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Fine-grained classification method of edible grapes
based on multi-scale feature fusion
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(1 College of Computer and Control Engineering, Northeast Forestry University, Harbin 150040, China;
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Abstract: The scale of grape planting in China has been expanding year by year, but the mixing and cross—pollination of grape
varieties have led to a mixture of grape varieties. The classification and screening of grape varieties have become an important factor
limiting agricultural production efficiency. In order to improve the accuracy of grape variety classification in production, this paper
proposes a Multi —Scale Feature Fusion Network ( MSFF-Net) based on computer vision technology and deep learning theory.
Firstly, the mixed attention module is used to improve the residual module of ResNet34, enhancing the key feature extraction ability
of the module. Then, a bilinear structure is adopted to extract second—order features of grape images from the network. Finally, a
model for classifying edible grapes based on MSFF-Net is established by fusing second—order features and cross—bilinear features. In
grape classification experiments, an accuracy of 93.66% was achieved, which is higher than that of the control model.
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Table 1 Basic information of a dataset
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SHA R SHUH

E% Rt 224x224
HERAF 32
23] % 0.001
st SGD

VIR JE 1) 150

2.3 EMIERR
AR 43 ZEWER 22 ( Accuracy, Ace) 1E MR
AR PR TR A, T FE AT .

Ny
Acc = — x 100% (7)
N

Hodr, N, A R A I IR 2R AR AR
B0, N A AR SR
24 RWERRSH
2.4.1 BRI S 5 e HT

R T IR UEA SCER 1 2 ROBEFFIE RS B 7E B
FHATRIZN 43 24T 55 P A 350 1 22 ROBERRAIE il
A R4 MSFF —Net 73 7] 5 ResNet34  MiER A E S
F1 M 4% ResNet34+CBAM . ResNet34+PACBAM #E47
oA, ARV I 2 i R il £k a1 7 iR, ik
B REAR LR 3

10

Bl

8

-

Accuracy

D

0 50 100 150

epoch
B7 FREERIS 2

Fig. 7 Training curves for different models
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Table 3 Accuracy of different models

A Ace/ %
ResNet34 93.38
ResNet34+CBAM 94.27
ResNet34+PACBAM 95.02
MSFF-Net 96.97
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