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Orange flap detection method based on improved YOLOvS
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Abstract; Aiming at the problem of poor efficiency of manual classification of orange flaps in orange canning factories, a method
of orange flaps detection based on deep learning was proposed. In this paper, a data set with 2 500 images was made by taking the
images from the production line of citrus canning plant as the object. Based on the YOLOvSs model, the attention mechanism is
fused and the loss function is improved to achieve the improved YOLOvSs model, in which the average accuracy of the orange lobe
detection task reaches 93.7% and the detection time of a single image is 25 ms. The experimental results show that the orange
detection method based on the improved YOLOvVSs model can meet the actual application requirements of the factory production line.
This method can provide high—precision visual guidance for orange petal automatic sorting equipment.
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Fig. 1 Orange petal dataset
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Fig. 2 Improved YOLOvVSs model structure

PEAT AT A A TS BR B 1) A SR /N B TR
SEAE 5 [ 38 1V B R 46 BICREAS [ R /N 8 i A B R 46
R RE RN, ARSI TE S 640 132 x640 12K,
23 HEtETFME

TE TR d Bk YOLOvSs #8540 3 35 ] 34

2.2 BN

AL FE 3 > FEHERAE  Mosaic Fidatiiom . H
T8 A HE TR A B A N B AR, Mosaic U1
4 & AL BT Df4% 1 s s 48 AR 5 B A
METHAAE NN ZRTT U1, R k—means 575 X 246 48



512 1 WS 4, BTG YOLOVS RYAG ARG I 77 122 95

PR ST B A PR 2 ] 4 7 B i AL R .
BB TR SRR AR A2 0 Silu 05 pR 8L, fR
TE T SRAE IR BN 2 25 5% ST Bofs Jsag A 2 1l
PN R A 0 S A3 32, o B T AR
A B Rl A IS 23 3, (ARSI B M B SR Y
FHAIE R a7 1 I 28 40 A 5 PR s ) < 7 P T AL AR B 2
2 [ 4 i AR B A — bR e S B 7 SN sl 3 B
ARG RS R ORE A= FIDHE, e B -

FREGLRIBURF AL ), PR HE A S R B AL 2R A
IR PHERR G 2 N B YL, i 280 5 BB
P 16 NRHIE R 90 4 of I AR AR A 15 Bt

N T BT R R EE EAR AR A SRR S A T
W2 R ELE T TR JIALE], B i AR Zh A
4 Jr7R B — R AL PR i SRt A Ak B E i
BT 2R A HVRFAL , 36 JC FHRFE | eIk Bl By
B A4 HYHHIE,

B3 fREZEEFHE L ARR

Fig. 3 Spatial Pyramid Pooling—Fast component structure
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Fig. 4 Squeeze—and—Excitation module structure
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Fig. 5 Feature pyramid network-+path aggregation network structure
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Table 1 Improved YOLOVS5s training parameters
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Fig. 6 Improved YOLOVSs training curve
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Table 2 Results of various orange petal experiments
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Table 3 The experimental results of each model are compared
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Fig. 7 Comparison of detection effects on the assembly line
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Fig. 8 Comparison of inspection results on conveyor belts
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