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Ship target recognition in remote sensing images based on
improved ResNet18

Zeng Fuqiang Zhang Zhenkai Fang Mengyao
(Ocean College, Jiangsu University of Science and Technology,Zhenjiang 212003, China)

Abstract: As the main means of Marine traffic warfare, it is of great significance to identify ship targets efficiently and
accurately in remote sensing images. Although the optical remote sensing ship image contains rich information, the
recognition rate is low because of its high complexity, large image and the influence of weather and day and night
change. To solve this problem, this paper proposes a more efficient optical remote sensing ship image classification
method by improving ResNetl8. The ResNetl8 network is simplified and its parameter number is reduced. The
parallel Pooling is used to reduce the dimensionality of the feature graph space to speed up the network convergence
while keeping less feature loss. The multi-scale convolution is introduced to extract feature information of different
scales, and the ECA attention mechanism is used to improve the multi-scale convolution module and residual module to
solve the problem that features can’t interact well between channels in branch network branch fusion. Experiments
were carried out on the FGSCR-42 dataset, and the experimental results show that the improved algorithm converges
faster, and the accuracy and Fl-score are up to about 95% , which is about 7% higher than that of the ResNetl8
network, while the number of parameters is only about 20% of that before the improvement. Compared with the
performance of other networks in ship target recognition, the proposed method also has better performance.
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Fig. 1 Sample images of the FGSCR-42 dataset

AR SCHE AR P38 R BR E R 28 0l 16 AT L5,
TR R 1 R, YIZRET ] Pytorch MEHEF EI{5 3
5% PR B transfroms X 804 4 F ROBE 58 — . pon fb bR AL,
REDLIER: EA% L 2255 i B e s A5 O =R AT T AN B
SRIARELS S | p T A R R R B 1 SR AT S S R AT R
3

®1 BIRSHK

Table 1 Composition of the dataset
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8 T 120 40
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10 B i R 294 99
11 L2 169 57
12 Jo £ 689 230
13 e 283 95
14 A 106 36
15 iz s sk 243 82
16 LR 341 114
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Fig. 2 Residual module structure
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Fig. 3 Structure of ResNetl8 network
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Fig. 4 Structure of improved network based on ResNet18
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Fig.5 Structure of ECA attention mechanism
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Fig. 10 Confusion matrix
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Table 5 Comparative experiments
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ResNet34 78.5 79.6 21.29 3.68
ResNetl8  88.4 88.3 11.18 1. 82
A3 95.3 95. 4 2.12 1.18
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Fig. 12 Variation curve of accuracy with training rounds
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Table 6 Performance comparison of remote sensing ship

target recognition algorithms
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% %
kL 21] FGSCR-42 8 90.0  91.9
k[ 22] MARVEL 5 95.8  95.8
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Table 7 Performance comparison of the algorithm

before and after the improvement
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