20204 11 A N A 1 =2 951 % BT

doi:10.6041/j. issn. 1000-1298.2020. S1. 054
ETHRTEHEREFINAERFAREZETR5

T4 R OB ONFEE BKE HHZ F 48
(197 By K2 B TREA2 B, 75 ) 266100 2. 104 M T — H12% , 7785 266300,
3.9 R AR B (LR L 78 266109)

TEE : WA UL [ i 2 4% 8 10 R A B30 P 25 B R 5 B0 TR S AR Y ) AL, AR SR T — R 3 08 ST A 1
Faster R — CNN [ & 2G5 J5 i o %7 IR E A B R IR B8 T AN 5] B3 1 288, 1 58 AN TR) R BE 6 AT T 038 °F- 5 11
Faster R — CNN 4 2GR 51 5 3L W 55, SR 5 5 0 42 9 5 9k 5 25 F YOLOV3 Bl it 47 7 % L i B i 58 . A9 45
AR W] PR AU P45 1 Faster R — CNN J7 ik 76 A% A B i A 2 A2 0 A SF- 5 145 00, 35 5 7 B 3L A 72 Ak 3%
B0 B 2L AR PN R R A B T 98.50% , AR (/N T 0.5, HR I F- B0 0 B = T YOLOV3 . % 5% 4f
fiff PR A S 1 Sl R RE Ak SR A 04 3R 3 ) LA — 1) S B R SO N R A A

KR &0 W BE-PH; BRI Faster R — CNN

& 43S TP393 XEkFRIRAD: A MEHS: 1000-1298(2020) S1-0457-07

Recognition Approach Based on Data-balanced Faster R — CNN for
Winter Jujube with Different Levels of Maturity
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Abstract; Winter jujube has the characteristics of thin peel and crisp flesh, and winter jujube can only
be picked by hand at present, so it is urgent to solve the problem of automatic and intelligent picking of
winter jujube. Whereas, the recognition of winter jujube is the premise and foundation to solve this
problem. In order to solve the problem of low recognition rate caused by the large number difference of
samples with different levels of maturity, this paper proposes a recognition approach based on data-
balanced Faster R — CNN for winter jujube. For the winter jujube with different levels of maturity in
natural environment, this paper researches the Faster R — CNN recognition approach with data balance
from different angles, and then the proposed method is compared with the recognition approach based on
YOLOv3. The results show that: the proposed data-balanced Faster R — CNN method enhances the
generalization effect of the model in the case of insufficient samples and unbalanced categories; the
average recognition accuracy of the proposed approach is 98. 50% which is higher than YOLOv3, and the
total loss is less than 0.5. What's more, the feature extraction of the foreground image is not obvious
because the distance is far between the lens and the foreground image, which will reduce the recognition
accuracy of the overall data set. This research has certain practical significance and application value for
solving the recognition problem of automatic and intelligent picking winter jujube.
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