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Abstract. With economic development, people's eating habits are becoming more green and healthy, 
which provides a wide market for the sale of vegetable products. Due to the short shelf life and easily 
damaged characteristics of vegetable products, most of them cannot be sold the next day. As a 
result, supermarkets need to replenish their stock on a daily basis based on historical sales data. To 
help supermarkets formulate pricing and replenishment strategies to maximise sales, this paper 
takes two approaches based on domestic and international studies. First, this paper draws a scatter 
plot of total sales and markup rate and fits the functional relationship and concludes that the 
correlation between the two is not strong; it adopts a time series forecasting model to determine the 
cost price of each vegetable category for the next seven days, and solves the total daily 
replenishment and pricing for the next seven days using particle swarm algorithm through the 
establishment of a profit objective function. Second, considering the limited selling space of 
supermarkets and satisfying the market demand as much as possible, this paper introduces the 
constraint that the sellable single product categories are within 20, and solves for the replenishment 
and pricing of single products on 1 July 2023 in supermarkets. This paper provides workable ideas 
for pricing and replenishment decisions for vegetable products in supermarkets. 

Keywords: Time Series Prediction, Particle Swarm Algorithm, Goal Programming. 

1. Introduction 
With the improvement of people's living standards, people are more in pursuit of a green and 

healthy lifestyle, eating habits have changed greatly, the demand for vegetable commodities is 
growing, but also more attention to the quality and variety of vegetable commodities, vegetable 
commodities in the daily sales of supermarkets accounted for a large proportion of the super is an 
indispensable part of the super business. However, vegetable commodities are typical perishable 
products, its preservation cycle is short, the decay rate is fast, usually not sold on the day, the next 
day will not be able to sell; in the process of transporting vegetable commodities are also very easy 
to damage, resulting in a certain amount of waste; vegetable commodities are many varieties of 
commodities, the origin and harvest date are different, susceptible to the impact of seasonal factors, 
merchants are usually required to be in the specific types of vegetable demand and the price of the 
purchase of the same day are not sure! The unscientific replenishment and pricing strategy may cause 
the problem of mismatch between supply and demand, which will have a certain impact on the 
profitability of supermarkets. Therefore, this paper focuses on the analysis of market demand based 
on the historical sales data of supermarkets, and researches and formulates the dynamic replenishment 
and pricing strategy of supermarkets, which can help supermarkets achieve the maximum profit to 
the greatest extent. 

By reviewing the existing literature, for the pricing and replenishment study of fresh vegetable 
commodities, Zhao Ling and Liu Zhixue [1] analyse the structural part of the optimal value function 
to represent the optimal pricing and inventory strategy, and at the same time consider the fixed cost 
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and customer returns to establish a dynamic inventory and pricing model, and the numerical analysis 
using heuristic algorithm solution concludes that the optimal replenishment level and pricing will 
change monotonically with the customer returns and fixed cost The conclusion. Zhang Jinlong et al 
[2], based on the consideration of fresh fruits and vegetables and other perishable new products, 
proposed that the demand for such products is composed of attempted purchases and repeated 
purchases, and used the Bass model including the price effect to describe the dynamic evolution 
process of the number of attempted purchases, and then introduced the repeated purchase rate to 
construct the demand function of perishable new products, and then analysed the relationship between 
the demand function and the deterioration rate, and established a dynamic inventory and pricing 
model of perishable new products with dynamic bulk replenishment using a heuristic algorithm. Then, 
by analysing the relationship between the demand function and the deterioration rate, we establish a 
joint decision model of pricing and dynamic batch replenishment of new products, and derive the 
necessity of joint decision of pricing and replenishment, as well as the U-shaped correlation 
relationship between the optimal price and the product diffusion rate, and the repetitive buying 
behaviour that decreases and then increases. Song Hongfang et al [3], based on the dynamic pricing 
problem of goods under rapid replenishment with fixed ordering costs, used Markov decision making 
and Bellman's equation to construct a dynamic planning model for profit maximisation, and used 
heuristic algorithms to solve optimal pricing and optimal inventory levels. 

This paper aims to help supermarkets develop optimal replenishment and pricing strategies for 
vegetable products as the main research direction, and gives the replenishment and pricing strategies 
for vegetable products from two directions to provide reference for the operation of supermarkets. 
The research directions of this paper are as follows: 

Direction 1, based on the supermarket's historical sales data to study the relationship between the 
total sales volume of vegetable products and cost-plus pricing, and based on the resulting relationship 
to give the supermarket the total replenishment and pricing strategy for each category in the coming 
week. Vegetable pricing is generally based on the cost-plus pricing method, where customer demand 
for individual vegetable products is sensitive to price fluctuations. By using this pricing method, 
supermarkets can better regulate prices to keep them at a stable level, and discounts are also required 
for individual products that are damaged or in poor condition. The development of better 
replenishment and pricing strategy usually requires us to fully study the historical sales data of 
supermarkets of vegetables, this paper first by drawing the total sales of each vegetable category and 
cost-plus pricing scatterplot, the use of the principle of least squares based on the plot of the scatterplot 
to fit into a functional relationship, to analyse the relationship between the total sales of each 
vegetable category and cost-plus pricing. Vegetable commodities are usually affected by seasonal 
factors, showing a cyclical pattern, so this paper adopts the time series prediction model to determine 
the cost price of each category in the next seven days, through the relationship obtained by fitting the 
function to establish the profit objective function, based on the conditions of maximum revenue of 
the supermarket, the use of particle swarm algorithm to solve the replenishment volume of each 
vegetable category per day on 1-7 July 2023 and the corresponding pricing strategy. . 

Direction two, taking into account the problem of limited sales space of vegetable category in the 
supermarket, this paper introduces the two constraints of the saleable single species category and the 
number of single products on the shelves to be controlled within 20, and then gives the pricing and 
replenishment strategy of the supermarket. In this paper, the particle swarm algorithm is used to solve 
the nonlinear programming problem under the above constraints, which gives the single items of the 
superstore to be purchased on July 1, as well as the replenishment quantity and pricing decision of 
each single item. 

2. Preparatory phase of modelling 

2.1. Description of symbols 
The notation used in this paper to construct and solve the model is shown in Table 1. 
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Table1 Symbol Description 
Notation Instructions Unit 

W Profitability of goods Yuan 
P Pricing of commodities Yuan 
R Wholesale price of goods Yuan 
Q Daily replenishment of commodities kg 
S Sales of goods kg 
I Mark-up rates for commodities  
L Wear and tear rate of commodities  

 
Note: Variables that are not declared are governed by their specific description where the symbol 

appears. 

2.2. Model assumption 
(1) It is assumed that the merchant does not know exactly what the specific individual items and 

purchase prices are on the day of replenishment; 
(2) Market conditions are assumed to be relatively stable during the observation period; 
(3) Single instantaneous replenishment, no stock-outs allowed. 

2.3. Data preprocessing 
(1) Data consolidation 
In this paper, the data files are merged by applying the merge function of the pandas library in 

Python, and due to the relatively large amount of data, the merged data are classified and summarised 
according to a single day by using the groupby() function in Python, which facilitates the analysis 
and processing of the data. 

(2) Cost-plus pricing 
Cost-plus pricing = unit cost * (1 + mark-up rate) 
Unit cost = (total fixed cost + total variable cost) / sales volume = wholesale price * (1 + discount 

rate) 
Mark-up rate = (selling price - wholesale price) / wholesale price *100% 
Then there is: 

Cost − plus pricing = 𝑅𝑅(1 + 𝐿𝐿)(1 + 𝑃𝑃−𝑅𝑅
𝑅𝑅
�                   (1) 

3. Direction 1 modelling and solving 

3.1. Scatterplotting and fitting functional relationships 
In this paper, the cost-plus pricing of each vegetable category is taken as the x-axis variable and 

the total daily sales volume of each vegetable category is taken as the y-axis variable, a scatter plot is 
drawn to first determine the relationship between the two, and then based on the principle of the least 
squares method, a regression is fitted to the scatter plot to obtain the functional relationship between 
the two. As a result, six scatter plots of the relationship between cost-plus pricing and daily sales 
volume were obtained for each vegetable category, of which the scatter plot for chilli is shown in 
Figure 1. 
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Figure1 Scatterplot of cost-plus pricing of chilli with total daily sales volume 

Observing Figure 1, it can be seen that the result of the fitted function for the pepper class is a 
decreasing function in the defined range, which is in line with the general understanding of price and 
sales volume, and by analysing the sample points, it can be seen that the determined price corresponds 
to a large difference in the total amount of daily sales, for example, the total amount of daily sales is 
distributed in the range of 50-200kg when the cost plus price is 8 yuan, and most of the sales are 
distributed in the range of 50-100kg. 

Looking at the six scatter plots, it can be seen that the goodness of fit R2 of the regression function 
is small and poorly fitted, considering that the reason may be that there are too few indicator factors 
and it is difficult to accurately measure the sales volume of cost-plus pricing of a single indicator. 

3.2. Forecast of cost price 
(1) Weak smoothness condition for time series: 
①E(Xt) = E(Xt−s) = μ (Mean value is a fixed constant) 
②Var(Xt) = Var(Xt−s) = σ2 (Variance exists and is constant) 
③Cov(Xt, Xt−s) = γs (Covariance is only related to the interval s, not t) 
(2) ARIMA(𝑝𝑝,𝑑𝑑, 𝑝𝑝) model is as follows: 

𝑦𝑦𝑡𝑡′ = 𝛼𝛼0 + ∑ 𝛼𝛼𝑖𝑖
𝑝𝑝
𝑖𝑖=1 𝑦𝑦𝑡𝑡−𝑖𝑖′ + 𝜀𝜀𝑡𝑡 + ∑ 𝛽𝛽𝑖𝑖

𝑞𝑞
𝑖𝑖=1 𝜀𝜀𝑡𝑡−𝑖𝑖                 (2) 

Both 𝑦𝑦𝑡𝑡′ = ∆𝑑𝑑𝑦𝑦𝑡𝑡 = (1 − 𝐿𝐿)𝑑𝑑𝑦𝑦𝑡𝑡                     (3) 

(1 − ∑ 𝛼𝛼𝑖𝑖
𝑝𝑝
𝑖𝑖=1 𝐿𝐿𝑖𝑖�(1 − 𝐿𝐿)𝑑𝑑𝑦𝑦𝑡𝑡 = 𝛼𝛼0 + (1 + ∑ 𝛽𝛽𝑖𝑖

𝑞𝑞
𝑖𝑖=1 𝐿𝐿𝑖𝑖�𝜀𝜀𝑡𝑡             (4) 

where p is the autoregressive order, d is the difference order, p is the moving average order, L is 
the lag operator, ε is the perturbation term, α is the autoregressive coefficient, and β is the moving 
average coefficient. 

3.3. Q-Test 

𝐻𝐻0 ∶ 𝜌𝜌1 = ⋯ = 𝜌𝜌𝑠𝑠= 0  
𝐻𝐻1 ∶ 𝜌𝜌𝑖𝑖(𝑖𝑖 = 1,2,⋯ , 𝑠𝑠) At least one of them is not 0 , 
Under the 𝐻𝐻0 the condition that holds, construct the statistic: 
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Q = T �T + 2T + 2∑ rk
2

T−k
~χs−n2s

k=1 �                 (5) 

Where T is the sample size, n is the number of unknown parameters in the model, k is the number 
of sums, and s is taken as 18 in SPSS. 

3.4. Forecasts of wholesale prices 
In this paper, the wholesale price of each category in the data file from April to June 2023 is 

extracted as a time series, first we judge whether the time series is smooth or not, and after differential 
smoothing of the unstable time series, we use SPSS 25.0 expert modeller [4] to make the ACF plot, 
PACF plot and Q-test, and from this, we deduce the time series model and make a prediction of the 
wholesale price of the next 7 days, such as the prediction results of flower and leaf category in Figure 
2, Figure 3. 

 
Figure 2 Time series forecast of wholesale price of foliage and flowers 

 
Figure 3 Predicted ACF and PACF maps for foliar species 
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Observing the ACF and PACF plots of the residuals, it can be seen that the autocorrelation 
coefficients and partial autocorrelation coefficients of all lagged orders are not significantly different 
from 0. In addition, this paper performs the Q-test on the residuals, and the probability p-value 
obtained is 0.500, which results in a result greater than 0.05, and the original hypothesis cannot be 
rejected under the condition of 99% of the confidence level, i.e, it can be assumed that the residuals 
are white noise and therefore the ARIMA (1, 0, 0) model is able to identify the time series well. 

The results of the time series fitting models are shown in Table 2, the model type for all six 
vegetable categories is ARIMA [5], where the difference order is 1 for cauliflower and edible 
mushrooms, and 0 for all vegetable categories except edible mushrooms, which has a moving average 
order of 1. The autoregressive orders for aquatic roots and tubers, foliage, cauliflower, eggplant, 
pepper, and edible mushrooms are 3, 1, 0, 0, 1, 1, and 0, respectively. 

Table2 Time Series Models by Category 

Kind Aquatic 
rhizomes Philodendron Cauliflower Eggplant Chilli Edible 

fungi 

Model 
type 

ARIMA 
(3, 0, 0) 

ARIMA 
(1, 0, 0) 

ARIMA 
(0, 1, 0) 

ARIMA 
(1, 0, 0) 

ARIMA 
(1, 0, 0) 

ARIMA 
(0, 1, 1) 

 
The predicted cost price of each vegetable category from 1 to 7 July is shown in Table 3, and the 

cost price of each category was relatively stable over the seven-day period, with no significant 
fluctuations. 

Table 3 Projected cost price by category 

 

3.5. Objective function 
In order to find the total daily replenishment and pricing strategy for each vegetable category for 

the next 1-7 days so that the supermarket's profit is maximised, this paper establishes a planning 
model for each category with the aim of maximising profit. 

𝑚𝑚𝑚𝑚𝑚𝑚: 𝑊𝑊 = 𝑆𝑆𝑆𝑆 − 𝑅𝑅𝑅𝑅(1 + 𝐿𝐿) 

𝑆𝑆𝑆𝑆. Decision variables 𝑃𝑃 ∈ [𝑎𝑎, 𝑏𝑏]                    (6) 

where a is the lowest price from April 2023 and b is the highest price from April 2023; In particular, 
S is a function of P. A fitted regression gives. 

where the total daily replenishment quantity Q has the following expression 

𝑄𝑄 = 𝑆𝑆 × (1 + 𝐿𝐿)                             (7) 

3.6. Nonlinear programming solutions 
In this paper, the particle swarm algorithm is used in the heuristic algorithm [6] to numerically 

solve the above objective function. The core idea of the particle swarm algorithm is to use the 

Cost (yuan/kg) 
Dates Aquatic rhizomes Philodendron Cauliflower Eggplant Chilli Edible mushroom 

1 July 12.37 3.17 7.90 4.95 4.76 6.82 
2 July 12.11 3.31 7.90 4.96 4.80 6.79 
3 July 12.05 3.41 7.90 4.97 4.83 6.77 
4 July 12.05 3.48 7.90 4.98 4.83 6.74 
5 July 11.92 3.54 7.90 4.98 4.84 6.71 
6 July 11.88 3.58 7.90 4.99 4.85 6.69 
7 July 11.83 3.61 7.90 5.00 4.86 6.66 
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exchange of information between individuals in the group to make the whole group evolve from 
disorder to order in the solution space so as to obtain a feasible solution to the problem. 

The particle is located at the dth iteration: 

𝑥𝑥(𝑑𝑑) = 𝑥𝑥(𝑑𝑑 − 1) − 𝑣𝑣(𝑑𝑑 − 1) ∙ 𝑡𝑡                      (8) 

The velocity of the particle at the dth iteration: 

           (9) 

Previous step own speed inertia  Self-perception component  Social-perception component 
Among them 𝑐𝑐1 , and 𝑐𝑐2  denote individual, social learning factors, respectively; 𝑟𝑟1  and 𝑟𝑟2 

denotes the[0, 1] the random numbers on the𝑤𝑤  as the inertia weights, and 𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝 , and 𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔 
denote the individual and group historical optimal positions, respectively. The particle swarm 
algorithm implementation process is shown in Figure 4. 

 
Figure 4 Process for implementing particle swarm algorithms 

3.7. Principles of Particle Swarm Algorithm 
In this paper, we use Matlab's own particle swarm function particleswarm [7][8] For the solution, 

the principle adopts the adaptive domain model, according to Qian Feng, "Particle swarm algorithm 
and its industrial applications", the domain model refers to the particle swarm in the search process 
only part of the particles around it as the domain particles, this model makes the particle swarm can 
be divided into several different sub-populations, which is conducive to search in multiple regions, 
avoiding the algorithm to fall into the local optimum. 

Its self-adaptation is reflected in the fact that when the fitness starts to stagnate, the particle swarm 
search switches from the domain mode to the global mode, and then back to the domain mode when 
the fitness starts to decrease, in order to avoid falling into a local optimum. When the number of 
stagnations of the fitness is large enough, the inertia coefficient starts to decrease, thus facilitating the 
local search. 
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3.8. Preset parameter 
(1) The number of particles is set by default to: min{100.10*nvars }, where nvars is the number 

of variables; 
(2) The inertia weights are set by default in the range [0.1, 1.1] [9]; 
(3) The individual learning factor is set to 1.49 by default [10]; 
(4) The social learning factor is set to 1.49 by default; 
(5) The scale of the particles in the field is set to 0.25 by default. 

3.9. Results 
The total daily replenishment and pricing for each vegetable category for 1-7 July 2023 was 

derived by setting up a profit objective planning function, which was solved using the particle swarm 
algorithm under profit maximisation. The results for the aquatic roots and tubers category are shown 
in Table 4. 

Table 4 Total daily replenishment and pricing of aquatic roots and tubers 1-7 July 2023 
Aquatic rhizomes 

Dates Total daily replenishment (Q) Pricing (P) Profit (W) 
1 July 18.77 13.56 52.89 
2 July 18.69 13.82 56.51 
3 July 19.01 12.82 56.71 
4 July 18.67 13.87 57.22 
5 July 18.63 13.99 59.14 
6 July 18.61 14.02 59.65 
7 July 18.60 14.07 60.34 

4. Orientation 2 Model building and solving 

4.1. Screening of saleable items 
In this paper, we use the pivot_table function in Python's pandas library to sort and summarise the 

data files by date of sale, item name and sales volume, and then select the total daily sales volume of 
each item from 24-30 June 2023, and then use Excel to sort and filter out the saleable items from 24-
30 days. 

4.2. model solution 
For each individual product, an objective function is defined and solved using the particle swarm 

algorithm according to the same principle as above. 
𝑚𝑚𝑚𝑚𝑚𝑚: 𝑊𝑊 = 𝑆𝑆𝑆𝑆 − 𝑅𝑅𝑅𝑅(1 + 𝐿𝐿) 

𝑆𝑆𝑆𝑆. Decision variables 𝑃𝑃 ∈ [𝑚𝑚,𝑛𝑛]                       (10) 
where m is the lowest price on 24-30 June 2023 and n is the highest price on 24-30 June 2023; 
In particular, S is a function of P. This is obtained by fitting a regression to the average daily price 

and total daily sales data on 24-30 June 2023 for each individual product. 

4.3. Results 
The overall daily replenishment and pricing strategy for each vegetable item on 1 July 2023 is 

derived by setting a profit objective planning function for each item and solving it using a particle 
swarm algorithm under profit maximisation. The results are presented in Table 5. 
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Table 5 Total daily replenishment and pricing for each vegetable item 

trade name Shanghai 
Qing 

Yunnan 
oilseed 
rape 

(portion) 

Lotus 
root(1) 

Yunnan 
lettuce 

(portion) 

Peppers 
(portions) 

Little 
bok 

choy(1) 
...... 

Pricing P 
(yuan) 8.00 4.45 15.53 5.73 5.76 5.20 ...... 

Replenishment 
Q (kg) 3.72 27.66 7.42 39.20 27.07 5.93 ...... 

Profit W 
(yuan) 14.24 21.45 17.40 81.21 18.41 9.17 ...... 

5. Conclusions 
Vegetable products occupy an important position in people's diet structure, but the supply of 

vegetable products is affected by a variety of variables such as freshness period, transportation loss 
rate and seasonal factors, how to effectively use the past sales data of vegetable products to predict 
the replenishment and pricing of supermarkets on the same day, which is of great significance to the 
operation of supermarkets. This paper aims to help supermarkets formulate pricing and replenishment 
strategies scientifically and effectively, and based on the existing research at home and abroad, the 
research on the optimal replenishment and pricing strategies of vegetable products in supermarkets is 
carried out in two directions. In the first direction, since the pricing of vegetable products usually 
adopts the "cost-plus pricing" method, this paper first plots the scatter plot of daily total sales and 
cost-plus pricing of each vegetable category, and concludes that the correlation between daily total 
sales and cost-plus pricing is not strong; and since the data have the characteristics of time series, this 
paper uses SPSS25.0 to study the optimal replenishment and pricing strategy. SPSS25.0 Expert 
Modeller to construct a time series prediction model to determine the cost price of each vegetable 
category for the next seven days, and then constructed a profit objective function, which was solved 
numerically using the particle swarm algorithm in the heuristic algorithm to obtain the total daily 
replenishment volume and pricing strategy based on the objective of the maximum profit of the 
supermarket for the next 1-7 days. In the second direction, in real life, because the supermarket has a 
fixed footprint, considering the limited sales space of the supermarket and to meet the market demand 
of each vegetable category as much as possible, this paper filters out 19 saleable single products based 
on the ranking of daily sales volume, and constructs an objective planning function based on the 
replenishment volume and pricing of each single product from 24-30 June 2023, and also uses the 
particle swarm algorithm to solve numerically to obtain the replenishment volume and pricing 
strategy of the single product on 1 July 2023 in the supermarket. Through the above research, this 
paper provides realistic guidance for the replenishment and pricing decisions of vegetable products 
in superstores. 
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