GRS O i
ELECTRONIC MEASUREMENT TECHNOLOGY

2021 4F 12 A

DOTI: 10. 19651/j. enki. emt. 2107469

E T 33 Faster R-CNN B/ B iR 4& )48 Y -

¥ 5 4w
(KBEHZEXRS T EMHAZEHRFR KR 030024)

#OE: fN T KRS B T B ARSI T KRS S E A R 4R B T — A #E ) Faster R-CNN-Tiny 7,
B R AR 4 FIE SR 4 [ K % Faster R-CNN 3 13 20t , Sl 3 58 45 AF /9 3235 A8 77 » 1) B 388 fni/Is B #5574 e
I PR AR TR s ok R A4S RosNet 5 B Jg — BB AP AT BT, B it B4 S5, A A3 0
Hb o7 BRARRAE BEAT A B DANS& X /s H AR DR384 R AT 48 B 5 e S A0 3R BUR OYGER K BURR AR 1 B 3%, SIA T AW R F 3
FELVIEE/DN AT, A Tk AR RN T EE R UCASAOD R4 L R K it % 6% 2 1 B0 R A
BOEAE L EAT XY LIRS, S5 R, B S5 1 FRC-Tiny BEEUAH L JFURCEL , RN iV R B 43 SRR T 5.57%
RI14.25%,

X #H: FRC-Tiny; Ff L& AT TE B Tolk /s BAR ER

hESES. TP391.4 XEARIRE: A BEFREEFEHSENKRDT: 510.4

Small target detection model based on improved Faster R-CNN

Peng Hao Li Xiaoming

(School of Computer Science and Technology, Taiyuan University ol Science and Technology, Taiyuan 030024, China)

Abstract: Aiming at the problem of low average precision of small target detection in industrial large-size images, an
improved Faster R-CNN-Tiny model is proposed. Firstly, the feature pyramid structure is used to improve the second-
order detector Faster R-CNN to enhance the feature expression capability and increase the resolution of small target
feature mapping to improve the prediction accuracy. Secondly, the last piece of the original ResNet structure is changed
to deformable convolution to automatically calculate the offset of each point and take features from the most suitable
place for convolution, which is used 1o enhance the small target region. Finally, when extracting the features of the
region of interest, the contextual information of the content is introduced to improve the accuracy of small target
detection. The comparison tests are conducted on the representative satellite remote sensing UCAS-AOD dataset in
industry and the quality inspection dataset of surface defects of tiles in Tianchi. The results show that the improved

FRC-Tiny model improves the mean average precision of detection by 5.57% and 14.25% , respectively, compared
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with the original model.
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