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Abstract

With the vigorous development of China’s shipping industry, the ship number serves as the unique
identifier of the ship’s identity, ensuring accurate identification of the ship number is crucial for
ship management. However, in practical scenarios, ship numbers often have blurred or obstructed
text, which greatly reduces the accuracy of recognition. Due to the fact that traditional image
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processing and text recognition methods cannot effectively solve this problem, and most existing
methods usually solve this problem in two steps, first performing image restoration and then per-
forming text recognition on the restored image, this approach ignores the correlation between
image restoration and text recognition. Therefore, this article proposes a dual branch coupled text
recognition framework called SRC-GAN, which combines Generative Adversarial Network (GAN)
and Convolutional Recurrent Neural Network (CRNN) for fuzzy occluded ship number texts. It in-
tegrates text recognition and image restoration through adversarial learning. By jointly training
the recognition model and GAN model, more common features of images can be learned, resulting
in better recognition performance for low-quality images. The recognition experiments on the
ship dataset and CTW dataset show that this method has improved the average recognition accu-
racy distribution by 11.98% and 10.68% compared to the original CRNN, and also has certain ad-
vantages over the two-stage recognition model. SRC-GAN has better recognition performance for
fuzzy occluded text images.
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Figure 1. Blurred and obscured ship identification numbers
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Figure 2. Overall flowchart
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Figure 3. YOLOV5 network architecture diagram
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Figure 4. CRNN network architecture diagram
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Figure 5. Text recognition framework diagram
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Figure 6. Sample images from ship dataset and CTW dataset
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Figure 7. Example of ship number text region detection results
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Table 1. Performance comparison results between YOLOV5 and other models
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Model AP/% t/s
YOLOvV5 95.54 0.014
SSD 91.54 0.255
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Figure 8. Comparison of recognition between the original image and SRC-GAN
generated image
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Table 2. Performance comparison results between YOLOV5 and other models
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CTW 2 80.61% 81.36% 83.34% 85.90%
CTW 4 61.45% 60.49% 72.81% 76.45%
CTW 6 45.66% 44.41% 54.77% 57.41%
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