FA3EH 6N Vol43 No.b X R 2 2 A (R B RR)
2022 % 11 H Nov. 2022 Journal of Jinggangshan University (Natural Science) 64

XEHS: 1674-8085 (2022) 06-0064-07

ETF PP-YOLO R EZIJRE W ERFE

(1. BTG R R b TRERARBI L, YOV, M 341000; 2. SRS RSP 5o 75 B0, 1006, 90 341000)

W OE. RS SRR R R R A EEAER, SRS R RS ARENT H AR S S AR I AR Sl =
ARG o AT B RANN RIS T s SR s EURARRE . eSS 2k, AR P e A2 AN MM SR AR Fy 1, SR
FHEB B H FR AT 2 PP-YOLO KA FEAS R RS T i 46 SR S R031 o G 3 1 0 2% ResNet S HURFE I
4h4 FPN CREIE& 738 M4 AT RIER & S 2 ROEAGI,  HEEAST IR Bl scibss R, Arighim
PP-YOLO For RS m] 523 55 R AN R KA O T #ma AT 55, mAP 437124 89.06%H1 91.01%, R 2% 45 5l
AL E] 75.30 fps 1 75.44 fps, T LAS TSR KA ALAE N I o m LA H

K HARRM: sl HLEsE; PP-YOLO

hESYES: TP391.41 SCHRERIRAD: A DOI: 10.3969/.issn.1674-8085.2022.06.010

FRUIT RECOGNITION METHOD OF GANNAN NAVEL ORANGE BASED
ON PP-YOLO DEEP LEARNING MODEL
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Abstract: Fruit detection plays an important role in studying the development of navel orange picking
mechanization. However, adverse weather conditions will have an adverse impact on the detection and
identification of target fruits. Aiming at the problems of blurry images, complex noise, slow detection speed and
low accuracy rate of navel orange fruit under foggy and rainy days, this paper uses a single-stage target detection
network PP-YOLO to study the identification of Gannan navel orange fruit under bad weather conditions. Feature
extraction is achieved by the backbone network ResNet and feature fusion by combining FPN (feature pyramid
network), and end-to-end detection is basically realized. The experimental results show that the proposed
PP-YOLO detection model can realize the Gannan navel orange detection task under fog and rainy days, the mAP
is 89.06% and 91.01%, and the recognition efficiency can reach 75.30 and 75.44fps, respectively, which can be
tried to be applied in the development of navel orange picking robot.
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Fig. 2 Schematic diagram of the residual structure
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Fig.3 Characteristic pyramid structure diagram
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Fig. 4 Partial picture of ripe navel oranges on foggy and rainy
days
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Table 1 Navel orange dataset in severe weather
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Fig. 5 Variation curves of training loss values on foggy and
rainy days.
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Fig. 6 MAP change curves on foggy and rainy days
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Table 3 Navel orange test results in bad weather
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