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Table 1 The information of the HY—-1C/CZI data used in this study
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H1C_OPER_CZI_L1B_20210104T024925_20210104T025020_12184_10
H1C_OPER_CZI_L1B_20210110T024915_20210110T025010_12270_10
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Table 2 Hyperparameters in training process
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Fig. 3 Loss varies with the number of epochs
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Table 3 Comparison among different networks

LAY mAP/%
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YOLOv4 76.5
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SSD 71.3
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s »
6 =TT AR A

Fig. 6 Wake detection with cloud influence

O
K7 LA AN s A 17 0

Fig. 7 Wrong and neglected cases

O e

4 Rl ZHHER

B LRI A 425 ARPiAg I . FFRSCRIE
Tt Uit FE R % Bk o 7E HY-1/CZI52 A5 L] UL Ay
FEl A IR SO i Ml i e il o H R T CZLZ5 (] 43
PERARTRAR, FFIRSUE 2 BE AR, KA1 5
A SRR T L, PRI AR SCfel R i R A X A
ST 8 S FE 1]

i it R IR AR b YRR IE 2 — 5 — E 8
2B, ROT8/N HAR AT 5 i 1 — i e
JICHA 58 1 2 AR TR Y R TR A AR 2 ) 45 4
e 2R 1 4 R ny ST, fﬁﬁﬁ%
A RIHE Rl BRI 0 e T SRR K
*ﬁﬁﬁ%m:ﬁ%%%(mmlmm,%%%
WY R B K . Ostu —HAL BG40 R
B S5 5, WP W28 2 8] 7 22 5 K43 ) A
VER ZAHALBIE . TE4R I E ZRP RS, A SO ]
HE % Hough ZF 4t (Probabilistic Hough Transform) ,
(Matas 4F, 1999) W] DAIJRHRE B, [AlEF e H A%
R AR LB AL ] m A LR TR
AT (K8):

K8 i Rl S HUR R &

Fig. 8 Flow chart of turbulence ship wake detection
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Fig. 9  Turbulence ship wakes detection
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Fig. 10  Ship detection results in large sea areas
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Table 4 Wake extraction accuracy evaluation
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ik CGHT 73.81 68.10
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Fig. 11 Results of different algorithms
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Table 5 Positioning and orientation evaluation
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Automatic detection method of a moving ship based on an
HY-1/CZI satellite image
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2. State Key Laboratory of Satellite Ocean Environment Dynamics, Second Institute of Oceanography,
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Abstract: Ship detection by satellite remote sensing is of great significance for the safety of maritime navigation and the maintenance of
maritime rights and interests. The traditional ship detection based on high spatial resolution Synthetic Aperture Radar (SAR) and optical
satellite images cannot easily realize high-frequency monitoring application due to the long revisit period. The medium resolution Coastal
Zone Imager (CZI) carried by China’s “Ocean-1" series satellites (HY-1) has a relatively low spatial resolution (50 m). However, HY-1C
and HY-1D form a double satellite network observation in the morning and afternoon, which has the advantage of short revisit period and is
of great value for marine vessel monitoring. We attempt to realize the ship automatic detection and orientation technology of medium-
resolution CZI images, which will be of great value to the monitoring of ships at sea. In this study, a convolutional neural network is used for
feature learning and target extraction, and an automatic ship detection method of HY-1/CZI image is established. Verification results show
that this method has the advantages of not requiring threshold adjustment and strong adaptability, and the detection accuracy reaches
77.71%, which can be applied to the automatic monitoring of marine moving ships in the HY-1/CZI image. The algorithm in this work can
directly detect the position and motion information of marine moving ships from the medium-resolution HY-1/CZI image without manual
screening, realize the automatic extraction of wake, and overcome the problem of insufficient resolution of the medium-resolution optical
image. Based on the detection results, this work further quantitatively describes the wake and obtains the information of the ship's position
and movement direction.

Key words: coastal zone imager, vessel inspection, convolutional neural network, satellite remote sensing
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