o 43 53 3 4] Z W OE = Vol. 43, No. 3
2022 4E 5 H Journal of Telemetry, Tracking and Command May 2022

Website: ycyk.brit.com.cn Email: ycyk704@163.com

B F 30 SSD EsARIA B AR B A H 5

HE), 2Rk, LLE, 2EH
(dbrtiE M E AR b5 100076 )

WE: ARATEREZ IBRORANMIGE B AR F %, &A% 8 47420 % SSD (Single Shot MultiBox
Detector ), FFT HLAFAEIRICW K- BEAT AL, SRR AR FAFAESR I LA 4 R W 2444 £ T AFAEARIAM &, 423 Fk 09454042
A, AMARIT T Fk e B, At M SRR, AR T A AR, MARY T RERHE, &It
T RGIEIDR E . ARG T B E GAHEARRHHEAE, AR EEME (Focal Loss) 2Lt T /R Fikegdik i, #
— TR T RGP ER EAAE., G, By ARE T Bt Bk 8 B AR MAF B e Ak,

KER): ATHR; REFT; BAAN; BELE; TAMAM

FESES: V2481 XERFRIRES: A XEHS: CN11-1780(2022)03-0079-08

DOI: 10.12347/j.ycyk.20211229001

Sl HZ), FRE, De®, §. AT SSD £k 0#48 B ARG AR A [)]. M2, 2022, 43(3): 79-85.

Research on aerial target detection algorithm based on improved SSD algorithm
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Abstract: This paper studies the problem of target detection in UAV aerial images using deep learning technology.
Let's start with single shot multibox detector target detection algorithm, and then improve it. Dense feature extraction
network is used to improve the feature extraction ability of the algorithm, so as to improve the detection accuracy of the
algorithm. Aiming at the problem of network real-time, packet convolution is introduced into the algorithm, which greatly
reduces the amount of network parameters and improves the speed of network reasoning. In order to solve the positive and
negative problems in training for the sample imbalance problem, this paper improves the loss function of the original algorithm
and uses focal loss to improve the original loss function, which further improves the convergence speed and accuracy of the
network. Finally, the superiority of the algorithm in target detection accuracy and speed is verified by simulation.
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Fig. 4 Schematic of a group convolution
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