FOOD & MACHINERY FAEETH BE285H | 202557 A | ARSHM

DOI:10.13652/j.spjx.1003.5788.2024.80988

£ T2 YOLOvSs By B 4 il il B 42 W 77 7%

I k' ATE' RaW® HER SgH"

(1. ZERVKE, =/ B 650500; 2. =4 K%, =/ B 650221;
3. AR AR IR A BRTT A, =/ BHIE 6570000

BE(BWIRS9EN RS~ F, FINAGE G EY & 4R, % 2 83 YOLOvVSs 8 & 8 48 8 8 Z AR [ K
351454 YOLOVSs A A 69 B ) 32 I45 42, A) A ShuffleNetV2 42 S AL KL 3 4 3 R 45 AL A o a9 45 A2 30 OBE 3 0l U R A &
YBLEH AR R B A s AL R AR AR IR IR 5k Am CBAM Rl i & & A ALA) , BICR B 4 E 64 45 AR 4S8 4% 8 SIOU 7
KB EBRBERGT R DR ME AL T YOLOVSs RS G B EEAN 7 & [ HER ]kt )5 e B R
FH 91.9%, A Kk 6.7 MB, B B F 5o F 34 45 3 5 A h 89.3% A= 96.3%, 25 R 45 YOLOvVSs B & o A1 42 H+ 7
10.3% #7 12.3%; 5 % %7 £ /% % YOLOvV3 . YOLOvSm #= YOLOVS ¥ £ & Aa st , F 34 4% B 314 5 A1 3— H T 44.3%,9.3%,
13.1% [ £518 13X 3542 th 49 YOLOvVSs 2L R AR 3 & 8 45 78 8 B ] LA 4 & 0h /4 5
KR 4578 ; YOLOVSs; i B ;CBAM 2% A L) ; SIOU 4 %k % 44 ; ShuffleNetV2 42 3 AL AL A

Detection of alcohol content in liquor gathering
based on improved YOLOVvVSs

WANG Shuang' JI Yuanxia' WU Honggang’ YANG Runling' LU Shaokun"’

(1. Yunnan Agricultural University, Kunming, Yunnan 650500, China; 2. Yunnan University of Finance and Economics,

Kunming, Yunnan 650221, China; 3. Yunchi Distillery Co., Ltd., Zhaotong, Yunnan 657000, China)

Abstract: [ Objective] To improve the quality and yield of liquor by achieving efficient and accurate detection of alcohol content during the
liquor gathering process and to develop an detection model of alcohol content in liquor gathering based on improved YOLOvSs. [ Methods]
This study replaces the original feature extraction module of the YOLOv5s model with the lightweight ShuffleNetV2 module to reduce the
model's depth, making it more compact. The convolutional block attention module (CBAM) dual-channel attention mechanism is added to
the feature extraction process to capture features from different dimensions. The SIOU loss function is used to replace the original model's
loss function. A novel method for alcohol content detection based on the improved YOLOvVSs model is proposed. [ Results] The improved
model achieves an accuracy of 91.9%, with a model size of 6.7 MB. The recall rate and mean average precision (mAP) are 89.3% and
96.3%, respectively, showing an increase of 10.3% and 12.3% over the original YOLOvVSs model. Compared to current mainstream models
like YOLOV3, YOLOv5m, and YOLOvVS, the mAP has increased by 44.3%, 9.3%, and 13.1%, respectively. [ Conclusion] The improved
YOLOVS5s model proposed in this paper provides high accuracy in detecting alcohol content during the liquor gathering.
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Intelligent liquor gathering system model
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Figure 2 Sample dataset
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Figure 3 YOLOvSs network structure
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Figure 6 CAM attention structure
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Figure 7 SAM attention structure
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Table 4 Comparison results of mainstream models %
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Figure 9 Training results of YOLOVS5s before and after
improvement
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