0 'H‘ :ﬁ‘ *fh ﬁ‘*‘ ‘% http: /www. jsjkx. com

COMPUTER SCIENCE DOI. 10. 11896/jsjkx. 191200027

ETEZMHRHENRERBRERESGBREN

=EE =R %
ilﬁk%Al%ﬂ‘Mﬁ SHL¥ERE LA T4 214122
THAFTHAAEARNEHEFRIAEATLRE TH L4 214122

(6171914011@5“1. jlangnan. edu. cn)

H E ZRBARTHAREATER SRENMSAEFHE, XEFERBILE S L B AL RA— A LA KGR
M, B, XPRET —FHGBRE R BB NIER, ZERAIRREFHEFEFARR EARBEZ A GMHE X
ARAEEBIREL. WHEIREL ANDRGFEG LTS, B, fmiﬁg a AR AR LT AR P R 5 RE
HAERE R MK L SO L TXRE, ATHIAEZRARTAFAESLTX—FME, ZERERBERRL T AT A ERE,
RN AEMEBZERE, SFENGIRBPRAMEZIBEL &:i&%%l%rﬂ%%ﬂiﬁ'fﬁt%ﬂo AR R AT o i R B AL KB
L HATTARARIE B K FAESIEF 5 SIS AE L0 00 25 RAE T AT 7 k09 A 2

KB EABG; AL S RAERKIE;BEAFIT  ZHFNRET

FEZESEES TP391

Object Detection in Remote Sensing Images Based on Saliency Feature and Angle Information
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Abstract Multi-class object detection of remote sensing images is a challenging subject since objects in remote sensing images are
dense, multi-oriented and multi-scale. This paper presents a new framework for object detection in remote sensing images. The
framework enhances object information, suppresses non-object information,and improves the ability of feature representation by
extracting salient features and the relationship between different convolutional channels. Meanwhile, multi-scale features are
added to the convolution module to capture more context information without adding extra parameters to the model. To solve the
problem of variable object angle in rencote sensing image,we add angle information to the Region Proposal Network (RPN) to
get oriented rectangular object proposals. In the training stage, the attention loss function is added to guide the significance of net-
work learning. The proposed framework is validated on the public remote sensing image data set.and the experimental results on
the horizontal boxes task and the oriented boxes task prove the effectiveness of the proposed method.
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Fig. 1 Some samples of remote sensing satellite images and their

corresponding detection results with proposed method
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Fig3. Diagram of dilated convolution with different expansion rates
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Fig. 5 Structure of feature processing
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Table 1  Oriented bounding boxes tasks on DOTA data set
CRAL 20
Method mAP PL BD BR GTF SV LV SH TC BC ST SBF RA HA SP HC
O 52.9 79.1 69.1 17.2 63.5 34.2 37.2 36.2 89.2 69.6 59.0 49. 4 52.5 46.7 44.8 46.3
00 61.1 80.7 72.9 35.6 59.3 55.0 44,4 53.6 89.4 72.6 73.7 54.7 58.1 55.2 63.7 47.8
00C 62.2 81.1 74.6 37.4 67.4 55.8 47.3 53.4 90.0 74.3 74.3 53.3 60.7 59.1 62.8 40.9
00CS 68.1 89.4 81.0 43.4 71.8 67.8 51.3 63.7 89.1 80.0 84.4 62.2 60.7 64.7 66.1 45.0
0O0CSM123 68.9 89.2 81.6 44.0 70.5 65.6 53.3 64.4 89.8 79.8 84.9 62.2 63.9 65.8 65.4 52.5
0O0CSM135 69. 1 89.1 79.7 45.0 72.4 67.3 51.9 63.9 88.4 78.3 85.2 64.9 61.9 63.5 66. 4 59.6
NLoss 68.3 88.3 80. 3 43.1 72.6 65. 4 49.2 63.2 88.3 80. 0 84.2 61.3 63.3 64.2 66. 6 53.7
# 2 DOTA B4k L K30 FAEAE 55
Table 2 Horizontal bounding boxes tasks on DOTA data set
CRAL 20
Method mAP PL BD BR GTF SV LV SH TC BC ST SBF RA HA SP HC
O 60.5 80. 3 77.6 32.9 68. 1 53.7 52.5 50.0 90. 4 75.1 59.6 57.0 49.8 61.7 56.5 41.9
00 62.6 79.2 72.8 43.1 56.3 59.6 54.3 59.9 81.6 68.4 73.7 50.2 57.9 65.9 69.5 46.1
00C 65.1 80.7 75.0 45.8 65.8 60. 4 56.5 60. 6 81.6 70.5 74.8 55.2 60. 6 67.0 74.5 46.3
00CS 73.3 90.0 80.1 54.3  69.0 71.7 74.1 78.1 90.4  80.7 84.9 61.8 60.7 75.8 74.7 53.3
00CSM123 74.5 90. 0 82.5 53.7 68.7 71.9 74.1 77.9 90.6 85.5 84.9 63.4 63.0 76.1 75.5 60.0
0O0CSM135 74.1 89.8 83.1 53.5 69. 4 72.2 74.6 78.0 89.5 80.0 85.3 63.7 62.0 75.3 75.6 60. 6
NLoss 73.8 89.5 81.3 53.8 69.9 71.8 74.1 77.7 90. 4 82.0 84.2 63.3 63.4 75.7 76.5 53.3
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Table 3 Comparison of various methods for oriented bounding box tasks on DOTA dataset
(AL 00D
Method mAP PL BD BR GTF SV LV SH TC BC ST SBF RA HA SP HC
FR-H 36.3 472 61.0 9.8 51.7 14.9 12.8 6.9 56.3 60.0 57.3 47.8 48.7 8.23 37.3 23.1
FR-O 52.9 79.1 69.1 17.2 63.5 34.2 37.2 36. 2 89.2 69. 6 59.0 49.4 52.5 46.7 44.8 46. 3
YOLOv2 21.4 39.6 20. 3 36. 6 23.4 8.9 2.1 4.8 44.3 38.3 34.7 16.0 37.6 47.2 25.5 7.45
R-FCN 26.8 37.8 38.2 3.6 37.3 6.7 2.60 5.6 22.9 46.9 66. 0 33.4 47.2 10.6 25.2 18.0
SSD 10. 6 39.8 9.1 0. 64 13.2 0.3 0.4 1.1 16.2 27.6 9.2 27.2 9.1 3.0 1.1 1.0
Ours 68.9 89.2 81.6 44.0 70.5 65. 6 53.3 64. 4 89.8 79.8 84.9 62.2 63.9 65.8 65. 4 52.5
# 4 ANFEITEAE DOTA Bl 4 KT FHAEAT 55 1 L 4%
Table 4 Comparison of various methods for horizontal bounding box tasks on DOTA dataset
LT 20D
Method mAP PL BD BR GTF SV LV SH TC BC ST SBF RA HA SPIHC
FR-H 60. 6 80. 3 77.6 32.9 68.1 53.7 52.5 50.0 90. 4 75.1 59.6 57 49.8 61.7 56.5 41.9
YOLOv2 39.2 76.9 33.9 22.7 34.9 38.7 32.0 52.4 61.6 48.5 33.9 29.3 36.8 36. 4 38.3 11.6
R-FCN 47.2 79.3 44.3 36. 6 53.5 39.4 34.2 47.3 45.7 47.7 65.8 37.9 44,2 47.2 50. 6 34.9
SSD 10.9 44.7 11.2 6.2 6.9 2.0 10.2 11.3 15.6 12.6 17.9 14.7 4.55 4.55 0.53 1.01
Ours 74.5 90.0 82.5 53.7 68.7 71.9 74.1 77.9 90.6 85.5 84.9 63.4 63.0 76.1 75.5 60.0
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Table 5 Comparison of various methods on RSOD dataset
CRAE 20
Method Oiltank Aircraft Overpass Playground
AlexNet 93.56 87.95 80.18 80.47
GoolegNet 92. 83 85.90 62. 34 91.62
SENet 97.70 86. 49 78.95 87. 64
Ours 98. 32 84. 88 85. 60 92. 42
BRIE N TR BB IR R AL R T

KL H I T AF M AR SCHR TR T I PR AR A A B AR
SR8 R P B T AE S . T2ONE R S A I e e DX e I 4%
K fgp R A 2 £ B A [ A, (] I FEHE 2R T AGEE A 24 )
A2 P2 ST B L 4R B B AR S B e A B b AR Sl 2
HI55 . A LR DR A S B Y R 7 9 2% o A 22 RUBE R AR
B, R E &R LT UFER . gt B2 h . wnit &
TIHBR R 5| S P 25 2 5] 0 MR RRALE . A8 DTS O JT B9 B 4R
8 LA R IR L AR S vk Y ARG IR B2 55 Al D7 R AR LA B
T I AE A SOIT R I R . (R A S SR (1 A
BERAA KRB BF A TPl R e T — 2 TAE S,
FRATI R 42 T 5% s HE B0 5T ik ik — A el G TUA R AG: DA T 42
THG IR
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