F9% 3P E=
Vol.9 No.3

it & M 5 K A
Intelligent Computer and Applications

2019 %5 A
May. 2019

X EHE. 2095-2163(2019)03-0171-05 FESZES . TP391.4

E#&ZHFT/MEEEMNEEAR

ZINE, AE
(LBIEFAKXE BFERIESMk, i 201620)

@ = BRI E SR IR PR AL 552 — o i TR 2R 5T B/ BB R A 5 AN JE A 15 L, AR
SCER N iz RT3 A BRSO SRS 1 (G0 AT Bl 4 T T O PR AR AT/ FLARAGEI . 53 8h, % B4 FPN A7 A
SRk I 2 2% T B L B S, ORI =R RHAE SR IR 2% | BIVAT 58 /s H 4 PR 2 AG I, S2 86 3 B, AR SCT5 V6 70 35 M
PG B FE e AT S UE R IR B 81.82% , map {H 7} 0.895 1, FH /5 (A H-EAT /)N HARAGL I -5 175 Wb P 450 L He A I S AT — > A AG
the

S /N EARKIN ;RS HRR I R SRR

Research on small target detection algorithm under complex conditions
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[ Abstract] Small target detection is one of the most challenging tasks in image processing. In order to solve the problem of
insufficient accuracy of small target detection under complex conditions, this paper proposes to reconstruct the captured blurred
image by using the super—resolution model, and to detect the reconstructed clear image for small target. In addition, the original
FPN model is improved, and rich location information of the shallow target network is used, and only the three —layer feature
extraction network is used to complete the small target full —image search detection. Experiments show that the accuracy of this
method is 81.82% and the map value is 0.895 1. The reconstructed small target detection and clear image direct detection have only

one undetected difference.

[ Key words] small target detection; super—resolution reconstruction; shallow layer; full-image search
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Fig. 1 Super—resolution reconstruction model
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Fig. 2 Super-resolution reconstruction process
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Fig. 3 Small target detection model
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