% 29% 5 6 41
20224F 121

A R 2 A 4 (A AR B4 D)
JOURNAL OF COMMUNICATION UNIVERSITY OF CHINA (SCIENCE AND TECHNOLOGY)

Vol 29,No 6
Nov, 2022

SRS W], iR, PV . — A R R A A R ASORGE Y e [0 . v RS B2 R (A AR RH2 ) , 2022,29(06) :36-42.

XEHRS:1673-4793(2022)06-0036-07

— £ E B & M B B R R4S i 25
SR R I

(krIT L RFALFRE AL FE, LR 100124)

FEE R T Pl A A A A AE 4 AR BB AR AG I 2 EllipseNet, FCREAS EL R FIAA BUAE A0 1590, KAl I L SOBee f g . i T
V6 TS A RS0 90 24 REAS 1 335 3 114 R A8 T2 1 132 IS BB 0% SIS 10 O R I s A (O S8 6 o D A0, Sk 1 B8 e SR A GRS 1503 T
— i A IR 3 I A G PR SEBRSE SRR TR A ZR R AE , A AR R TR B, ELIRAT T AN RAE F AR A
TS EAHIT 1 PERE

SRR HATASIN 5 T i [ ATE ; 4512 bR gk

FESEE TP751.1 XHERIRAG:A

An angle-adaptive elliptic template detector

HU Yongli", WU Jian, SUN Yanfeng
(Artificial Intellignece Institute, Beijing University of Technology, Beijing100124, China)

Abstract: This paper proposes a novel anchor-free object detector, namely EllipseNet. Instead of using
the rectangular box, EllipseNet detects an elliptical box by predicting the center, axis and tilt angle of the
ellipse. As the ellipse model can capture the object rotation and match the target adaptively by adjusting
tilt angle, EllipseNet has more accurate detection boundary. In addition, we introduce an Elliptical 10U
Loss to improve the detection performance of the model. The experimental results show that the model
has simple structure and achieves similar performance to the object detection methods based on

rectangular boxes because there is no complex anchor boxes introduced.
Keywords: object detection; oriented elliptical box; loss function
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