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Lightweight SSD object detection method based on feature fusion
WU Tian-cheng', WANG Xiao-quan'*, CAI Yi-jun', JING You-bo*, CHEN Cheng-ying'

(1. College of Optoelectronic and Communication Engineering ,
Xiamen University of Technology, Xiamen 361024 ,China ;
2. Institute of Microelectronics of Chinese Academy of Sciences, Beijing 100029, China)

Abstract: An improved scheme based on feature fusion for the lightweight object detection algorithm
deployed in embedded devices is proposed in this paper. The algorithm is based on the MobileNetV2-
SSD lightweight object detection algorithm with the idea of FPN feature fusion. It combines the three
feature layers of MobileNetV2-SSD that contain more semantic information, and is regenerated based
on the fused feature layer Feature pyramid for object detection. The improved model and the original
model are compared and tested on the PASCAL VOC data set. Compared with the original model, the
mAP is increased by 3.6% , and reaches 76.5%. At the same time, the detection effect of small targets
is significantly improved. Finally, it is tested in the embedded device Jetson AGX Xavier. The im-

proved model has a detection speed close to the original model when the network structure is more

Yo B #A:2021-01-07 5 23T H #1:2021-03-15.

ELWE FHEARFHAHEA (No.61704143, No.62005232) 5 4 H 4 1 S8 B2 1 4 i 125 H (No.2018J01566) ; JE ]
T 75 4 BT 3 45 (No0.3502220206074)
Supported by National Natural Science Foundation of China (No0.61704143,No0.62005232) ; Natural Science
Foundation of Fujian Province (No. 2018J01566 ); Xiamen Youth Innovation Fund Project ( No.
3502720206074)

* WA B R A, E-mail : 1820382516 @qq.com



1438 WS Bos

% 36 &

complex, reaching the detection speed of 22FPS, which can realize real-time object detection on em-

bedded devices.

Key words: object detection; lightweight neural network; SSD; MobileNet; feature fusion
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Tab.1 Object detection model performance comparison
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Tab.2 Comparison of detection performance of different size targets Y%
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