ISSN 1004-9037, CODEN SCYCE4 http:// sjcj. nuaa. edu. cn
Journal of Data Acquisition and Processing Vol. 38,No. 3,May 2023, pp. 598—607 E-mail:sjcj@nuaa. edu. cn
DOI:10. 16337/j. 1004-9037. 2023. 03. 009 Tel/Fax: +86-025-84892742
© 2023 by Journal of Data Acquisition and Processing

BT X i igliE M B9 21 5 AL AR B 4w o7 E
R AN E T INE S AN 5S4

(1 b st Tl K5 B 238, b gt 1001245 2. BEARE FRHE R4 N T RE B, Ak 541004)

T OE: A TRZJLIM B AT EER R R — AR T AN RE e s B AR B ok R
o AR R T UL ALAS B AR A R R R AR IR LTSN ALAS B A B AR, A T MG AR 6 KA
£ 5 P A 71114&0\23‘/}?&‘&’37%7’5@4%:‘ RJEAF G ATRA B K A B B AR SR 69 B
e, sFF B ARG I B A8 A e MR B AT A 3 5, 0 T MR P R M AL 2 IR, & T
T =R AR PR W R JE AT B AR R TR B AR B AS AR AL B AR R T B AR 69 43 8 J e N F)
SHRMEF, BTN A MR R AR KEE LN TR ERSTAAF X ,IERH T ALH k8

A AOM
KR BIE N B AR AR ITIRF T AL B AL AZ B
HRESES: TP183 XEARER . A

Infrared Ship Target Segmentation Based on Adversarial Domain Adaptation
GAO Zihang', LIU Zhaoying', ZHANG Ting', LI Yujian®

(1. Faculty of Information Technology, Beijing University of Technology, Beijing 100124, China;2. School of Artificial Intelligence,
Guilin University of Electronic Technology, Guilin 541004, China)

Abstract: To improve the segmentation accuracy of infrared ship target, we present an adversarial domain
adaptation network for infrared ship target segmentation (ISADA), where the labeled visible ship images
are used as the source domain and the unlabeled infrared ship images as the target domain. To address the
issue of style difference between the two domains, we preprocess the visible images of the source domain in
turn with graying and whitening to convert them into the images with the style of the target domain. For the
infrared images in the target domain, we optimize them with a denoising network. Furthermore, to solve
the matter of limited receptive field of the discriminative network, we design a discriminative network
based on atrous convolution. Finally, for the problem of low confidence of the target domain prediction
images, the information entropy of the target domain prediction images is added to the adversarial loss. The
experimental results on the datasets composed of visible and infrared ship images is superior than the state-
of-the-art methods, which demonstrates the effectiveness of the proposed method.
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