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Abstract

In fresh food superstores, the freshness period of all vegetable items is relatively short, and the
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quality deteriorates with the increase of selling time, and they cannot be re-sold on the next day.
This paper analyses a variety of single-item codes. Based on the XGBoost model, the PSO algorithm
is used to construct a model with the goal of maximising supermarket revenue. After calculation,
the optimal unit price of the first single product code is 6.29999999948531562, the optimal num-
ber of sales is 41.19558, and the maximal hyper-merchandising revenue is 110.80144372618932;
the optimal unit price of the second single product code is 102900011030059, the optimal num-
ber of sales is 30.746147, and the maximal hyper-merchandising revenue is 74.1818932; the op-
timal unit price of the second single product code is 102900011030059 and the optimal number of
sales is 30.746147. The maximum hypermarket gain is 74.18823167795038. A key innovation of
this research is to realize the personalized optimal pricing of different vegetable products through
XGBoost model and PSO algorithm. This means that the supermarket can set the best selling unit
price according to the characteristics and market demand of each commodity to maximize the
profit of the supermarket. Through more reasonable pricing and sales strategies, supermarkets can
reduce the unsalable and waste of vegetable commodities, help reduce resource waste, improve
economic efficiency, and have a positive impact on environmental protection. The method in this
paper provides scientific management decision support for the supermarket, so that it can better
cope with the market changes and commodity characteristics, and improve the operating efficiency.
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Figure 1. Visualisation of XGBoost model fitting effects
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Figure 2. Adaptation curves for the first two single-item coding adaptation functions
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Table 1. Optimal results for two single-item codes
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AL x (AT AR AR BRI e B
6.299999948531562 41.19558 110.80144372618932
4.966432306869793 30.746147 74.18823167795038
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