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Abstract 

Waterway transportation is an important mode of transportation in modern society. 
Especially after the Silk Road, waterway transportation plays an important role in global 
trade transportation. However, with the expanding use of ships, ships hit the reef, illegal 
transportation, marine pollution and other waterway traffic accidents occur frequently. 
As unique identities, Ship Identification Characters(SICs) have been playing a significant 
role in ship traffic behavior control. In order to realize the intelligent detection of ship 
identification characters, this paper proposes an improved TextBoxes detection method 
for efficient and automatic detection of ship identification characters. Experiments show 
that this improved algorithm improves the detection accuracy by about 6% compared to 
TextBoxes themselves. 
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1. Introduction 

Ships are the most important carrier of waterway. Accurate identification of ship's characters is a 

strong guarantee for ship-to-ship communication, shore-to-ship identification and waterway traffic 

monitoring. One of the most important identification information of a ship is the ship identification 

characters. Accurate detection of the ship identification characters is an important step to recognize a 

ship. Besides, with the continuous development of artificial intelligence and computer vision, 

applying image processing and computer vision technologies to the ship's intelligent transportation 

field, achieving efficient and accurate detection of ship name signs will effectively avoid the 

occurrence of waterway traffic accidents. So, we are committed to accurately detecting and 

recognizing SICs by employing the progressive image processing and deep learning technologies. 

And the main contributions of this dissertation are concluded as follows:  

1) We propose the ship identification characters benchmark datasets. Used for training and testing of 

SCIs detection algorithm. 

2) We present the Improved TextBoxes ship identification characters detection method.  

2. Related Work 

At present, there are a little study devoted to detect and monitor ships by using computer vision and 

other related technologies. Lin Kunjie [1] proposed a method to automatically identify the ship's water 

area through image processing technology， achieving tonnage automatically detect. Jin Xuedan [2] 

introduced computer vision technology into the ship traffic management system to realize the 

recognition of target ships, and systematically studied the use of image processing and neural network 

technology for ship classification and ship type recognition. Gu Hui et al. [3] proposed the 
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deformation correction method in the ship identification character recognition system by adopting 

bilinear space transformation and radian interpolation. Zhu et al. [4] proposed a customized character 

recognition system for ship recognition. 

We take the ship identification characters as a breakthrough, and hope to use advanced image analysis 

and deep learning technologies to study the ship identification characters to help the ship-to-ship 

(ship-to-shore) interaction in intelligent waterway transportation.  Specifically, this paper focuses on 

the task of detecting ship identification characters in natural scenes. Given the input image, the 

specific coordinate position of the ship identification character area contained in the image is found 

through a computer algorithm. To pave the way for subsequent character recognition. 

3. Ship DataSet 

Scientific and effective datasets are the basis for algorithm proposal, evaluation and improvement. 

This section focuses on collecting and marking a large-scale ship dataset, and provides training and 

test images for the proposed ship identification characters algorithm. 

In this paper, through cooperation with relevant port and shipping management units, intelligent 

traffic cameras are used to capture the original ship images. In the snapping process, the following 

factors were fully considered: 

1) Different backgrounds. The background difference of the picture is a big test for the robustness of 

the algorithm. Therefore, in order to increase the background diversity of the pictures, when we 

collect the pictures of the ship, we consider collecting them in different places, different time periods 

and different angles. 

2) Different seasons. Ships often work in the natural environment of the outdoor water surface, and 

the environmental difference varies greatly in different seasons. Therefore, the dataset images in this 

paper are considered to be collected in different seasons such as spring, summer, autumn and winter. 

3) Different time periods. The natural environment of the same spot may be different at different time 

periods. For example, the angle of sunlight will change with time. The selection of pictures also 

considers different time periods of the day. 

4) Ship diversity. We collected different types of ships, and they are different in terms of color, ship 

name identification, etc. 

After considering the above factors, 10k ship pictures were selected. Each of these ship pictures 

contains at least one valid ship identification characters. The types of ships included in these pictures 

are basically Chinese cargo ships. Figure 1 shows some examples.  

 

 

Fig. 1 Some example images from the ship dataset  
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4. Ship identification characters detection 

The purpose of the ship identification characters detection is to detect the specific position 

information of the ship identification characters in the input picture. this paper considers the use of 

deep convolutional network for ship identification characters detection. Specifically, We propose a 

detection method based on improving TextBoxes. 

Text detection methods based on deep learning are mainly divided into two categories[6], which are 

regression-based detection methods[4] and segmentation-based detection methods[5]. The text 

detection method based on regression is adopted in this paper. Specifically, the design of the deep 

neural network model for ship identification detection in this paper mainly uses TextBoxes [4] and 

ssd [6] as the source model, then use transfer learning technology to transfer the features learned by 

the source model to the ship identification characters detection task. Textboxe, like ssd, inherits the 

first 13 layers of the VGG-16 network as the reference feature extraction layer. On this basis, 

TexBoxes added another 9 convolutional layers after VGG-16, and used other 6 text detection layers 

to perform text detection in different convolutional layers. In general, Textboxes is a 28-layer hidden 

layer Deep neural network. Among them, the text detection layer simultaneously predicts the 

confidence of the text area and the offset of the associated default rectangular frame at each position 

of the feature map output by the convolution layer. Finally, in the test, TextBoxes adopted the image 

multi-scale input and non-maximum suppression strategy. 

However, Textboxes has a weak ability to deal with the scale complexity of ship identification and 

insufficient detection capabilities for small objects. Therefore, this article made two improvements: 

1) Use a deeper and more compact network model. In order to make the depth of the entire network 

shallower and the structure more compact, the convolutional layers con6 and conv7 improved from 

the two fully convolutional layers of VGG-16 are deleted. As the last feature extraction layer of 

Textboxes, the excessively large receptive field of pool11 makes it impossible to learn the information 

of the ship identification characters that is too small in area. Therefore, in order to make the network 

structure compact, the pool11 layer is removed. 

2) Use a shallower convolutional layer to detect the character of the ship name identification. 

Compared with Texboxes, we detected ship identification characters on shallower convolutional 

layers, because the shallower convolutional layer may contain more ship identification details. 

Specifically, the ship identification detection layer 1 and the ship identification detection layer 2 are 

respectively connected to the Con4_3 convolution layer and the con5_3 convolutional layer (post-

pooling layer) of VGG-16. The remaining three ship name sign detection layers are also relatively 

acceptable for more detailed ship identification details, because the con6 and con7 layers in the middle 

of Textboxes have been removed. The improved TextBoxes network structure is shown in Figure 2. 

 

Fig. 2 Improved TextBoxes network structure 
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The network structure contains a total of 24 network layers. Among them, the first 13 layers are also 

inherited from VGG-16, and another three convolutional layers are added after VGG-16 for further 

feature extraction. Finally, a 5-layer ship identification characters detection layer is used to detect the 

ship identification on different feature maps. 

During the detection of ship identification, for the feature map output by the convolutional layer 

which connected to the ship identification characters detection layer, we calculated two types of 

information simultaneously at each position of the feature map that one is the confidence of the ship 

name identification area, and the other is the offset of the position from its associated default 

rectangular frame. The parameter settings of the default rectangular box used by the network are 

consistent with Textboxes [4]. 

Formally, suppose that the size of the feature map output by a convolution layer is (wim,him) and 

(wmap,hmap). For a feature map position (i, j) and a default rectangular frame b(x0, y0, w0, h0) which 

associated with the feature map, the ship identification detection layer predicts a set of values 

(∇x, ∇y, ∇w, ∇h, c), and the set of predicted values represents a rectangular frame b = (x, y, w, h ) is 

detected with confidence c. And (x, y, w, h) are expressed as 

x = 𝑥0 + 𝑤0∆x.                               (1) 

y = 𝑤𝑦0 + ℎ0∆y.                              (2) 

w = 𝑤0exp(∆w).                              (3) 

ℎ = ℎ0exp(∆h).                              (4) 

During the training stage, follow the corresponding strategy in ssd [7] to match the ground truth of 

the labeled area and the default rectangle. Assume that x is the match indication matrix, c is the 

confidence level, i is the predicted position, and g is the ground truth, xij = 1 means that the two boxes 

are in a matching state, and xij = 0 means that it is not match. Then, the loss function of the network 

is defined as follows [4, 7]: 

𝐿(𝑥, 𝑐, 𝑙, 𝑔) = 1/𝑁(𝐿𝑐𝑜𝑛𝑓(𝑥, 𝑐)+∝ 𝐿𝑙𝑜𝑐(𝑥, 𝑙. 𝑔)).               (5) 

Here N is the number of default rectangular boxes that match the real column box, set to 1. Lloc is 

the smoothL1 loss function [8], and Lconf refers to the binary classification softmax loss function. 

5. Experimental results and analysis 

In this paper, the input scale of the deep model training is 300 * 300, and the stochastic gradient 

descent method is used for training. Momentum and weight decay are set to 0.9 and 5x10-4, 

respectively. Fine-tuning the training of Textboxes, based on the carefully trained text detection 

model provided by the original author. First, the model is trained on 50K iterations on the SynthText 

dataset (the initial learning rate is set to 0.001, and the learning rate decay after 5k iterations) 10-4), 

and then fine-tune the data set collected in this article (a total of 30k iterations, the learning rate is set 

to 10-4). All experiments were performed on a computer equipped with an NVIDIA GeForce GTX 

1080 graphics card and 64GB RAM. After the algorithm model in this paper is trained, it is compared 

with two deep learning-based text detection methods. Among them, Textboxes [4] is the source 

domain method for transfer learning in this chapter; on the basis of Textboxes, liao et al. Proposed an 

upgraded version Text detection model (textboxes ++) [9] got the experimental results shown in Table 

3 below. 

Table 1 Experimental results 

Method False alarm rate Accuracy Recall rate 

Textboxes[4] 61.01% 0.39 123 

Textboxes++[9] 75.51% 0.24 644 

We method 4.16% 0.96 649 
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It can be seen that the algorithm proposed in this paper has achieved a false alarm rate of 4.16% and 

a detection accuracy of 0.96. Compared with the other two algorithms, this algorithm has achieved 

the best results in all indicators except time efficiency. 

Based on the model trained in this paper, testing different pictures has achieved good detection results. 

The test result is shown in Figure 3 (the detected ship name characters are in the red column box). 

 

Fig. 3 Improved test results graph of Textboxes algorithm model 

6. Conclusion 

This paper proposes an improved Texboxes ship name identification detection algorithm based on 

deep convolutional neural network. By collecting ship image data sets with large scale and rich 

background content, and aiming at the problems of too small scale and complex scale of ship name 

identification, an improved Textboxes is proposed to build a shallower network framework. The 

experimental results show that the sub-algorithm The model has achieved a higher positioning 

accuracy as a whole, ensuring a lower false alarm rate. 

References 

[1] Lin Kunjie. Ship area automatic recognition system based on machine vision [D]. Nanjing University of 

Aeronautics and Astronautics, 2009. 

[2] Jin Xuedan. Research and application of computer vision in real-time ship identification method [D]. 

Shanghai Maritime University, 2007. 

[3] Gu Hui, Wang Yiyi. Research on Deformation Correction Method in Ship License Plate Recognition 

System [J]. Modern Electronic Technology, 2009, 32 (10): 87: 90. 

[4] Liao M, Shi B, Bai X, et al. TextBoxes: A Fast Text Detector with a Single Deep Neural Network[C]// 

AAAI. 2017: 4161-4167. 

[5] Zhang Z, Zhang C, Shen W, et al. Multi-oriented text detection with fully convolutional 

networks[C]//Proceedings of the IEEE Conference on Computer Vision and Patten Recognition. 2016: 

4159-4167.  

[6] Lyu P, Yao C, Wu W, et al. Multi-oriented scene text detection via corner localization and region 

segmentation[C]//Proceeding of the IEEE Conference on Computer Vision and Patteren Recognition. 

2018: 7553-7563. 

[7] Liu W, Anguelov D, Erhan D, et al. SSD: Single shot multibox detector[C]//European conference on 

computer vision. Springer, Cham, 2016: 21-37. 

[8] Girshick R. Fast r-cnn]C]//Proceedings of the IEEE international conference on computer vision. 2015: 

1440-1448. 

[9] Liao M, Shi B, Bai X. Textboxes++: A single-shot oriented scene text detector[J]. IEEE Transactions on 

Image Processing, 2018, 27(8): 3676-3690. 


