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Abstract: Objectives: The green tide formed by Ulva prolifera (U. prolifera) is a harmful marine ecologi-
cal disaster. The rapid and accurate detection is of great significance for timely management of U. prolifera
and the healthy development of the marine industry. Methods: Because the boundary of U. prolifera area is
difficult to be determined accurately in high resolution remote sensing images (HSRIs), an U. prolifera de-
tection method for HSRIs based on dual-path convolutional neural networks (CNN) is proposed in this pa-
per. First, a dual-path CNN semantic segmentation framework is designed based on the distribution charac-
teristics of U. prolifera in HSRIs. The area and boundary of U. prolifera in HSRIs can be extracted simulta-
neously using the proposed framework. Then, the strategy for optimizing the initial U. prolifera area de-
tection results based on U. prolifera boundary is proposed to improve the detection accuracy. Results: The
experimental results show that the proposed method can extract U. prolifera accurately, with Fl-score of

88.25% , intersection—over—union of 78.97% and over accuracy of 98.99% , which is better than other U.
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prolifera detection algorithms. Conclusions: The proposed method can obtain good results for the detection

of different types of U. prolifera in HSRIs.

Key words: Ulva prolifera; high resolution remote sensing image; convolutional neural network (CNN) ;

information extraction; multi—feature fusion
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Fig. 1 Example of Distribution Characteristics of

U. prolifera in High Resolution Remote Sensing Images
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Fig. 2 U. prolifera Semantic Segmentation Framework
Based on DPCNN
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Fig. 3 Boundary Assisted Optimization Process

for U. prolifera Area
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Fig. 4 Experimental Results of the Proposed Method
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Tab. 2 Quantitative Evaluation of Different U. prolifera
Detection Algorithms in High Resolution

Remote Sensing Images

Jr i P R F1 10U OA
B35 R R Y 0.1754 0.2363 0.2014 0.1120 0.9228
U-Net! 0.9728 0.6813 0.8014 0.6686 0.986 1
SegNet™! 0.9809 0.7431 0.8456 0.7325 0.9888
ResUnet-a?!  0.5715 0.7391 0.6446 0.4756 0.9664
EPNet?! 0.9726 0.6844 0.8034 0.6715 0.9862

ARy vk 0.8501 0.9175 0.8825 0.7897 0.9899

24 HEMEMEBEZEX TN

WA STy ¥R 5 HoAth CNN AR TS SO #1 5ik
F4 285 A MR T 52 20 B2 b 47 5 B VE A, o R P 4
KA 3 P78 o AEFR 3 A SCT7 ik 19 1 FE I 1)
NI 4 Bl S SRR SCT5 vk L
LT H A T8 S 5 AT RO A R
W DX o AR SO i B R T 2 0 MR s B
BN T A 4 B R SO R SRR R B SR
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Tab. 3 Quantitative Evaluation of Efficiency and Com-

plexity of Different CNN Semantic Segmentation Algorithms

EES THFERTH] /s BT S H0E /MB IR SER /G
U-Net'?"! 0.17 131 114.89
SegNet'? 0.14 124 79.76

ResUnet-a! 0.14 84.3 52.68
EPNet 0.17 131 114.89
KN WRS 0.11 46.4 46.93

2.5 BN R B AR L EGS

X 6 e 5 RS I B v A W T Sy B 4
i g S AT H AL L PEA SR T 7 3K AR T
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5 FhOGT Lt J7 3k 34 X LA W0 060 A P TR TR
S3 A BWEE DX, A SC O v R B R I
Ko TEFZAR T rh ST HE Ty ik M DA D 1
FEJEAE PN /N T R B B T AR ST i ARG N 45 2R
HHEAEARERA - EBR 8 SFxT LTk
a7 ¢ DA 0 i 210 €5 6 08 A PN i SRR 0 W IX
B MAS SCH ¥RV ARG RATF AR D 45 21 . 7252 1%
9w, 5P b T i B LIRS it G T 1 21 €5 K TR AE
PR /INTED AR EL SR I 43 A1 R DX, T AR SO ik
e I 25 R 5 BB AR T A — B, ERZ 10T,
X T £ 0P AE P R R % #8043 A1 9 /) T AR
WFEr DI, 5 R0 L T v B4 0 L 3R A5 12 DX B o o
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B . AERAR 12, 5RO e 5 i 2 LIRS 1
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77 % AT M A b ARSI O DX L AR 5 BE AR
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53R 338 GG R 45 AR
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