202441 J &k LAk 2= i 55 % 41

doi:10.6041/j. issn. 1000-1298.2024.01. 004

FET{idt Faster R~ ONN RUSRRAFR R E L SHNTT %

ZRN M M B K MRERT

(M T R HLH TR BE, 220 730050)

FEE : EF X RAB LA AN I 55 b BB 437 2% A R S AH 35 P 1 A B s A3 g ) R B[ £ — B A R
TR HLE (ECA) F 22 RUBE b & FRAF 42 5238 (FPN) B3k Faster R — CNN LSRG I B 5 67 77 v o 15, B 3R 5K
fE T BEOR I Al A FPN 1 5% 22 M 45 ResNet50 40t J5 VGG16 45, 1 BR T 19 £ 3R 1k [ S8 , 32 T 44 500 4 4 A = 1Y)
W SUAE S R TR Z2 RO/ B AR BRI B8 I 5 Ok, 91 22 T HLH ECA B, {8 i 2 J 190 4% 2% 2 A3 iF 14
151 JR 58 e A AL 020 TG AR E b 1 T B, B TSR ARG RS B 5 e, R T — R R I 47 T BRI e 5 O ok Bl SE AR B
A PR B AN 2 TR R B T A A BRI s AR SR IR AL Komeans + + RS W B 3& NG HE , 38 55 B
RUTE LRGP . 00 2 SR A kA R S R PICESCRN R TR AU SE R (R 3 {8 43 5 R 96. 16% 1 86. 95% , -
PING B ME R 92. 79% 85 A% 5t Faster R — CNN 42 F 15. 68 A~ 43 w1 5 X W] HIUBAN R 7T 1 422 PV I 2 53 0 G B 40
520 97. 14% 1 88.93% , 5 f& 4 Faster R — CNN 43 Jjl| 2 & 12. 53 4~ 'F 43 &R 40,49 AN H 4 25 N 77 i H a2
38.20% , B WS- ¥ 1155 B () 45 4 40. 7% , it I (R B S 80kt /N LSS M A, BB 08 T 4 L A TR SRS L AR A
SR GIRRMILIA FARE G505 Faster R - ONN; HE A LB 5 A6 708 Eﬁ%”"%&
FE %S TP391.4; S24 XEkARIZED : A X EHS . 1000-1298(2024)01-0047-08 0SID . =%

Vision Detection Method for Picking Robots Based on
Improved Faster R — CNN

LI Cuiming YANG Ke SHEN Tao SHANG Zhengyu
(School of Mechanical and Electrical Engineering, Lanzhou University of Technology, Lanzhou 730050, China)

Abstract; To address the issue of poor detection and positioning capabilities of fruit picking robots in
scenes with densely distributed targets and fruits occluding each other, a method to improve the fruit
detection and positioning of Faster R — CNN was proposed by introducing an efficient channel attention
mechanism ( ECA ) and a multiscale feature fusion pyramid ( FPN). Firstly, the commonly used VGG16
network was replaced with a ResNet50 residual network with strong expression capability and eliminate
network degradation problem ,thus extracting more abstract and rich semantic information to enhance the
model’s detection ability for multiscale and small targets. Secondly,the ECA module was introduced to
enable the feature extraction network to focus on local and efficient information in the feature map ,reduce
the interference of invalid targets,and improve the model’s detection accuracy. Finally,a branch and leaf
grafting data augmentation method was used to improve the apple dataset and solve the problem of
insufficient image data. Based on the constructed dataset, genetic algorithms were used to optimize
K-means + + clustering and generate adaptive anchor boxes. Experimental results showed that the
improved model had average precision of 96. 16% for graspable apples and 86.95% for non-graspable
apples,and the mean average precision was 92. 79% ,which was 15. 68 percentages higher than that of the
traditional Faster R — CNN. The positioning accuracy for graspable and non-directly graspable apples were
97.14% and 88.93% , respectively, which were 12. 53 percentages and 40. 49 percentages higher than
that of traditional Faster R — CNN. The weight was reduced by 38.20% . The computation time was
reduced by 40. 7% . The improved model was more suitable for application in fruit-picking robot visual
systems.
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mechanism; feature pyramid
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Fig.1 Improved Faster R — CNN detection model structure
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Fig.2 Improved feature extraction network structure
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Fig.4 Feature pyramid networks with multiscale feature fusion
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Fig. 10 Improved K-means + + clustering results
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Fig. 12 Apple detection results
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