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A Taxiway Line Detection Method for Onboard Vision Based on the
Fusion of HC-FPN and ICRU

ZHANG Tao, FU Hao, LUO Qijun, WANG Zhuang, XIE Xianglei
(Tianjin Key Laboratory of Intelligent Signal and Image Processing, Civil Aviation University of China,
Tianjin 300300, China)

Abstract: To acquire the relative positional relationship between the taxiing direction of an aircraft and taxiway markings
through airborne visual sensors, and to enhance the crews perception of taxiway markings during the taxiing phase of civil a-
viation aircraft, thereby achieving visual-assisted driving for such aircraft, an airborne vision taxiway line detection method
integrating HC-FPN and ICRU is proposed. Extract image features through the ResNet, design the HC-FPN in the network
neck to fuse multi-level high-level information, perform instance detection. and predict the shapes of taxiway lines by using
row-anchor detection and dynamic convolution. Additionally, design the ICRU to meet the requirements for detecting taxi-
way lines with complex topological structures, and introduce the PloU loss function in the loss calculation. Experimental re-
sults show that the proposed network achieves an F, score of 85.81% on a self-developed taxiway line dataset, 86.17% on
the CurvelLanes dataset, 78.63% on the CULane dataset, and an accuracy of 96. 45% on the TuSimple dataset, which veri-
fies the accuracy and effectiveness of the proposed method, with an assisted driving for crew members during aircraft taxiing.

Keywords: taxiway line detection; anchor-based detection; feature fusion; topological structure; onboard vision
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- 23 ) L 96. 45 31.0
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CondLaneNet-L™7 | 84.38 85. 43 83.35 58 senn | UFAST| RESA |CondLane ;gi £
CLRerNet-DLA34% | 79,61 82.61 76. 82 R ! S| MO | Net) sy
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A ITEM 85.20 86. 03 84. 38 WH/ % 69.70 | 66.00 | 72.40 | 75.79 |75.55|76.22
A5 L 85.81 86. 88 84.76 e/ % 66.10 | 62.10 | 69.80 | 73.23 |71.84]73.79
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. By /)
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= AN A 72 3 4R R ) anes ¥ AR/ 70
WP P2 IR BSR S - Curvelanes FUH 56/ % 58.50 | 58.40 | 66.50 | 70.72 |71.21]70.93
A~ > N N A
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BeEbhEZL, FHBEEZTRKEMNIMEEEL. Rtz FEBOCG| 1990 | 1743 | 1896 | 1364 [1577]1 660
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SCNNHY 65.02 76.13 56. 74
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FPN E N P25 (0 SE6 . FE F A7 MR 7 ik . 56
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i ICRU Bk, FE58 = A7 4R J30 1 FPN B 6 78 S 42
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N 53.07
N 78.36(+25.29)
J J 82.29(+29.22)
J J J 85.20(+32.13)
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FPN GBS TH 4T () 2 Ffh & 5 )2 2 R 5 B, X AT IE 4
WRE I AT 3 THE . B — A7 R AR L AT A I
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