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Abstract: Convolutional neural network c

and choose suitable dishes accordi

to improve settlement efficienc
network make the convolutijon
proposes to design a lig

attention mechanism arc%

e used to analyze and recognize dishes, helping people know about food
diffvnt needs. At the same time, it can also be used in cafeteria settlement system
number of convolution calculations and parameters in the convolutional neural
lky, which is not conducive to embedding the model in a mobile device. This paper
onvolutional neural network MobileNetV2-pro to classify dishes. Channel shuffling and

oduced to improve the detection ability of the network. Image preprocessing techniques such

as random erasure are used to process the image of dishes to improve the generalization ability of the system. Experimental

results show that the new structure network can significantly improve the accuracy of dish classification.
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1 5|5 (Introduction)
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#(Convolution Neural Networks, CNN)fyJAlexNet!'zE
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HETH . SHNE R A AL H (201714856).
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YR M RN S S, REEHESEOTEREEXR,

LA, —YEE R TR E A M 4% (Lightweight Neural
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2 83X I{E(Related work)
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Fig.1 Comparison of traditional convolution and depth
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separable convolution
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Tab.1 Architecture of residual structure convolution

A £/ 31(d iy
hxwxN SE block hxwxN
hxwxN 1x1Conv2d,ReLU6 hxwxtN
hxwxtN 3x3DW,s=s,ReLLU6 h/sxw/sxtN

h/sxw/sxtN Linear 1x1Conv2d h/sxw/sxM
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Fig.3 Architecture of channel shuffle 3x3 DWConv
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%2 MobileNetV2—pro® &M 4 2244
Tab.2 Overall network architecture of MobileNetV2—pro

BRUZ LHUNG A B S
Input layer 224 x 224 x 3 — 0
Conv2d 112 x 112 x 32 - 864
Bottleneck1 112 x 112 x 16 1 960
Bottleneck2 56 x 56 x 24 2 14,384
Bottleneck3 28 x 28 x 32 2 25,648
Bottleneck4 14 x 14 x 64 2 77,888
Bottleneck5 14 x 14 x 96 2 191,552
Bottleneck6 7 x 7 x 160 2 492,672
Bottleneck7 7 x 7 x 320 1 475,200
Conv2d 1 x 1 7 x 7 x 1280 - 412,160
Avgpool 7 x 7 1 x 1 x 1280 — 0
FC & Softmax 1x1x10 - 12,810

3 REERSHS(Experimental results and
analysis)
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Fig.6 Part of dishes in FOOD—101 dataset
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Fig.7 Random erasure effect
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Fig.8 The effect of random erasure on accuracy
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Tab.3 Experimental comparison between the proposed
model and other models on the dataset FOOD—101

TR &t
rooD-1014 Jiti

o SR RAB/M KB/M

MobileNetV2 2,236,682 318.70 8.53 75.98%
ShuffleNet 1,825,690 132.41 6.96 69.2!
SqueezeNet 787,429 771.45 3.00 66.50% -
GhostNet 3,246,939  216.72 70.3@ 6" 10"
Ours(MobileNetV2-pro) 1,830,948  246.43 5" 40"

4 Z5i$(Conclusion)
NI UNE =R {5 4t 43 HE 3 fh, X SR

ot PG A R BEBILIE R 0 ¥, B v I S IO AE AR B 7 . TR

BRG] T M R R R IALE, 4T M i E R,
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