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Abstract An improved single shot multibox detector (SSD) algorithm is proposed aiming at the problems of slow
detection speed of the target proposal based remote sensing image target detection method represented by faster
regions with convolutional neural network (R-CNN) and the low performance in small target detection by the SSD
algorithm. The algorithm can combine the advantages of the existing detection methods based on target proposal and
one-stage target detection to improve the target detection performance. Furthermore, the algorithm replaces the
original visual geometry group net with a densely connected network as the backbone network and constructs a
feature pyramid between the densely connected modules instead of the original multi-scale feature map. A sample
data online acquisition system is designed to verify the accuracy and performance of the proposed algorithm. A
sample set of aircraft and playground target is collected as the experimental sample. The network structure stability
is verified by training the improved SSD algorithm. Consequently, good results can be achieved without the support
of transfer learning. Moreover, the training process is not easy to diverge. By comparing the Faster R-CNN
algorithm using ResNetl01 as the backbone network and the R-FCN (region-based fully convolutional networks)
algorithm, we find that the mean average precision (MAP) of the improved SSD algorithm is 9.13% and 8.48%
higher than that of the faster R-CNN and R-FCN algorithms in the test set, respectively. The proposed SSD
algorithm improves the MAP in the small target detection by 14.46% and 13.92% compared to the faster R-CNN
and R-FCN algorithms, respectively. Detecting a single image takes 71.8 ms, which is 45.7 ms and 7.5 ms less
than that of the faster R-CNN and R-FCN algorithms, respectively.
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Fig. 1 Framework of SSD algorithm
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Fig. 3 Comparison of feature maps before and after integration. (a) Input image; (b) output of dense block2; (c) output of

dense block3;

(d) output of dense block2 with feature integration;

(e) output of dense block3 with feature

integration; (f) output of dense block4
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Table 1 Main metrics

Metric Remarks
MAP MAP at Ry, in {0.54+0.05Xm,m=0,1,++,9} (primary challenge metric)
MAPRIu =0-50 MAP at R,y =0.50 (pascal VOC metric)
MA PRiou =0-75 MAP at R,y =0.75 (strict metric)
MAPs™! MAP for small targets: S ...<<(32 pixel)?
M A Ppredum MAP for medium targets: (32 pixeD)*<CS .. << (96 pixel)?
MAP!#ee MAP for large targets: S ....>(96 pixel)?
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Table 2 Sample set statistics

Target amount

Percentage /%

Data set Class

Small Medium Large Total Small Medium Large
airplane 1204 1542 431 27.36 35.04 9.79

Training set 4401
playground 178 516 530 4.04 11.72 12.04
airplane 390 427 74 33.36 36.53 6.33

Validation set 1169
playground 27 120 131 2.31 10.27 14.21
airplane 940 366 111 49.68 19.34 5.87

Test set 1892
playground 133 294 48 7.03 15.54 2.54
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Fig. 5 Size of each target in sample set
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Fig. 6 Decay curve of learning rate
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Table 3 Comparison of calculation time and precision on validation set
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Time Metric /%
Method Parameter /MB
overhead /ms MAP MAPlarge MAPmedium MAPsmall MAPRIOU:O.SO MAPRIOU:O.TS
SSD- Inceptionv2 53.4 24.8 47.15 69.48 50.16 11.56 85.08 48.95
Faster R-CNN-+ ResNet50 173.3 108.6 47.12 72.81 48.91 10.16 82.72 50.59
Faster R-CNN-+ ResNet101 249.5 117.5 50.50 73.06 53.51 13.76 85.84 55.03
R-FCN-+ResNet101 258.2 79.3 51.17 74.69 51.43 16.01 87.20 55.86
Improved SSD algorithm 59.8 71.8 54.14 73.31 54.32 21.16 90.55 57.38
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Fig. 8 Comparison of precisions of improved SSD algorithm and other algorithms varying with number of iterations.

(a) MAP, (b) MAPI;\rge; (C) MAPmedmm; (d) MAPsmﬂll; (e) MAPRIOLT:O'SO; (f) MAPRIUU:U'75
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Table 4 Comparison of precision on test set

Metric /%
Methods
MAP MAPlargc MAPmodium MAPsmall MAPRIO(;—O.SO MAPRIOU—(MJ
SSD+Inceptionv2 35.85 62.73 43.55 19.52 77.72 24.07
Faster R-CNN+ResNet50 28.72 61.53 34.67 13.43 68.87 17.60
Faster R-CNN+ ResNet101 36.05 61.55 42.83 21.74 76.83 27.69
R-FCN+ ResNet101 36.70 59.18 43.96 22.91 77.30 28.23
Improved SSD algorithm 45.18 65.31 50.68 31.65 83.95 42.15

2% 3 A0, B E SSD B vE Y R B S 85
SSD + Inceptionv2 AL 1 T 6.4 MB, {H 41 X} F
Faster R-CNN fil R-FCN 53k B 55 £ . o 24X
5 R-FCN+ResNet101 9 23% , M i 55K 52 1%
A 18] FF 84 K & ettt SSD 7k 8 SSD+ Inceptionv?
Hh 47 ms,HAA X T Faster R-CNN fil R-FCN &
A B AL, Jo H & M X T Faster R-CNN +
ResNetl01 P& 45.7 ms., MAGEE SR K &, o it
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(a)
9 Bt SSD 5 H AL Iy B A I RUR XS L
(b) R-FCN+ResNet101 % ; (o) Btk SSD H ik
Fig. 9 Comparison of improved SSD algorithm and other algorithms in detection effect. (a) Faster R-CNN+ ResNet101;
(b) R-FCN-+ResNetl01; (c) improved SSD algorithm
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