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Research on Detection Method of Refined Rotated Boxes in Remote Sensing

ZHU Yu' FANG Guan-Shou' ZHENG Bing-Bing' HAN Fei'

Abstract The objects in remote sensing images are often shown in any direction. The common algorithms of ob-
ject detection adopt horizontal detection, which cannot fulfill the application requirements in remote sensing. There-
fore, this paper proposes an object detector of rotated boxes named R-FRCNN. The network adopts two stages of
rough and refined adjustments to realize the detection of rotated boxes. The rough adjustment stage is used to
transform the horizontal boxes into rotated boxes, and the refined adjustment stage is used to further optimize the
position of the rotated boxes. In view of the fact that there are many small objects in remote sensing images, this
paper proposes a pixel-recombination pyramid structure to improve the detection accuracy of small objects in a
complex background by integrating deep and shallow features. In addition, in order to extract more effective fea-
ture information from each layer of the pyramid, this paper designs a region pooling method combining integration
and area interpolation in the rough adjustment stage, and a region pooling method of rotated boxes in the refined
adjustment stage. Finally, this paper adopts the prediction branch combining the fully connected layers and the
convolutional layers, and takes the Smooth[L,, as the regression loss function of the network to further improve the
performance of the algorithm. The network proposed in this paper is evaluated on a large remote sensing dataset
DOTA, and the evaluation mean average precision reaches 0.7602. Comparative experiments show the effectiveness
of R>FRCNN modules.

Key words Remote sensing images, rotated boxes detection, two stages adjustment, pixel-recombination pyramid,
region feature extraction
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Table 1 ~ Comparison of detection accuracy of different methods in DOTA (%)

K5 R2CNNH RT™ CADNet!! SCRDet!" R*Det /" GV KICTTIE
AL 80.94 88.64 87.80 89.98 89.24 89.64 89.10
FEERIZ) 65.67 78.52 82.40 80.65 80.81 85.00 81.22
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M1z 67.44 75.92 73.50 68.36 65.62 77.34 72.97
NP A 59.92 68.81 71.10 68.36 70.67 73.01 79.99
v 50.91 73.68 64.50 60.32 76.03 73.14 82.28
fiern 55.81 83.59 76.60 72.41 78.32 86.82 87.64
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it 72.39 81.46 73.30 86.86 84.42 86.81 86.33
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b7 N S | 52.23 53.54 60.90 66.68 57.18 70.91 68.18
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Tkt 53.35 58.93 67.00 68.24 68.98 70.86 70.83
Bl 48.22 47.67 62.20 65.21 60.88 57.32 59.19
YR 2R 60.67 69.56 69.90 72.61 72.81 75.02 76.02
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Fig.3  The structure of pixel-recombination pyramid
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Table 2 R*-FRCNN module separates detection results
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Table 3  Experimental results of feature extraction

methods of different horizontal boxes
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SEYIUERZE (%) 71.21 73.62 73.99

x4 RIS IO I S 2 R
Table 4 Experimental results of different feature
extraction methods of rotated boxes
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