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Product Recognition on Shelves Based on Deep Neural Network
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ABSTRACT: The work aims to fast count the product information on shelves, and propose an automatic recognition
method of shelf products based on deep neural network. The image of the shelf products collected by the camera was
processed by the deep neural network algorithm to obtain the SKU and position of the products in the image. Aiming at
the dense detection scenario of shelf product recognition, this method improved the general deep neural network object
detection algorithm: the algorithm was divided into two stages of detection and classification and a part of the network
structure was redesigned. At the same time, this method was compared with the traditional shelf product recognition
methods and the general deep neural network object detection methods. From the experiment results, the average precision
of the model reached 96.5% in the detection stage and 99% in the classification stage. In whole image test, the precision
was 98.17% and the recall was 97.05%. Compared with prior works by traditional object detection methods for product
recognition on shelves or SIFT artificial operators to extract features and classify product SKU, this method greatly im-
proves the detection rate and classification precision rate, which has good application potential.
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Tab.2 Test result of real images with threshold of 0.8
SKU TP FP FN Precision/% Recall/%
1 29 26 3 0 89.66 100.00
2 35 34 0 0 100.00 100.00
3 26 25 0 0 100.00 100.00
4 65 62 3 1 95.38 98.41
5 19 18 0 0 100.00 100.00
6 65 61 0 0 100.00 100.00
7 78 76 2 1 97.44 98.70
8 46 43 1 1 97.73 97.73
9 18 18 1 0 94.74 100.00
10 37 37 0 0 100.00 100.00
418 400 10 3 97.56 99.26
3
Tab.3 Comparison of product detection methods
1%
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2SKU
[4] 400 Hough BRISK 90.0
[13] 375 HOG Cascade Ob_]ect Precision 88.8
195 Recognition Algorithm Recall 87.9
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[16] 375 354 DPM HOG .
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600 50 Deep Neural Network FPN AP 96.5
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Tab.4 Comparison of product SKU classification methods
/%
[13] 47 87 31 24 HOG Color Histogram SVM 96
[14] 195 194 SURF Bag of Words SVM 89.0
6SKU
[15] 20000 70000 SIFT Bagof Words SVM 68.45
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