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Abstract

Ships are chronically exposed to high-salinity and high-humidity marine environments, where
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corrosion severely compromises structural safety and operational efficiency. Traditional manual
inspection suffers from inefficiency and limited accuracy, while conventional object detection algo-
rithms lack targeted optimization for ship corrosion issues. To address these challenges, this paper
proposes an intelligent ship corrosion detection method based on Mask R-CNN. Through multi-
source data integration and model optimization, our approach achieves precise identification of
corrosion areas. We aggregated open-source datasets to construct a standardized dataset compris-
ing 135 high-resolution images, followed by pixel-level polygonal annotations using Labelme after
preprocessing. For the model architecture, we integrated a Feature Pyramid Network (FPN) with an
enhanced ROIAlign module and adopted a dynamic learning rate strategy to optimize training. A
transfer learning strategy was employed to mitigate the limited dataset size for ship corrosion de-
tection. Experimental results demonstrate that the Mask R-CNN model combined with FPN and a
128 x ROIAlign module excels in multi-scale detection, achieving a mean Average Precision (AP) of
0.414—a 14.0% improvement over the baseline configuration (Faster R-CNN with C4 backbone and
64xROIAlign). Notably, small-target detection precision (APs) increased by 11.4%, and boundary
localization accuracy (AP75) improved by 15.6%. This study validates the effectiveness of deep
learning in ship corrosion detection and proposes a lightweight deployment solution, offering tech-
nical support for engineering applications.
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Figure 1. Data preprocessing image
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Table 1. Average performance metrics of five model architectures

= 1.5 MIERIRUA R It RESE AT

Backbone ROIAlign AP AP50 AP75 APS APM APL
(A) Faster R-CNN ResNet-50-C4 64 363 693 379 307 464 541
(B) Faster R-CNN ResNet-50-C4 128 340 664 345 307 39.6 487
(C) Mask R-CNN ResNet-50-C4 64 345 629 321 323 436 516
(D) Mask R-CNN ResNet-50-FPN 64 370 615 390 287 404 663
(E) Mask R-CNN ResNet-50-FPN 128 414 697 438 342 400 66.8
Table 2. Comparison of APs/APm/APL metrics
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Table 3. Test results of the five model architectures
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