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Abstract Addressing the challenge of low detection accuracy due to large differences in target scale and random direction
distribution in remote sensing images, this study proposes a remote sensing object detection method based on a sparse
mask Transformer. This approach is based on a Transformer network. First, the angle parameter is added to the
Transformer network for realizing appropriate rotational characteristics of remote sensing targets. Then, in the feature
extraction section, the multi-level feature pyramid is employed as an input to deal with the large variations of the remote
sensing image targets’ size and enhance the detection impact for targets with various scales, particularly for small targets.
Finally, the self-attention module is replaced with a sparse-interpolation attention module, which efficiently reduces the
error due to the large computation amount of Transformer network detecting high-resolution images, and accelerates the
network convergence speed during the training phase. The detection findings on the large-scale remote sensing dataset
DOTA reveal that the proposed method’s average detection accuracy is 78.43% and the detection speed is 12. 5 frame/s.
Compared to the traditional methods, the proposed method’s mean average precision (mAP) is improved by
3. 07 percentage points, which shows the proposed method’s effectiveness.
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Table 1 Comparison of detection accuracy of different methods in DOTA dataset
Method AP/ mAP /%
PL  BD BR GTF SV Lv. SH TC BC ST SBF RA HA SP
R2CNN" 80.94 65.67 35.34 67.44 59.92 50.91 55.81 90.67 66.92 72.39 55.06 52.23 55. 14 53.35 48.22 60.67
RRPN" 88.52 71.20 31.66 59.30 51.85 56.19 57.25 90.81 72.84 67.38 56.69 52.84 53.08 51.94 53.58 61.01
RT™" 88.64 78.52 43.44 75.92 68.81 73.68 83.59 90.74 77.27 81.46 58.39 53.54 62.83 58.93 47.64 69.56
CAD-Net"” 87.80 82.40 49.40 73.50 71.10 64.50 76.60 90.90 79.20 73.30 48.40 60.90 62.00 67.00 62.20 69.90
SCRDet" 89.98 80.65 52.09 68.36 68.36 60.32 72.41 90.85 87.94 86.86 65.02 66.68 66.25 68.24 65.21 72.61
GV" 89.64 85.00 52.26 77.34 73.01 73.14 86.82 90.74 79.02 86.81 59.55 70.91 72.94 70.86 57.32 75.02
BBAVectors™  88.63 84.06 52.13 69.56 78.26 80.40 88.06 90.87 87.23 86.39 56.11 65.52 67.10 72.08 63.96 75.36
Proposed method 89. 14 84.40 54.73 76.80 79.21 82.01 89.23 91.34 86.05 88.54 68.65 69.90 70.83 74.27 71.37 78.43
o AR R, B i $R 07 ik T X R R R A I B B R b Ay B R R, B T £ 05 VR RE S AT RO T R
P PSR TR RIS I AY T o A 2R, DR I &5 2R Al PR A H ARk
VAF 3, fr 4 J5 ik AE &

R P B AT A \ﬁafﬁ'ﬁ%#ltﬂ

PSR e I 45 2R e

Fig. 5 Visualization of parts of the detection results
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Table 2 mAP value and detection speed of different detection
methods on DOTA dataset

Model Backbone mAP /% Speed {
(frame+s™")

R2CNN VGG-16 60. 67 5.9
RRPN VGG-16 61.01 7.2
RT R101-FPN 69. 56 7.8
CAD-Net R101-FPN 69. 90 7.9
SCRDet R101-FPN 72.61 8.4
GV R101-FPN 75.02 11.6
BBAVectors ResNet-101 75.36 13.7
Proposed method  ResNet-101 78.43 12.5
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Table 3 Ablation study
Baseline Multi-scale input Sampling module  Interpolation module Epoch GFLOPs mAP /%
N 50 152 65.33
NG 500 152 76.41
N, N, 50 1890 67.18
NG N, 500 1890 78.23
N N, N 50 138 77. 86
N N, N, N 50 140 78.43
FERFIE , mAPEEETF 1.85 1N H 2 Ao T A B R A you need[C]//Advances in Neural Information Processing
*ﬁﬁ%iﬁ ,1‘%@ E’Jﬁ%gﬁ@\l@ I;%{Ei ) fﬁ%?ﬁ?ﬁﬁf%#%‘i Systems 2017, December 4-9, 2017, Long Beach, CA,
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