%41 8% 5H FRIBRFFRARZFAFIR) 2024 4F 10 H
Vol.41 No.5 J Chongqing Technol & Business Univ( Nat Sci Ed) Oct. 2024

JET U-net RIBHEBIZS 1P 1R1 LAy TS5 RIOT 52

X Epss RED, 5 Rt
I KT AN ES TSR, S8 Ed 232001

i =AM A FERREPILRET L ER—r A, AR EB R EZ RO LG T ARRik e 325 %
RFERREARBST, FEERGZFME S TR RBRERX TR S, RER -0, Am &R 9% TR 5 F
BAKERA BB T —FIANEHFIPIRERNEN T X RSB ERNE, Jiik AN ERO TR ELE
HATY £ HIEIEIRE LI 54 A Labelme T A3t B AL AT AR E , 5 A AR 9% B2 K 3R Fovt B R 3, 2 kK 4
¥F69 VGG16 AR Fil it it # 3 T H KM E U-net FHAIFS, FIIAKERL EIFEANSM L LA P IRGHFAE
RIFE A G 3T VCG16 R fik & W &3R5 4T D 25 | 3 J5 )| 2R 4T 08 W 4B AL 3 4735 L4 21 5t B X 9 45
RBgE TR REA REKBENERRENY 87.51%, FINTEHFT G ERERITE9.78%, 74T
4.88% ;3| Nk B M0 A B4R S £ 90. 04% , 32T T 2.89% ; mAINE B F I ik EM%ZE  EHERITE
93.42% 32 H T 6.75%, FARBERHF—W )% RILEFINT EH4FTERAT 2s, ik B EBLERTIEE
AR FEFIANTHET R ENLE AR TEGERDERIEAEFT AT — ORI, ERELR Y T H—
0 BEAL D 25 B 1] Bk o I AR AT

Yefiltin] . 9% F 1R A T 9B BB VGG16; U—net ; IR £ M 4

Bl P393 SCilikbRIAS : A doi: 10. 16055/ issn. 1672-058X. 2024. 0005. 008

Research on Image Semantic Segmentation Structure Based on U-net and Capsule Network
LIU Xiangju, ZHAO Huimeng, FANG Xianjin
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Abstract: Objective Mosaic disease is a common symptom in apples. Especially under the condition of large temperature
differences between day and night, the onset of mosaic disease is rapid, which can lead to an increase in the rate of
defoliation, resulting in a large reduction in apple production and huge economic losses. The number of mosaic disease
spots is too high and the scale of the spots varies, resulting in problems such as low accuracy of disease identification.
Based on this, a method that introduces transfer learning and capsule networks was proposed to improve the disease
identification rate. Methods Firstly, this method expanded and enhanced the obtained mosaic disease dataset, and used
the Labelme tool to annotate images, marking the lesion area and leaf area respectively. Secondly, the weight of the
trained VGG16 model was transferred to the coding part of U—net through the transfer learning technology, and the capsule
network was introduced, so that the whole network had a stronger feature extraction ability. Then, the VGG16 model and
capsule network were trained. Finally, the trained network model was semantically segmented and test results were
output. Results The experimental results showed that the accuracy rate of the original dataset was 87.51%, and the
accuracy rate after the introduction of transfer learning was improved to 91. 78%, an improvement of 4. 88%; the accuracy

of introducing the capsule network was improved to 90. 04%, an increase of 2. 89%; after the introduction of transfer
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learning and capsule network, the accuracy rate was improved to 93.42%, an improvement of 6. 75%. In addition, the

training time of each round of the model was also improved by 2 s after the introduction of transfer learning.

Conclusion According to the experimental results, it can be proved that the proposed model, after the introduction of

transfer learning and capsule network, has a certain improvement in identification accuracy compared with the traditional

model. Furthermore, this method also reduces the model training time in each round and the overall segmentation

performance is better.

Keywords: disease identification; mosaic disease; disease spots; VGG16; U-net; capsule network
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