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Foam classification method of Chinese spirits based on

image acquisition optimization recognition
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Abstract: [Objective] This paper aims to achieve automatic identification and classification of Chinese spirits, solve the production
fluctuation of traditional "alcoholic strength determination based on foam watching" for Chinese spirits, and balance the accuracy, real-time
performance, and universality of existing deep learning-based methods for foam classification of Chinese spirits. [ Methods] An automatic
foam classification method of Chinese spirit based on image acquisition optimization recognition was proposed. The foam images were
collected through a self-built platform, and the data quality was improved by preprocessing via ENet. The foam images were classified by
using the Vision Transformer (ViT) and ConvNeXt models. [ Results] This method improved the automation level and accuracy of alcoholic
strength determination for Chinese spirits and achieved a classification accuracy of 99.4% while ensuring real-time performance.
[Conclusion] This method effectively optimizes the traditional alcoholic strength determination technology for Chinese spirits, enabling
rapid and accurate real-time detection and classification of foams.
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Table 1 Characteristics of foams and corresponding
alcoholic strength
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Foam morphologies at different stages
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Figure 2 Image acquisition platform
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Figure 3 Image of foams collected by and foam area

required by self-built platform
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Table 3 ENet network structure
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Bottleneck2.3 asymmetric 5 128X 64 X 64
Bottleneck2.4 dilated 4 128X64 X 64
Bottleneck2.5 128X64 X 64
Bottleneck2.6 dilated 8 128X 64 X 64
Bottleneck2.7 asymmetric 5 128X 64X 64
Bottleneck2.8 dilated 16 128X64 X 64

Repeat section 2, without bottleneck2.0

Bottleneck4.0 upsampling 64128 X128
Bottleneck4.1 64128 X128
Bottleneck4.2 64X 128X 128
Bottleneck5.0 upsampling 16 X256 X256
Bottlenecks5.1 16X256 X256
fullconv CX512X512
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Figure 4 Original image and bitmap

(b) ik

J& background J& 5l o it JC pR LR 28 LM R oR B
CrossEntropyLoss, #] #f %% 2 & 4 0.000 5,2 > KR H &
[ 33 U , factor 4 0.5, BV 4 50 4~ epochs Z J5 , 2% 3] FAL N
SRR 172, i L2 IENAE , factor 4 0.000 2., 4 A & -k
/N 960 15 F X 54015 L B R IR EL Y 174, 3B AT 200~
250> epoch, [ 2% RVA] 52 Ji 27 2] , 4060 ZE 107K < g
FEUF 1 ho 2 20 i B2 i i i B U mIOU 25 4 0.979 0,
YII 2558 0 96 UE 48 1930 46 TOU B W Il 5 B

1.00r
0.98
096
E 0.94
£ 092
£ 0.90
0.881
0.861

HERf
Accuracy rate

— I
fffffff K4

L L L L L L L L L J
0 20 40 60 80 100 120 140 160 180 200
B
Epoch
BS5 dhEfEiefeiHitloOUR

Figure 5 10U charts of foams for training and validation sets
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Image preprocessing prediction and output results
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Images of different foam morphologies
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