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Abstract: Aiming at the issues of low ship detection rate caused by the failure of background modeling
in the dynamic complex environment of traditional ship detection methods, a rapid ship detection
algorithm based on gradient texture histogram features and multilayer perceptron was proposed. The
feature fusion between gradient and texture histogram of the target was performed using multilayer
perceptron, constructing the feature space for ship targets. Firstly, the region proposal model based on
binarized normed gradient feature was trained to quickly generate a small number of ship candidate

windows with high recall rate and then the gradient texture histogram features were extracted from each
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candidate window. Secondly, a multilayer perceptron was designed as a ship classifier to distinguish the

gradient texture histogram features. Experimental results show that the proposed algorithm has an average

precision of 90.0% and an average time of 20.4 ms/frame in multiple maritime scenes, which effectively

realizes rapid ship detection in maritime scenes.
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Fig.1 Flowchart of rapid ship detection based on gradient texture

histogram and multilayer perceptron
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Fig.3 Extraction of texture histogram features: (a) Image in proposal; (bl) gradient maps in horizontal and vertical directions;

(b2) texture feature map; (cl) gradient features; (c2) histogram of texture features
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Fig.4 Network model of multilayer perceptron. Each circle denotes
a perceptron model, which achieves a powerful representation
of nonlinear functions through a non-linear mapping of the

perceptron layers
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Tab.1 Performance comparison of different

proposal models in ship target proposal

Methods Time/ms Recall
BINGship'™! 9 0.961
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Fig.5 Tradeoff between #WIN and Recall in different proposal

generation models with the IoU over 0.5
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Tab.2 Performance of multilayer perceptrons with
different network structures in ship detection
(Among them, n in the network structure
indicates the feature dimension of the input,
and ""-" is used as the connector of each

layer of the perceptron)

Models Structure Precision Recall AP  Time/ms
MLP, n—2 0.945 0.715  0.703 18.4
MLP, n—256-2 0.986 0.957 0.902 28.0

MLP; n—256-256—-2 0.947 0.924  0.887 32.6
MLP;, n-256-256-256-2  0.949 0.944 0.898 35.6

MLP; n—32-2 0.972 0.950  0.900 20.4
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Fig.6 Tradeoff between precision and recall in different network
structures of multi-layer perceptron in ship detection.
The curves of different colors denote different network
structures, and the network structure details correspond

to Table 2
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Tab.3 Comparison of ship detection performance
with different features combined with

MLP; network structure

Methods Precision Recall AP Time/ms

Proposed

(HOG-LBP+MLP) 0.972 0.950 0.900 20.4

HOG+MLP 0.919 0.855 0.798 15.4
LBP+MLP 0.870 0.803 0.757 13.2
1.0
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.2 0.6F
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Fig.7 Tradeoff between precision and recall in different features
combined with multilayer perceptron in ship detection.

Curves of different colors denote different features
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Tab.4 Comparison of ship detection performance

with different detection algorithms

Methods Precision Recall AP Time/ms

Proposed

(HOG—-LBP+MLP) 0.972 0.950 0.900 20.4

HOG-LBP+SVM 0.765 0.846 0.697 19.5
HOG+SVM 0.689 0.894 0.592 14.6
GMM 0.189 0.617 0.267 11.7
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Fig.8 Results of different detection algorithms. Different colors denote the results of different detection algorithms, where red boxes

indicate the ground true and blue boxes indicate the results of proposed algorithm
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