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Based on Image Semantic Segmentation

PU Jing, ZHU Shiping, MIAQO Yujie,
TANG Xin, ZHENG Quan, HUANG Hua

College of Engineering and Technology , Southwest University , Chongging 400715, China

Abstract: Detecting the waste of dishes can help restaurants to adjust the menu structure and reduce the
waste from the source. This study proposed a method to detect the degree of dish waste based on semantic
segmentation technology. Using Swin Transformer and UperNet as the segmentation framework, the
UperNet was improved by adding a transpose convolution layer before the bilinear interpolation layer of the
UperNet. Finally, the average intersection over union of the improved model on the test set for image

segmentation can reach 93. 30%. In addition, according to the statistical information of the segmented area
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ratio of dishes before and after consumption in the training and verification set, this paper also formulated
the category of the waste, which divided the waste degree of dishes into five grades: serious waste, very
waste, general waste, mild waste, and no waste. Of 1 782 dish samples tested, the accuracy rate of waste
degree identification can reach 95.12%. The method presented in this paper is expected to be used in the
detection and management of food waste in the future.
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