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Abstract This paper presents an improved faster R-CNN algorithm based on the application of unmanned

vending machine selling bottled drinks. Firstly, the residual network ResNet-50 is used as the feature
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extraction network to deepen the depth of target feature extraction and learning. Then, the number and
style of anchor frame in regional proposal network (RPN) is improved according to the morphological
characteristics of bottled beverage products. Finally, a multi-dimensional feature map fusion network is
proposed to enhance the detection performance of small targets. The experimental results showed that,
the loss value tends to converge after 10 000 iterations of model training. Average precision values of
10 categories of bottled beverage products are all larger than 90%. And the comprehensive detection

recognition rate mean average precision value is 93.26%, which is improved 20% compared with the

original model.
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Table 1

Summary of experimental results

FEIRERIE (%)

MAP Tivain Tiest

s Bomex mm OF o KR g BRI L o © ©
VGG16+RPN 61.54 95.89 87.80 78.13 67.24 69.73 78.37 52.55 65.71 73.64 73.06 0.689 0.239
ResNet-50+RPN 73.85 87.39 86.10 90.56 86.44 71.75 74.83 82.53 74.94 70.37 79.88 0.527 0.268
VGG16+FFN+RPN fa 75.72 83.69 88.47 93.21 78.23 74.39 70.64 69.36 66.43 71.54 77.17 0.725 0.571
ResNet-50+FFN+RPN 88.34 90.96 85.73 93.83 86.20 89.26 81.67 85.03 78.64 84.63 86.40 0.583 0.489
VGG16+RPN* 57.37 63.43 69.20 58.17 74.53 73.90 61.03 84.78 85.51 76.20 70.41 0.695 0.239
ResNet-50+RPN* 71.24 86.68 96.74 83.16 77.73 85.71 91.04 92.93 82.37 92.75 86.04 0.598 0.269
VGG16+FFN+RPN* ke 62.31 74.90 77.67 89.42 76.33 89.13 60.40 74.37 78.26 84.12 76.69 0.841 0.612
ResNet-50+FFN+RPN* 90.91 99.84 90.63 90.91 90.91 90.37 90.91 97.78 90.73 99.62 93.26 0.706 0.561

VE: RPN NIX I /2% (Region Proposal Network) ; FEN SAHFERL & P 4% (Feature Fusion Network) ;

T OIS A GE R s R NERHESE it

R=1[05,1.2], R,=[02505,1,2.4]; MAP JyVIPREIEIIME; T INGRIET BB UGEANFENT ;T MREET 35 R UGEATHERS
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Table 2 Comparison of experimental results of classical

target detection algorithms

s B e
YOLO v2 68.42 0.194
YOLO v3 76.47 0.303
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Faster R-CNN 73.06 0.239
ASCEER Faster R-CNN 93.26 0.561
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Fig. 9 Effect picture of physical image detection and video real-time detection
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