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Improved SSD based aircraft remote sensing image target detection
WANG Hao-tong', GUO Zhong-hua'"*"

(1. School of Physics and Electronic and Electrical Engineering ,» Ningxia University ,
Yinchuan 750021, China ;
2. Ningzia Key Laboratory of Desert Information IntelligentPerception ,
Yinchuan 750021, China)

Abstract: Aiming at the problem that the accuracy and real-time performance of current aircraft
remote sensing image target detection algorithms can not be balanced, an aircraft remote sensing im-
age target detection algorithm based on single shot multibox detector(SSD) is proposed. Firstly, the
improved deep residual network is used to replace the skeleton network of SSD. For the problems of
lack of feature information association between feature maps, and different channels from feature
maps have no weight values, this paper designs a new feature pyramid network with feature receptive
field enhancement module and attention mechanism module. The network is used to fuse the feature

information of different levels and the weight coefficients between the training feature channels, so
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that both the deep network and the shallow network can obtain fusion features with rich structural

levels, which provides a good prerequisite for the classification and positioning of the subsequent net-

work. In addition, the focus classification loss function is also used in the improved SSD algorithm to

solve the problem of imbalance between positive and negative samples. Related experiments are carried

out on the aircraft remote sensing data set, and the average accuracy reaches 92.45%, and the frame

per second is 35.6. The results show that the improved SSD algorithm can balance high detection accu-

racy and real-time performance at the same time.

Key words: target detection; remote sensing image; feature fusion; attention mechanism; receptive

field enhancement
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%1 {EF Faster R-CNN W R M 45 32 BU M &8 % R 3 54 A 3 BRI ResNet50, M T ik Res-

PASCAL VOC 2007/2012 # & it iT BN
(mAP)

Tab.1 Faster R-CNN’s two feature extraction networks
used to perform target detection on the PASCAL
VOC 2007/2012 data set Y%
Training data  Test data VGG16 ResNetl01
07+12 VOC 07 test 73.2 76.4
07+ +12 VOC 12 test 70.4 73.8
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Fig.7 Comparison of test results
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Fig.8 Detection results in typical scenarios
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Tab.2 Detection accuracy and detection speed

AP/ % AP/ %
Method Backbone FPS/(frame * s 1)
(I0U=0.5,area=all) (I0U=0.5: 0.95,area= Small)

Faster-RCNN—+FPN VGG16 91.35 40.56 3.4
YOLO GoogleNet 78.22 28.64 49.6
YOLO v2t%! DarkNet19 84.36 33.46 42.8
YOLO v3t DarkNet53 88.14 35.22 38.6
SSD VGG16 88.72 39.65 41.3
DSSDH ResNet101 90.58 41.25 20.5
Sk SSD ResNet50 92.45 44.58 35.6
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Tab.3 New feature pyramid ablation experiment results

AP/ %
Method
(I0U=0.5,area=all)
SSD 88.74
SSD+FPN 89.53
SSD+FPNGH D 91.36
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SSD+FPNGH &), —4H N SSD+ FPN G ) +
Focal classification loss, = 4 & SSD + FPN CHr
%)+ Focal classification loss + ResNet50 (2 i

Ja) . HAeAKEYYS SSD BikMIE ., SL36 45 =
FAFIRVEZHML T — A M4 AP {E# T+
T 1.09% F11 0.86 %,
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Tab.4 Skeleton network replacement and loss function ablation experiment results

AP/ %
Method
(I0U=0.5,area=all)
SSD-+FPNCGHi ) 91.36
SSD+FPNGH ) + Focal classification loss 91.59
SSD+FPNGH ) + Focal classification loss + ResNet50 (Bt fiF) 92.45
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Some test results of the improved SSD in

different scenarios
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