%25 % 10 g G TR Vol. 25 No. 10
2017 4 10 A Optics and Precision Engineering Oct. 2017

XEHS 1004-924X(2017)H8-0221-07

ET o NOEnREsE S BiRe

(%8 FREAF

H)I

SEBFERAFR BT BE 710071)

FEE 51X = o3 HE R IR AG T (8 /0N B A D0 AR W00 X P T A8, 235 45 i T 0 DX 30 L A A 0 77 9k v A JR M e X S 4 5 e R
T 100 H 1 BRI B 3 v [ 0 SR, B T T A0 R 0 0 R B A S AR AR Bk . TR Ok (s P Y SRR R R IR
PGS0 E Ar 2 B, (37 003 A B Al 0 7 32 % a4 R X381 B A 8F A7 Al B0 B v 4326 . 5481 Fast-RC-
NN J7iEF YOLO F 51 1 5 T [0 V3 0 3 BE 27 > 7 A0 L, 56 T 00 SO 9 TR BE 27 > 1 A i 00 8 12k 70 A% B2 L B2 1A B
B, gt R E£E . 5 Fast RCNN A 1, Quad-ssd B EE7E AR T BHRS JE & T 6.5% .58 T 74. 9%,
G I 38 8 AR R 5 L SR B 45 WTREFRD 58 £ 0 R SERT PRI R

x 8 OW.wAKREF T B FEN; Quad-ssd

RESES:TP752. 1 EKFRIRAD : A doi: 10. 3788/0OPE. 20172513. 0221

Deep learning target detection based on
pre-segmentation and regression

PAN Rong. SUN Wei*

(School of Aerospace Science and Technology, Xidian University s Xi'an 710071, China)

% Corresponding author, E-mail ; wsun@ xidian. edu. cn

Abstract; Aiming at the problem of difficult small target detection in high resolution images, combined
with region-of-interest (ROI) extraction strategy in target detection method based on candidate region
and regression strategy in target detection algorithm based on regression, deep learning target detec-
tion algorithm based on pre-segmentation and regression (Quad-ssd) was proposed. As fast-RCNN se-
ries implement image location and classification separately, small targets could be detected but detec-
tion time was too long. YOLO series method used regression method to implement classification and
location for targets in images at the same time. As only high-level features were used, detection accu-
racy for small target was not enough. Therefore, quad tree was used to extract interest target of origi-
nal images, and target detection method based on regression was used to implement detailed relocation
and classification for targets in interested region. Compared with traditional Fast-RCNN method and
deep learning method based on regression of YOLO series, target detection algorithm of deep learning

based on quad tree has obvious advantages in accuracy and speed. The experimental results show that
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compared with Fast-RCNN, accuracy of Quad-ssd algorithm is improved by 6. 5% and reaches 74. 9%

at the time of target detection. The detection speed is improved greatly; reaching 45 {/s, and can sati-

sfyrequirements of timeliness.
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Fig. 1 Color image quadtree extraction region of in-

terest
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