−1

i¼0
∑
L−1

j¼0
p2d i; jð Þ ð9Þ

2) Entropy (ENT): It measures the amount of information of
an image. If the image does not have any texture, the
entropy is close to zero; if the image is full of fine texture,
the image entropy value is the largest; if the image has
less texture, the image has a smaller value.

f ENT ¼ − ∑
L−1

i¼0
∑
L−1

j¼0
pd i; jð Þlgpd i; jð Þ ð10Þ

3) Contrast (CON): Contrast reflects the sharpness of the
image texture, the deeper the groove of the texture, the
greater the contrast, the better the visual clarity of the
image.

f CON ¼ ∑
L−1

n¼0
n2 ∑

L−1

i¼0
∑
L−1

j¼0
pd i; jð Þ

" #
ð11Þ

4) Correlation (COR): The degree of similarity of the gray
level co-occurrence matrix elements in the row or column
direction is measured, and the correlation magnitude

Samples Local feature 

extraction

ELBP texture 

primitive

Co-occurrence 

point-pair

Co-occurrence 

histogram

Scale

 co-occurrence 

Weighted 

 co-occurrence 
SVM

Diagnosis Result
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reflects the degree of correlation of the local gray levels in
the image.

f COR ¼ ∑
L−1

i¼0
∑
L−1

j¼0

ijpd i; jð Þ−u1u2
σ2
1σ

2
2

ð12Þ

where,

u1 ¼ ∑
L−1

i¼0
i ∑
L−1

i¼0
∑
L−1

j¼0
pd i; jð Þ ð13Þ

u2 ¼ ∑
L−1

j¼0
j ∑
L−1

i¼0
∑
L−1

j¼0
pd i; jð Þ ð14Þ

σ1 ¼ ∑
L−1

i¼0
i−u1ð Þ2 ∑

L−1

j¼0
pd i; jð Þ ð15Þ

σ2 ¼ ∑
L−1

i¼0
i−u2ð Þ2 ∑

L−1

j¼0
pd i; jð Þ ð16Þ

SVM classifier

SVM is a classification model derived from statistical theory
from the optimal hyperplane in the case of linear separability
[27]. This paper uses SVM to classify the extracted features to
achieve the diagnosis of thyroid nodules. The basic principle
is classify the training sample set to two types, which can be
denoted as (x1, y1), (x2, y2), ⋯, (xk, yk), y ∈ {+1, −1}.

These samples can be separated by a hyperplane, which
can be written as

Wϕ xð Þ þ b ¼ 0 ð17Þ
where W is weight vector for classification plane; b is offset,
b ∈ R;ϕ is the mapping of the input feature space to the high-
dimensional Hilbert space (H), where the optimal classifica-
tion hyperplane is constructed in this space.

ϕ : Rn→H ð18Þ

The process of finding the optimal classification hyper-
plane can be transformed into solving an optimization

problem, which can be expressed as eqs. (8) and (9) called
objective functions and constraints, respectively.

min
W;b;ς

1

2
Wk k2 þ C ∑

K

i¼1
ξi ð19Þ

yi Wϕ xið Þ þ bð Þ þ ς i≥1 ð20Þ

where ςi is slack variable, ςi ≥ 0(i = 1, 2,⋯, k); C is penalty
coefficient.

The introduction of slack variables and penalty coefficients
is to solve the linear indivisible problem of the data set. To
understand the above optimization problem, the Lagrange
function is adopted to transform the original optimization
problem into a dual optimization problem. The objective func-
tion and constraints can be expressed as

maxL að Þ ¼ ∑
k

i¼1
αi−

1

2
∑
k

i¼1
∑
k

j¼1
aia jy jyiK xi; x j

� � ð21Þ

∑
k

i¼1
yiαi ¼ 0;αi≥0; i ¼ 1; 2;⋯; k ð22Þ

K(xi, xj) is a kernel function. The kernel function is adopted
to map the input feature space to a high-dimensional space.
The kernel function adopted by the SVM algorithm must sat-
isfy the Mercer theorem, which is the matrix must be semi-
positive. Commonly adopted kernel functions include polyno-
mial functions and radial basis functions (RBF), they are re-
spectively written as follow

K xix j
� � ¼ xix j þ 1

� �p ð23Þ

K xix j
� � ¼ e−γ xi−x jð Þ2 ð24Þ

In our thyroid disease diagnosis system, SMO is adopted to
solve the above dual problem, the optimal solution is
a0 ¼ a01; a

0
2;⋯; a0k

� �
. It is concluded that the discriminant

function of SVM classification is written as follows:

f xð Þ ¼ sgn ∑yia
0
i K xixð Þ−b0� � ð25Þ

Fig. 3 Thyroid ultrasound image
of the lesion area; (a) original im-
age; (b) Lesion area
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Experiment results

The ultrasound images of the 500 thyroid nodules selected in
the experiment are from a 3A Grade hospitals, where 100
images are benign nodules, and the other 100 images are
malignant. All images have corresponding B-ultrasound re-
ports and pathological examination reports. The nodule area
and boundary are marked by the clinician. Since the gray
level is large, it is necessary to perform gray quantization
on the image. The original image contains the region of in-
terest and most of the non-interest region, which needs to
extract ROI region. The specific operation is to manually
segment the normal and lesion areas from the ultrasound
image of the thyroid patient by referring to the lesion area
outlined by the doctor. Figure 3 shows the thyroid ultrasound
image of the lesion area that the doctor has outlined.
Figure 3(b) shows the white outline delineation area in 3(a).
The adopted ultrasound diagnostic instrument is the Philips
iu22 color ultrasound diagnostic probe, where the frequency
is 7 MHz~12 MHz. The experimental platform is Windows
10 Professional PC. The processor is Intel(R) core(TM) i5–
4600@3.2GHz, the memory is 4GB, and the simulation soft-
ware is MATLAB 2013a (64 bit).

Evaluation indexes

Logistic regression model is mainly adopted in medicine to
predict the probability of a disease occurring. Binary logistic
regression analysis has been widely adopted in the field of
medical research, including the prediction and discrimination
of diseases. In order to verify the effectiveness of the proposed
algorithm, 500 thyroid ultrasound images are adopted to ex-
tract the texture features. Logistic regression is based on the

gold standard diagnosis results [28]. The extracted texture
feature parameters are adopted as covariates to establish a
logistic regression model so as to obtain sensitivity, specific-
ity, accuracy, and the missed diagnosis rate, misdiagnosis rate
and area under the ROC curve(AUC) [2, 20, 29]. Sensitive
(Sen) refers to the percentage of the actual diagnosis that is
correctly diagnosed, and its formula is written as follows;

SENS ¼ TP
TP þ FN

ð26Þ

The rate of missed diagnosis is not detected. The rate of
missed diagnosis is 1-Sen. The specificity (Spe) reflects the
ability of the diagnostic experiment to exclude normal-cases,
whose equation is written as:

SPEC ¼ TN

TN þ FP
ð27Þ

The rate of misdiagnosis did not exclude the proportion of
normal-cases, the rate of misdiagnosis is 1-Spe; the accuracy
(Accuracy, Acc) reflects the ability to correctly diagnose nor-
mal and pathological changes, and the formula is as follows

ACC ¼ TP þ TN
TP þ FP þ FN þ TN

ð28Þ

In these formulas, ACC, SENS and SPEC indicate the ac-
curacy, sensitivity and specificity, respectively; TP, TN, FP
and FN are indicated as the number of true positive, true
negative, false positive and false negative, respectively.

Another evaluation index is the area under the ROC curve
(AUC), which is calculated as the following equation

AUC ¼ 1þ TPrate−FPrate

2
ð29Þ

where TPrate = Sen and FPrate = 1 − Spe. When the value of
AUC is 0.5~0.7, the diagnostic value is low; 0.7~0.9 means
that the diagnostic value is medium; when it is above 0.9, the
diagnostic value is higher. The above six evaluation indicators
are adopted to determine the performance of the thyroid le-
sion. According to the above rules, binary Logistic regression
model analysis and ROC curve analysis are adopted to ana-
lyze the significance of each parameter of the algorithm,
namely, p value, which is clinically significant when
p < 0.05. To evaluate the accuracy for classification of thyroid
images, the greater the AUC value, the greater the clinical

Table 1 P value and AUC values of the mean and variance of the
feature parameters

P value AUC P value AUC

ENGMEAN <0.000 1 0.928 CONVAR <0.000 1 0.901

ENGVAR <0.000 1 0.801 CORMEAN <0.000 1 0.894

ENTMEAN <0.000 1 0.952 CORVAR <0.008 0 0.766

ENTVAR <0.000 1 0.880 HOMMEAN <0.000 1 0.928

CONMEAN <0.000 1 0.919 HOMVAR <0.000 1 0.910

Table 2 Recognition rate for
different algorithms Groups LBP LTP LBPV CLBP CLBC CoLBP ELBP Proposed

A 78.16 96.81 87.38 96.66 95.72 97.59 97.21 97.35

B 67.06 83.98 71.65 91.82 91.35 88.54 91.04 93.24

C 78.24 92.35 82.61 96.74 96.55 92.68 96.34 97.30

D 76.95 94.46 94.12 97.05 97.35 95.98 97.10 97.21
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significance. The higher the specificity and sensitivity, the
lower the probability of diagnosis and missed diagnosis.

Experimental analysis

Experiments select the original LBP [19], ELBP [3], CMLBP
[16] as comparative algorithms for performance analysis. The
binary logistic regression model is adopted to analyze the
accuracy, sensitivity, specificity, missed diagnosis rate, misdi-
agnosis rate and area under the ROC curve. Since there are
many experimental data, we use grouping strategy to make
independent experiments. All data are divided into 5 groups:
A, B, C and D, each of which had 60 normal images, 20
benign images, and 20 malignant ultrasound images. The im-
proved texture feature extraction of the matrix algorithm for
lesions and normal regions is performed respectively, and the
mean and variance of feature vectors: ENG, ENT, HOM,
CON and COR are obtained. Table 1 shows the P value and
AUC values of the mean and variance of the feature parame-
ters ENG, ENT, HOM, CON and COR of the algorithm.

It is obvious that the P value of the parameters extracted by
our proposed method is less than 0.0001 and has clinical di-
agnostic significance. According to the ROC curve and the
AUC values in Table 1, the AUC values for energy, entropy,
contrast, and ASM are higher, and the associated AUC values
are relatively low. To compare the mean values of the feature
parameters (energy, entropy, contrast, correlation, and ASM)
of lesions and normal thyroid ROIs, we performed statistical
analysis to compare. Obviously, the energy, entropy, contrast
and ASM are more relevant to the differential diagnosis of the
thyroid image in this experiment. The mean range of energy
mean range: normal thyroid in 0.06~0.14, lesion in 0.01~0.05;
similarly, entropy mean: normal in 2.2~3.3, lesion in 3.3~5.4;
contrast mean: normal in 0.1~0.6, lesion in 2~ 8 fluctuations
up and down; correlation mean: lesions in 0~0.2; mean ASM
normal in 0.7~0.95, lesions fluctuating from 0.4~0.6.
Comprehensive analysis, energy, entropy, contrast and mo-
ment of inertia are more relevant for the significance and di-
agnostic value of thyroid image prediction classification. It
can be seen from the classification data in Table 2 that the
recognition rate of our proposed algorithm is 0.32% higher
than that of the original CoLBP algorithm and 0.49% higher
than that of the ELBP algorithm, which is indicating that the
local ELBP feature of the co-occurrence pixel is effective. The
identification performance of our algorithm is enhanced. For

the A-group data classification, the proposed algorithm classifi-
cation rate is 1.39%, 1.96%, 5.62%, 2.96% higher than the
CLBP, CLBC, CoLBP, and ELBP algorithms, respectively.
The robustness to grayscale changes is strong. For the B-group
texture images with scale and viewing angle changes, the recog-
nition rate of CoELBP algorithm is 0.6%, 0.94%, 4.75%, 0.93%
higher than CLBP, CLBC, CoLBP [7] and ELBP algorithms,
respectively. It is indicated that the CoELBP algorithm is robust
to texture rotation changes, especially on the C-group where all
of samples have rotation and scale changes.

The algorithm recognition rate is 0.89%, 0.44%, 2.1%, and
0.83% higher than CLBP, CLBC, CoLBP, and ELBP, indicat-
ing that the proposed algorithm uses the neighborhood starting
code point and neighborhood corresponding to the pixel local
feature extremum. The context co-occurrence point pairs are
determined, and the neighborhood gray information and radial
gradation difference information of the context co-occurrence
point are extracted by ELBP algorithm, which can effectively
enhance the robustness of the algorithm to the rotation change.

It can be seen from the classification data in Table 3 that the
average recognition rate of the original CoLBP algorithm is
higher than that of the LBP and its improved algorithm for the
C-group and D-group texture image classifications with obvi-
ous rotation changes, indicating that the higher order is ob-
tained by coding the co-occurrence point pairs. The angle
information improves the robustness of the algorithm to rota-
tional variations. However, the original CoLBP algorithm cal-
culates the gradient vector of the position of the co-occurrence

Table 3 The recognition rates of
different algorithm on C and D
groups

Methods LBP LTP LBPV CLBP CLBC CoLBP ELBP Proposed

C 87.39 97.62 99.18 99.36 99.65 99.71 99.42 99.79

D 88.62 95.84 98.42 99.36 99.48 99.67 99.28 99.81

Means 88.69 95.70 98.48 99.16 99.42 99.57 99.18 99.80

Fig. 4 The comparison of classification recognition rate on different
algorithm
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point of the scene and changes with the rotation of the image,
so that the extracted high-order angle information will be
distorted due to the rotation of the image. The algorithm uses
the extreme value of the LBP feature. The strategy determines
the direction of the co-occurrence vector, and ensures the sta-
bility of the high-order angle information between the co-
occurrence point pairs obtained by the algorithm, so that the
improved texture algorithm has a higher average recognition
rate than the original algorithm. It is effective to demonstrate
that the proposed algorithm is more robust to image rotation
changes than the original CoLBP algorithm.

Figure 4 shows the comparison of the texture classification
recognition rates of various LBP improved algorithms on dif-
ferent databases. It can be seen that the algorithm recognition
rate is higher than that of the remaining LBP algorithms on the
ultrasound database with rotation changes in the sample,
which indicates that the algorithm is robust to image rotation
changes. At the same time, it has C and complex texture
changes. In group D, the recognition rate of this algorithm is
higher than that of CoLBP algorithm and ELBP algorithm,
which indicates that the co-occurrence point pairs on different
scales and the complementary co-occurrence of fusion are
selected by calculating the neighborhood starting code points
corresponding to the pixel local feature extremum. The point-
to-point ELBP texture feature effectively improves the robust-
ness of the original algorithm to rotational changes.

Table 4 gives a comparison of the computational com-
plexity of different algorithms on the D group, where the
classification time represents the total time mean of 100
feature classification experiments, including the time of the
classifier (SVM) model training and feature prediction. It
can be seen from the data in the table that although the
original CoLBP algorithm and the proposed algorithm have
higher feature dimensions than the rest of the LBP algo-
rithm, they have rich feature patterns due to their use of
context s points to describe the texture structure. The feature
classification time is less; in this paper, the ELBP operator is
adopted to extract the neighborhood gray information and
radial gray difference information of the context co-
occurrence point, and the rotation invariant uniform mode
is adopted to encode a single NI-LBP and RD-LBP feature
reduces the feature dimension of the original CoLBP algo-
rithm from 1180 to 600, and the feature classification time is
reduced by 15.67 ms compared with the CoLBP algorithm,
which greatly improves the computational efficiency and
classification accuracy of the algorithm.

Conclusion

The traditional texture feature lacks the directional analysis of
graphical element, so it could not better distinguish the thyroid
nodule texture image formed by the rotation of graphical ele-
ment. A non-quantifiable local feature is adopted in this paper
to design a robust texture descriptor so as to enhance the
robustness of the texture classification in the rotation and scale
changes, which can improve the diagnostic accuracy of thy-
roid nodules in ultrasound images. First of all, the concept of
local feature with rotational symmetry is introduced. It is
found that many rotation invariant local features are rotational
symmetric to a certain degree. Therefore, we propose a novel
local feature to describe the rotation invariant properties of the
texture. In order to deal with the change of rotation and scale
of ultrasound thyroid nodules in image, pairwise rotation-
invariant spatial context feature is adopted to analyze the tex-
ture feature, which can combine with the scale information
without increasing the dimension of the local feature. The
fadopted local features have strong robustness to rotation
and gray intensity variation. The experimental results show
that our proposed method outperforms the existing algorithms
on thyroid ultrasound data sets, which greatly improve the
Diagnosis accuracy of thyroid nodules.
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