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Abstract

Ship detection in remote sensing images is a challenging task due to the complex backgrounds and small sizes of ships. Deep
learning-based object detection algorithms have shown promising results in ship detection, but they often lack interpretability. In
this paper, we propose a fusion technique of Faster-RCNN and Class Activation Map (CAM) for ship detection in remote sensing
images. Our proposed technique combines the advantages of Faster-RCNN in accurate object detection and CAM in interpretability.
The Faster-RCNN algorithm is used to detect regions of interest, and the CAM technique is used to generate a heat map that
highlights the regions of the image that contribute to the ship detection. The ROIs and the class activation map are then combined
to refine the ship detection results. Our experiments show that the proposed approach achieves higher Precision while maintaining
Recall.
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Dataset Date Source Resolution Image Size Images/Ships Train Test
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0.5m, 1m, 3m 800×800 5,604/16,951 4,483 1,121

SSDD 2017.12
RadarSat-2
TerraSAR

1m 15m 190 668 1,160/2,456 927 232

1. HRSID[27] SSDD[28]

Table 1. Dataset detail for HRSID[27] and SSDD[28]

(a) Ship augmentation method (b) Non-ship augmentation method

2.

Fig. 2. Data augmentation method
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Ap Precision Recall

Baseline 0.7706 0.1121 0.8093

Element-wise 0.5704 0.0924 0.6503

Concat 0.5796 0.0930 0.6537

Proposed 0.7712 0.2303 0.7906

4. HRSID
Table 4. Ship detection result for HRSID dataset

Ap Precision Recall

Baseline 0.8775 0.1109 0.9495

Element-wise 0.4294 0.0707 0.6044

Concat 0.1720 0.0467 0.4428

Proposed 0.8808 0.2383 0.9265

5. SSDD
Table 5. Ship detection result for SSDD dataset
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