4555 &

554 1 wo% xR @ K F OF R Vol. 55
2021 4F 4 H JOURNAL OF XI’” AN JIAOTONG UNIVERSITY Apr.

—MERN RS Z1E B il 5iE

FEMEWR . XIFE . XL
QL VR @ARHE R R SHH TR %, 710055, V9%, 2. W2 AR RS ARBIF . 710065, P44)

FEE.: 429 S48 B AR F 0k (SSD) P B AW R R R M E RS S F A, BT
— APt ey SSD B AR Fok, L kid i w R A REH convd_3 AR ER Z A A F R AR E A
B REZH AAREBSREREGFEBRITRES AL ESBROFEALAEFEHET
XAZ L RGAFIEE R EZE AR AR LR R R HFIE, A FREREAN, A H
HA VOC2007 #¥EE LR RAFH M ERI 0.9% oM LR s, —FA2HE EHRET R
Mo LR A 5E 1) RR, ) B A7 G R SR B 09 B K
KW AAREN; R SEBARLNIL R RRERRER;EE AN
RESES. TP391 XEERER: A
DOI:. 10.7652/xjtuxb202104016 XEHHS: 0253-987X(2021)04-0145-09

t: e
OSID fit

An Improved Single Shot MultiBox Detector
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Abstract: Aiming at the problems of false detection, missing detection and low detection accuracy
in single shot multibox detector (SSD), an improved SSD object detection algorithm is proposed.
The conv4_3 convolution layer and the previous two standard convolutions are replaced by dilated
convolution to expand the receptive field. The deconvolution is used to fuse the feature maps of
different scales, so that the feature maps formed by fusion contain rich context information. The
attention model is added to the feature map to effectively extract the features of regions of
interest. Simulation results show that the detection accuracy of the improved algorithm is 0. 9%
higher than that of the original algorithm, and the detection effect is better. To some extent, it
solves the problems of false detection and missing detection, and still meets the requirements of
real-time.
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Fig. 1 SSD network structure
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Fig. 4 Spatial transform model structure
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Table 2 Comparison of test results between the proposed algorithm and other algorithms

i ) 0 A% )3 / Yo
Bk IR SERE IS/ % — ‘ -
KL ATTE 5 e oOmRT Btk RKEOOMW O mT 4
SSD300 VGG-16 74.3 75.5 80.2 72.3 66.3 47.6 83.0 84.2 86.1 54.7 78.3
SSD300 " VGG-16 77.2 78.8 85.3 75.7 71.5 49.1 85.7 86.4 87.8 60.6 82.7
DSSD321  Resnet-101 78. 6 81.9 84.9 80.5 684 53.9 856 86.2 889 61.1 83.5
ALk VGG-16 78. 1 80.4 85.9 77.3 72.6 49.5 84.9 87.1 87.6 62.6 81.2
! ) K 0K )£/ Y6
Bk TR G SRR S % - — .
BHEOM o ERE O ON B OFX Vi O kE B
SSD300 VGG-16 74. 3 73.9 84.5 85.3 82.6 76.2 48.6 73.9 76.0 83.4 74.0
SSD300* VGG-16 77.2 76.5 84.9 86.7 84.0 79.2 51.3 77.5 78.7 86.7 76.3
DSSD321  Resnet-101 78.6 78.7 86.7 88.7 86.7 79.7 51.7 78.0 80.9 87.2 79.4
A VGG-16 78. 1 76.3 84.2 86.6 86.2 82.2 56.2 79.5 77.4 88.8 76.5
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