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Abstract: In order to improve the detection accuracy of multi-scale remote sensing ship targets in complex
scenes, a feature enhancement single shot multi-scale detector is proposed. Firstly, the shallow feature
enhancement module is designed to improve the feature extraction ability of the shallow network in the
pyramid structure of Single Shot MultiBox Detector (SSD). Then the deep feature fusion module is
designed to replace the deep network in the pyramid structure of SSD to improve the feature extraction
ability of deep network. Finally, the image features are matched with candidate frames of different aspect
ratios to adapt to remote sensing image targets of different scales. The experiments tested on the optical
remote sensing image dataset demonstrate that the proposed method can adapt to target detection under
different background and effectively improve the detection performance of multi-scale remote sensing
targets in complex scenes. On the extended experiment, the proposed method performance over SSD in
blurry target detection.
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Table 1 Self-collected data set statistics
Data set Class # Image # Instances Target amoun‘.[(percentage)
Small Medium Large
Aircraft 320 2 382 1491 890 1
Oiltank 220 1735 884 845 6
Training Ship 400 1317 659 588 70
set Overpass 140 143 0 0 143
Playground 140 154 0 8 146
Aircraft 101 970 571 398 1
Oiltank 78 759 374 385 0
Test Ship 70 415 210 195 10
set Overpass 36 40 0 7 33
Playground 49 54 0 5 49
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Table 2 Detection accuracy and speed of objects in remote sensing images by various algorithms
Method Backbone , , Metric/ % FPS
Aircraft Oiltank  Ship Over-pass  Play-ground mAP(I0OU=0.5)
Faster R-CNN! VGG16 69.77 69.59 66.88 71.10 89.94 73.46 4.4
YOLO! GoogleNet 60.26 58.47 59.14 62.21 87.57 65.53 50.6
YOLO V2! DarkNet19 70.12  71.24  67.25 69.41 87.50 73.10 25.3
SSD3007! VGG16 69.91 70.73 66.39 70.90 91.87 73.96 50.4
DSSD3210! ResNet-101 75.75  73.11  70.32 71.22 90.52 76.18 4.3
ESSD321M# VGG16 77.26  73.26  71.06 70.85 90.87 76.66 24.6
FFSSD300M* VGG16 75.94  73.42  70.56 70.96 90.47 76.27 28.7
FESSD(ours)300 VGG16 79.01 76.12 72.27 71.05 91.96 78.08 48.6
SSD512M1 VGG16 71.56 72.28 70.04 71.29 92.05 75.44 28.6
DSSD513M11 ResNet-101 76.48 75.71 71.62 72.05 91.25 77.42 2.1
ESSD321M% VGG16 77.45  75.89  72.34 71.44 91.66 77.76 12.3
FFSSD5120 VGG16 77.23  76.89  72.36 71.59 91.61 77.94 13.4
FESSD(ours)512 VGGI16 80.96 78.22  73.56 71.89 92.16 79.36 26.3
2 s FESSD (mAP) s (FPS)
SSD . ,FESSD
s 512 X512 , FESSD 79.36 %,
SSD.DSSD.FFSSD 4.12%,1.94%,1.42%, FESSD
aircraft,oiltank, ship . , FESSD
s FESSD
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Table 3 The influence of feature enhancement on target detection in optical remote sensing images
SSD  SFE DFE Metric/ 74 FPS
Aircraft  Oiltank  Ship  Overpass Playground mAP
J 69.91 70.73 66.39 70.90 91.87 73.96 50.4
N N 78.38 75.45 71.63 70.06 90.91 77.29 35.6
N N 72.26 71.62 70.33 71.51 91.47 75.44  55.8
J J N 79.01 76.12 72.27 71.05 91.96 78.08  48.6
3 . SSD (SFE), (mAP)  73.96%
77.29%, 3.33%., aircraft,oiltank,ship
8.47%.4.72% .5.24%, SSD SFE . ;
50.4 FPS 35.6 FPS; SSD (DFE) SSD
, 73.96 % 75.44%, , DFE
, SSD , 55.8 FPS; FESSD
SSD , , ,FESSD 78.08%
SSD 4.12%, , aircraft, oiltank, ship
s , FESSD 48.6 FPS, SSD
s 4 2(a) )
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Table 4 The influence of each independent module on target detection in optical remote sensing images

mAP +DFE 11 +DFE 10 +DFE 9 +DFE 8 +SFE2 +SFEI
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