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Ultrasound thyroid segmentation based on segmented
frequency domain and local attention

Hu Yishan'*? | Qin Pinle'”>?, Zeng Jianchao'*”*, Chai Rui'*”, Wang Lifang'*”
1. Shanxi Medical Imaging and Data Analysis Engineering Research Center, North University of China, Taiyuan 030051, China;
2. College of Big Data, North University of China, Taiyuan 030051, China; 3. Shanxi Medical Imaging Artificial
Intelligence Engineering Technology Research Center, North University of China, Taiyuan 030051, China

Abstract: Objective Ultrasound is a main imaging method used for the diagnosis of thyroid diseases. It is convenient for
the diagnosis of medical results through the real-time study of its internal anatomical structure. In computer vision, the seg-
mentation of image tissue and organ is the pre background classification of the pixels in the image. The final segmentation

image boundary is the combination of the target pixels. The research on medical image segmentation has received much
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attention, which is mainly divided into two ideas, where the first idea is to obtain the target area by analyzing the pixel val-
ue of a given image through computer vision technology. However, the generalization ability of the given image analysis is
poor, and the segmentation effect is unremarkable because of the interference of random noise in the ultrasonic image. The
second idea is to use deep learning for obtaining the target area through the background information before deep convolution
classification. However, the target area may be insignificant using the depth learning model because of the complexity of tis-
sue and organs, the evident surrounding tissues, and the lack of background information before the image, making the
abstract features obtained by the depth network mostly the surrounding non target area and causing the segmentation effect of
the original target unideal. A thyroid image is different in shape, size, and texture among different data sources. To solve
the two problems, a thyroid ultrasound segmentation network based on frequency domain enhancement and local attention
mechanism is proposed to solve the problem of random noise interference and insignificant target. Method First, high and
low pass filters are used to obtain the image information of high- and low-frequency bands, and the detail features of high
frequency band and the edge feature of low frequency band are integrated to enhance the contrast of background and reduce
the difference between images. Second, a local attention mechanism is used to adaptively activate the high- and low-dimen-
sional feature information in accordance with the different information amounts of the features extracted by the network depth
in the convolution network. This mechanmism can enhance the detailed information of low-dimensional features, weaken the
attention to nontarget areas, enhance the global information of high-dimensional features, and weaken the interference of
redundant information on the network, thereby enhancing the ability of background classification and nonsignificant target
detection. Finally, a pyramid cascading hole is used, and convolution is utilized to obtain the feature information of differ-
ent receptive fields and solve the problem of large image difference between data sources. In the training process, a mixed
loss function is used to regress the network training effect, and pixel level loss (binary cross entropy) and image similarity
loss (structural similarity) can better evaluate the segmentation prediction results. This paper uses the ResNet34 network ,
which is trained in advance to fine tune, to train the model of the network. The training set adopts the open data set of the
network and selects approximately 3 500 images through the screening of appropriate images. During the training, one
NVIDIA P100 graphics processing unit (GPU) server is used, the network training of approximately 10 epochs can achieve
a better and stable effect, and the total training time is approximately 120 min. Result Experimental results show that the
accuracy of the proposed method is 0. 989, the recall rate is 0. 849, the specificity is 0. 94, and the Dice coefficient is
0. 812, which is better than the current methods of medical image segmentation network, such as U-Net and CE-Net net-
work, and is more accurate and special in the effect of ultrasound thyroid image segmentation. A significant improvement is
found in heterosexuality and is better than the evaluation result for the network using the same dataset, such as sumNet. At
the same time, the ablation experiments show that the proposed modules have a certain improvement effect on ultrasound
image segmentation. Conclusion The proposed segmentation model combined with the advantages of deep learning model
and traditional image processing model can better deal with ultrasound image random spots and improve the results of non-
significant tissue segmentation.

Key words: image segmentation; frequency domain analysis; attention mechanism; dilate convolution; ultrasound image
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Fig.1  Overall network structure
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Fig.3 Comparison of original ultrasound and enhanced ultrasound images( (a) original; (b) enhanced)
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(b) Z= i H 2
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4 A 2 1 R 25 1 4 RIS B X L
Fig.4 Comparison of receptive fields of dilated convolutions with different dilated rates

((a) dilated rate is 1; (b) dilated rate is 2; (c¢) dilated rate is 3)
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Fig.5 Cascaded multi-scale dilated convolution pyramid structure
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Fig.6 Channel attention structure

HFAFAE T] et 285 T 4 34 e 2P i o7 T80T A B

FIA [l E A5 CA L J
CA = F(¥") = o(f£.(8(/.(+")))) (1)

X, o KR Sigmoid FTE KA, f, RN RIEHEZ
(fully convolutional ,FC) , § £/~ ReL.U pR%L, 3K H 3|
(1) CA B 2y AT AN [ 38 3 4R AR T T S SR 45 5 04 e )3
{8, e 2R 300 1 R U ) (B 5 I R AR A S, BT AT AR IR
e H bR DI S 2 P AR A
2.4.2 ZEREEIIHLS]

23 AR R ) E R OCTERHIE B E OGS
X T IR 1 G5 S, I S /b HAth 25 1
H bR DI 52 [ it 38 ik RS GA 245 L, QT 2
FVEYMR S S BT A . BRIt T XA
QAN GRAT I8 BB HR IX I3 ik 1) 25 [R) R A
S e R IORK 58 IRBE B W H (C 4
MRYERE Rk, Gl 7 Fron. T 4 )R F ¥ 4
(global average pooling, GAP) J2& 45137 & 1) W) o7 #4f8 Tk
TAHIF AR, 7] B85 BOook H AR B0 &l o i
XF T4 Jayde ML, AT S R A (B 5

HOGHEXPRZ IR, P, X TR 4E R
EfEE e RS R4 R K ik (global
max pooling , GMP) ¢ JCH: 3G 5 o7 B (14 W 1y X 3,y
SRRD A G 3 X G B e DX I M i AR AE
Peng 55 A (2017) [F] i 2 1 2R IS (8] ¢ 1 S B 3
PERGAR B N — PN T XK, B—P R Kx1
SHESY AV IR TIRO =) I LIV AP YN S SEF N EUE < [
B C 5 C, 8RJ5 R Sigmoid i pf 4, X S 3]
[0, 1] By 2 B 2 [] 4 A0k R BB UA — A 4b B4 7, 31
%)
C, = conv,(conv, (f')) (2)
C, = conv, (conv,(f')) (3)
SA = F(f') =a(C, +C, +f")  (4)
A, conw, Fil conv, 735|378 1 x KK x 1 B,
SO FRBE R R A 4 R R K Ak R4 AR R AE
i, K WA, SCIAREEN] IE K = 5 k1%
(1) SA Bk 2 5t 45 A T 1Y) S 3 P 0 % 1) o )3 {1
g 2 (B AFAE I 07 {5 5 e A AR 3, BV A R BB 28 %)
T H AR DX I SRS DX 3 % 1 2k Y5 R £ B

IXKER | S ER |

HXWXC/2 HxWx1

s | ess] AN

HxWxC/2 Hxwx1 [\

HNRHER]
HxWxC
(D, Sigmoid | | ZTJIHIE
U 7| mxwx1 HxWx1
2Rk
HxWx1

K7 R4

Fig.7 Spatial attention structure
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GPU fz 55 # , ResNet34 hy 5T [0 28 Fif 1 4 A1k 2 JU A
TR M2, Gl Fine-tune J7 i A B FRAE 42 U 2
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[8]% (recall ) , ¥5#EZR (precision ) , Dice 434%% ( Dice coef-
ficient) . JEAT FIATEFRPPAE A SCRHIAHABR Y 14
AE, [RIERTRFIEY TR RN B B A 254 & B
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4.1 FiEXtHE e

T PSS AR S5 A H A B 2 R B Ak A T
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FRAESRIBCAR A U-Net [0 28 45 O S 56 Be i, 15 22 i =
G 5y AT 55 v il B M 9 Y CE-Net (Gu 4§,
2019) .BASNet( Qin 45,2019 ) .nnU-Net ( Isensee 5,
2018 ) X A HUIR AR 23 %179 SUMNet ( Nandamuri
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JEHAE Dice ZE0 AW A4 T, A SCR N T 1
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F1 FEFEWZEERITLL
Table 1 Comparison of experimental results

of different methods

XTI WERE FREER S ORER Dice
U-Net 0. 962 0.793 0.911 0.751
Ce-Net 0.979 0. 841 0.932 0.798
BSANet 0.976 0. 838 0. 931 0.773
nnU-Net 0.972 0. 834 0. 926 0.769
SUMNet 0. 988 0. 846 0.933 0.796
VN8 0. 989 0. 849 0.941 0. 812

T LT A B 5 e

4.2 HEAE

A SCBET AR ) B & BE S A
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[l o AT XA SCRUS A 3T ) BB (FFA) | 2RIk 2 R
JEE 25 I 4 7 B B (CMDP ) [ Jmy i T 38 T 6 B
(LA) R JHIH B S B E I A5 R 7R S 56 Hh A A R
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Table 2 Comparison of network structure ablation

MONEAVSRFS HERGE A 115 R HfESR Dice
U-Net 0.962 0.793 0.912 0.751
U-Net + FFA 0.975 0.834 0.933 0. 783
U-Net + CMDP 0.977 0.839 0.931 0. 778
U-Net + LA 0.981 0.836 0.936 0.792

U-Net + FFA + LA 0.982 0.836 0.937 0.801

U-Net + CMDP + LA 0.984 0.838 0.937 0.805

U-Net + FFA + CMDP + LA 0.989 0.849 0.94 0.812
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Fig.8 Comparison of segmentation results of loss function

((a) original ultrasound image; (b) BCE loss; (c) ours)
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Fig.9 Comparison of segmentation results of different algorithms

((a) original ultrasound images; (b) ground truth; (c) SUMNet; (d) BASNet;(e) CE-Net;(f) ours)
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