Ha4E H5 M AR S N Vol.44 No.5
202245 A Infrared Technology May 2022

BT % REEX MR IMILAG B AR

Atk !, T B2
(1. BEMI2ERe B TRE2ERE, 2280 310 2380005 2. WL K2: ey TR, Wil Bl 310000)

WE: H T HBAMENI TR, AXRET — AR ERENENBAMELN ML, ZHNEE
Bl 3 MERA R RAER S, FEe FHBAESf F T O RAER, LPRERNERER
SRELTTXGER, st — AR EFER I GTE, HREGDNEFRNTE; FIEL TR
HESREAS A R RAL AL A E R NIE M5 & LT XY BAE RN 224 f 3 A0 2 B R 28 7 W & R AE R 1A
71, UREREZE Z R, FEI ST RN IAHER, HRESENPH. AT RIEAX
BriR m A e l, AOTEENMMEEE#TT A ERIE. TRERXH, MHIA
R EENWER, AXHTENEEEEZREE FHAR T R Ee, EFEMELENELTRAR
T+ T AN E

KR EARRN; AR M BN, 27t FTXHR

hESAS: TN219 XHEAFRIRAS: A XE/HRS: 1001-8891(2022)05-0529-08

Infrared Ship Detection Based on Multi-scale Semantic Network
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Abstract: To enhance the anti-jamming performance of ship detection, an effective and stable single-stage
ship detection network is proposed in this study. The network is composed of three modules: feature
optimization, feature pyramid fusion, and context enhancement modules. The feature optimization module
extracts multi-scale context information and further refines the high-level feature input characteristics, to
enhance the performance of dim—small object detection. The feature pyramid fusion module can generate
semantic information with stronger representation ability. The context enhancement module integrates local
and global features to enhance the network feature expression ability, reduce the impact of a complex
background on detectability, adjust the imbalance between the foreground and background, and eliminate the
impact of scale-wave. To verify the effectiveness and robustness of the proposed method, qualitative and
quantitative verifications are performed on a self-built dataset. Experimental results show that the proposed
network achieves optimal performance compared with the latest benchmark comparison model and
considerably improves the detection accuracy without increasing complexity.
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Fig.1 Examples of infrared ship in complex infrared scenes
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Fig.2 Framework for multi-scale context feature
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Table 1 Ablation results of different modules
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Table 3 Comparison results for different sub-set
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