G G N
ELECTRONIC MEASUREMENT TECHNOLOGY

2023 4F 11 A

DOI:10. 19651/j. cnki. emt, 2313621

W BB A AP 1 1T 6 ARG

ETEAZERSRSHTEMRSHTREMER &GS

W 2 gdadR'T £ R AHRY Hasn'ld
Q. P HRAXFIHEMNHFFE KX 430074; 2. R R4 55 RFRHLE T2 L P o KR 4300745
3. A A LA T TR AR b KL 430074)

OB 4T AP AT AR R AT I AR AR R A S D T R A 4 Y R T R 00 R B o R AR Y
(i) B, AR SR o — i TR S 25 R B AR 5 1 2 AR A 5 A AT B Ak 37 IR 23 B RS (HFU-Net) o 3R RUIN A R J2 45 AF
il A PR VST B L S U-Net b B BR 3% $ 38 43 LA RHAE Rl & 5 1S 47 12 28 LR X R A A e i ) 2% 25
%%E@ff#?ﬂa BARTARE Ty I H., it — 20 4R o W 4% 4 J2= A4 A SR TRORCR: | 1 IR & 25 317 46 RO i JRUAE 72 3 T ) 45
e B, LIRS B R W MR R IL R B T KM 0, SR s R R W, 5 U-Net M IL . Dice RE MR
BRENVOE) \ RIUE KRB G HIFHR, G AR B T 3. 32,4 5906, 4. 39 %6 R 2. 04 0 1% M 51 1 2 42 vy JHF I
i3 PG 43 B B L O P9 22 I 5 3R 97 SR AL 7T SR 4K 4E

KB ERALE BT 2 AR AL RS = W E R

hESES: TP391 XEFRIRE: A ERirEFZF T ENRL: 520.60

Improved lightweight YOLOv4 target detection algorithm

Tie Jun'? Xu Shengzhou'?

(1. College of Computer Science, South-Central Minzu University, Wuhan 430074, China;2. Hubei Provincial Engineering Research

Zhu Zutong®  Zheng Lu** Ma Jiating"’®

Center of Agricultural Blockchain and Intelligent Management, Wuhan 430074, China;3. Hubei Provincial Engineering

Research Center for Intelligent Management of Manufacturing Enterprises, Wuhan 430074, China)

Abstract: In order to solve the problem of low accuracy of segmentation model caused by the complex shape of liver
tumor and blurred boundary with surrounding normal tissues in the liver tumor image, this paper proposes a novel liver
tumor image segmentation model HFU-Net based on hybrid dilated convolutions and high-level feature fusion. In this
model, a high-level [eature [usion recalibration module is added to enrich the skip connection part of U-Net, so that it
can calibrate the feature information by using feature fusion and squeeze and attention module to enhance the ability of
network encoder to obtain [eature information. And, in order to [urther improve the [eature extraction elflect ol each
layer of the network, the conventional convolution module in the original model’s encoding network is replaced by the
hybrid dilated convolution to obtain dense tumor feature information and expand the network’s receptive field. The
experimental results show that Dice coefficient,
improved by 3.3%, 4.59%, 4.39% and

model signilicantly improves the segmentation precision ol liver tumor images, and provides a reliable basis [or the

volumetric overlap error ( VOE), sensitivity and precision are

2.04% respectively compared with the U-Net algorithm. The proposed

diagnosis and treatment of liver cancer.
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