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Abstract. This study delves into the critical factors for the successful operation of vegetable products 
supermarkets: efficient inventory management and accurate market demand analysis. Given the 
perishability of vegetables, their variety, and the complexity of supply chains, a linear regression 
model and the method of least squares have been developed to estimate model parameters. 
Additionally, the ARIMA model is utilized to forecast the unit prices of commodities. In a more 
comprehensive approach, considering various influencing factors, a combinatorial optimization 
algorithm (integrating linear regression and greedy algorithm) is employed to determine the optimal 
replenishment strategy. Based on this, the study forecasts the sales volume and unit prices for 
various categories over the next seven days, and accordingly, establishes the pricing strategy and 
predicted replenishment volume for each category. The research underscores the necessity for 
retailers to precisely analyze sales data and market trends, optimize supply chain management, and 
formulate effective pricing strategies to cope with seasonal variations and limited sales space. These 
measures are essential to satisfy consumer demand and enhance profitability. 

Keywords: Pearson Correlation Coefficient, Linear Regression Model, ARIMA Model, Greedy 
Algorithm. 

1. Introduction 

The operation of fresh produce sales in supermarkets poses a multitude of challenges, such as 

inventory management, pricing strategies, and supply chain management. To achieve success, 

merchants must accurately discern market demand, optimize supply chain operations, and implement 

rational pricing strategies to augment profits and cater to consumer exigencies. 

To delve into the interrelationships among the commodities outlined in the aforementioned context, 

along with the pricing and replenishment strategies for each product, we conducted an extensive 

review of pertinent literature. 

The literature [1-2] uses the dynamic programming approach to analyze the retailer's ability to 

maximize benefits in a given situation [3], analyzing the advantages and disadvantages of traditional 

pricing methods, the Q-learning mechanism is used to solve the dynamic pricing problem to adapt to 

the market demand and competitive environment. Article [4] describes the prediction method of 

ARIMA model, which also provides modeling ideas for us to solve the problem [5-6]; both use an 

ARIMA model to forecast commodities, which leads to predictions [7]. On the other hand, 

accomplishes the prediction of pricing and replenishment of goods through stochastic optimization 

models; Literature [8] is more accurate and informative compared to other literature single model 

approaches, which are based on a comprehensive model of multiple algorithms. literature [9-10] both 

consider dynamic pricing strategies, which include, but are not limited to the way discounts. 

The aforementioned literature exhibits various strengths and weaknesses. By amalgamating these 

methodologies, we have formulated fresh perspectives on addressing pricing and replenishment 

strategies. Through the establishment of corresponding mathematical models, we have unveiled the 

interdependencies among diverse commodities. Furthermore, to achieve maximum profitability, we 

have provided price forecasts and sales projections for the upcoming seven days. Additionally, 
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grounded in our replenishment strategy, we have delineated pricing strategies for each individual item 

and predicted the replenishment quantities. 

2. Model Development and Implementation 

2.1. Parameter Prediction in Linear Regression 

Linear regression is a type of regression analysis that models the relationship between one or more 

independent and dependent variables using a least square function called a linear regression equation. 

A multivariate linear regression model is expressed in the following form: 

𝑌𝑖 = 𝛽0 + 𝛽1𝑋𝑖1 + 𝛽2𝑋𝑖2 +⋯+ 𝛽𝑝𝑋𝑖𝑝 + 𝜀𝑖 , 𝑖 = 1,… , 𝑛, (1) 

the variable 𝑌𝑖  represents the dependent variable: the sales volume we aim to predict; 

𝑋𝑖1, 𝑋𝑖2, . . . , 𝑋𝑖𝑝 stands for the independent variables: factors affecting sales volume, such as price; 

𝛽0, 𝛽1, . . . , 𝛽𝑝 denotes the model's parameters; and 𝜀𝑖 signifies the error term. 

In order to simplify the model and avoid overfitting, we chose several features most relevant to 

sales volume as independent variables. 

The initial objective of regression analysis is to estimate the parameters of the model in order to 

achieve the best fit for the data. Among the different criteria for determining the best fit, the least 

squares method is superior, so we use the least squares method to estimate the parameters of the 

model, which represent the strength of the relationship between the factors affecting sales volume 

and sales volume. 

𝛽
^

= (𝑋𝑇𝑋)−1𝑋𝑇𝑦. (2) 

2.2. Establishment of the ARIMA Model 

ARIMA model (Autoregressive Integrated Moving Average model), which is a common model 

for time series forecasting. The ARIMA model is an extension of the ARMA model with the addition 

of a differencing process in order to make non-stationary data smooth. 

The basic idea of ARIMA is to consider the time series as a process that contains both deterministic 

and stochastic components. By performing differencing, autoregressive, and moving average 

operations on it, the model is able to capture the intrinsic structure and patterns of the time series. 

Once modeled, we can predict the future values of a time series based on its past values. Here, we 

attempt to predict the future unit price of a commodity based only on the unit price data up to the 

current month. 

The ARIMA (p, d, q) model can be expressed as: 

𝑝
^{𝑡} = 𝑝0 +∑ 

𝑝

𝑗=1

𝛾𝑗𝑝
{𝑡−𝑗} +∑ 

𝑞

𝑗=1

𝜃𝑗𝜀
{𝑡−𝑗}, (3) 

here 𝑝 is the order of the autoregressive model (AR), 𝑞 is the order of the moving average model 

(AM), {𝑡} is the error term between times ranging between 𝑡 and 𝑡 −  1, 𝛾 and 𝑗 are the fit 

coefficients, and 𝑝0 is a constant term. 

The choice of 𝑝, 𝑞  within the ACF and PACF modules respectively, ACF (Autocorrelation 

Function) and PACF (Partial Correlation Function) are both functions that evaluate the linear 

relationship between historical data and current values. The ACF is given by: 

𝜌(𝑞) =
Cov(𝑋𝑗 , 𝑋𝑗−𝑞)

Var(𝑋0)
=

1
𝑛 − 𝑞

∑ (𝑥𝑗 − 𝑥)
𝑛

𝑗=𝑞+1
(𝑥𝑗−𝑞 − 𝑥)

1
𝑛
∑  𝑛
𝑗=1 (𝑥𝑗 − 𝑥)

2
, (4) 
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using the ARIMA model, we can accurately predict prices for the day ahead based on historical 

data. To improve our predictions, we have adjusted our grid strategy to ensure that it adjusts the grid 

position based on the ARIMA predictions. In the model we have used, the displacement of the grid 

is determined based on the weighted sum of the long-term indices of the MA and the short-term 

indices of the ARIMA model. The displacement of the grid can be calculated using the following 

equation: 

𝑝
~

𝑖
{𝑡} = 𝑝𝑖 + 𝜔 (𝑀𝐴

{𝑡}(𝑁) − 𝑀𝐴{𝑡−1}(𝑁)) + 𝜇(𝐴𝑅𝐼𝑀𝐴{𝑡+1} − 𝐴𝑅𝐼𝑀𝐴{𝑡}), (5) 

during the lattice moving process, the parameters 𝜔 and 𝜇 are assigned corresponding weights 

to the two metrics. In the backtesting stage, these two parameters will be adjusted adaptively. At first, 

we set the initial value of 𝜔 to be 0.3, and the initial value of 𝜇 to be 0.3 as well. 

Therefore, the decision-making is based on the adjusted lattice model with the aim of predicting 

the price of the commodity more accurately. 

2.3. Combinatorial optimization methods 

We develop a specific single-item replenishment plan and pricing strategy for a future date based 

on constraints. We can think of this as a combinatorial optimization problem in which the objective 

is to maximize revenue while satisfying a set of constraints. Objective function: 

max W𝑖 =Σ(S𝑖 ∙ (−C𝑖) ∙ (1 − L𝑖)) , (6) 

wherein, W𝑖 represents the revenue, S𝑖 denotes the projected sales volume of the commodities, 

P𝑖  signifies the selling price of the products, C𝑖  indicates the cost price of the merchandise, L𝑖 
represents the loss rate of the items, and 𝑖 represents the individual sale items, ranging from 1 to 251. 

The total number of saleable items Xi needs to be controlled at 27-33, and 251 vegetable items 

are sold in random combinations on a daily basis, so a Boolean quantity𝜆𝑖 (𝜆𝑖 = 0 or𝜆𝑖 = 1)is 

introduced, and 𝜆𝑖 is a 0-1 variable, where 𝑖 is each saleable item, taking the values of 1,2,3,⋯,251. 

the formula is: 

𝜆𝑖 = {
0, Unsold items of the day i
1, Selling items of the day i

, (7) 

when 𝜆𝑖 is 0, it means that single item 𝑖 is sold on that day; when 𝜆𝑖 is 1, it means that single 

item 𝑖 is not sold on that day. Satisfy the constraints given in the question: the total number of 

sellable items 𝑥𝑖 is required to be controlled at 27-33 items. 

𝑋𝑖 =∑𝜆𝑖

251

𝑖=1

, (8) 

27 ≤ 𝑋𝑖 ≤ 33, (9) 

the order quantity E for each individual item must at least meet the minimum display quantity of 

2.5 kg, i.e.: 

E𝑖 ≥ 2.5, (10) 

In summary, the optimization model constructed for the study is shown below: 

{
 
 

 
 
27 ≤ 𝑋𝑖 ≤ 33
E𝑖 ≥ 2.5
S𝑖 ≥ 0
P𝑖 ≥ 0
C𝑖 ≥ 0
S𝑖 , P𝑖 , C𝑖 ∈ 𝑅

. (11) 
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3. Results 

3.1. Vegetable commodity-related analysis 

First, for the data given in the question, we visualize it to get the visual image of the vegetable 

singles. 

 

Figure 1. Changes in sales of each category of vegetables as a function of the date of sale 

The overall trend of the sales of each category shown in Figure 1 shows that it is more consistent 

with the bell curve, therefore, for the interrelationship between them, we adopt the Pearson correlation 

coefficient analysis method to calculate the correlation coefficient between each two categories, so 

as to determine the interrelationship between these six vegetable categories. 

By running the Python program, we can get the Pearson correlation coefficients between different 

categories. 

 

Figure 2. Heat map of sales correlation between categories - Pearson’s coefficient 
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From the Pearson's correlation coefficient matrix in Figure 2, it can be seen that there are indeed 

direct correlations between the different categories of vegetables to varying degrees, so we can 

conclude that there are strong linear relationships between the different categories of most of the 

vegetables, but the relationship between aquatic rootstocks and eggplants, and between edibles and 

eggplants and other vegetables is weaker. In this paper, considering the excessive number of 

vegetable items explored, in order to simplify the model as well as to facilitate the research, only a 

few vegetables with high sales volume in daily life are selected as examples to derive whether there 

exists a certain relationship between different items. 

We derived the same Pearson correlation coefficient plots between different individual items 

(higher-selling vegetable items) by running the Python program again. 

 

Figure 3. Pearson coefficient thermodynamic diagram between individual products  

As can be seen from Figure 3, there is a certain correlation between different commodities, but the 

overall view of the relationship is weak, linked to the experience of daily life, but also to understand 

some of the influencing factors (personal preference, vegetable collocation, etc.), due to the main 

body of research in this paper is the prediction of the sale of commodities, and therefore do not do 

the specific influencing factors explored here. 

3.2. Analysis of replenishment volume and pricing forecast results 

For doing replenishment planning by category please analyze the relationship between total sales 

and cost-plus pricing for each vegetable category, we first visualize the data and make an initial guess 

about the relationship between sales and cost. Let's take the chili peppers category as an example for 

a simple analysis. 
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Figure 4. Line Chart of Sales Volume and Unit Price of Chili Peppers 

Figure 4 reveals a clear relationship between price and sales, a relationship that suggests a linear 

relationship between them. Therefore, we can use past sales data to predict sales for the coming week 

by building a linear regression model. Linear regression is a statistical technique that allows us to 

predict a dependent variable (in this case sales) based on one or more independent variables (in this 

case price). 

To validate the model, we will use two datasets: a training set and a test set. The training set is 

used to train the model, i.e., to allow the model to learn the relationship between the independent 

variable (price) and the dependent variable (sales). 

 

Figure 5. Daily Sales Forecast 

Figure 5 shows the image of the model, we let the machine learn the known price data and sales 

data, explore the regular relationship, and give the prediction of the future date, we compare this 

prediction with the real value to validate that we found that the model has a high degree of quasi-

degree of reliability. 

By calculating the mean square error (MSE) between the predicted and actual values, we assessed 

the model's accuracy performance.  
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Figure 6. Mean square error for each category. 

Figure 6 shows the MSE calculated for all categories, as can be seen from the figure, most of the 

categories have smaller MSE, which means that our prediction results are more accurate, but 

inevitably there is one category that has a larger MSE, in which it may be that the model is overly 

sensitive to outliers, which leads to a reduction in the robustness of the model. 

Implement a cost-plus pricing strategy: To maximize profits, we will adjust pricing based on the 

cost of the item and the forecasted sales volume. 

By combining the wholesale price, churn rate, and forecasted sales, we will calculate the total daily 

replenishment and pricing strategy for each category. 

First, we need to know that the total replenishment is based on the expected demand and under 

different pricing strategies, the demand value will be different, so we need to know the price demand 

curve and as the curve ends, we can determine a certain price to maximize our revenue. In this paper, 

we take an example of the chili pepper category and calculate it to get its price demand curve. 

 

Figure 7. Chili Peppers Price distribution and Chili Peppers Demand price curve 

Through Figure 7, we can see the trend of price demand for chili peppers, based on which we get 

the price demand curves of other classes through the same method, not to be expanded here one by 

one. 

After obtaining the price-demand curves for all categories, we can get the desired forecast results 

by applying the ARIMA model. 
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Table.1. Sales unit price and sales volume forecast for six types of vegetable products. 

Date 
Classification 

Name 

Replenishment 

volume 

Pricing 

strategy 

Classification 

Name 

Replenishment 

volume 

Pricing 

strategy 

7/1 

Solanaceous 

Vegetables 

35.16 7.96 

Edible 

Mushrooms 

67.80 8.32 

7/2 36.55 7.98 74.50 8.26 

7/3 29.85 7.91 69.22 8.24 

7/4 29.85 7.91 70.33 8.18 

7/5 32.43 7.87 71.85 8.16 

7/6 32.43 7.87 70.12 8.19 

7/7 31.86 7.88 72.09 8.17 

7/1 

Llowering and 

leafy vegetables 

251.02 6.70 

Chil 

Peppers 

76.41 6.55 

7/2 244.85 6.80 76.41 6.56 

7/3 280.78 6.80 64.58 6.56 

7/4 280.78 6.80 64.58 6.56 

7/5 280.78 6.80 64.58 6.56 

7/6 280.78 6.80 64.58 6.56 

7/7 280.78 6.80 64.58 6.56 

7/1 

Flowering 

Vegetables 

54.60 13.09 

Aquatic 

Rhizome 

Vegetables 

18.94 24.82 

7/2 53.79 13.03 18.94 24.65 

7/3 35.98 12.82 14.25 24.67 

7/4 35.79 12.80 14.25 24.64 

7/5 34.29 13.03 14.25 24.67 

7/6 35.69 12.81 14.25 24.65 

7/7 35.98 12.82 14.25 24.66  

 

From the predicted results (Table 1), there is basically no major fluctuation in the daily sales unit 

price, while the combination of multi-directional influences will produce different sales volume every 

day, and therefore also verifies the correctness of this model. 

3.3. Maximizing Return Results 

Based on our forecasting analysis, and to maximize expected profits, we have selected the 33 items 

that are expected to be the most profitable. 33 items that are expected to be the most profitable. Below 

is the recommended replenishment and pricing strategy for the 33 items for the July 1, 2023, forecast. 

Table.2. July 1 Product Forecast 

Item 

Name 

Sales 

date 

Weighted 

wholesale 

price 

Replenishment 

volume 

Pricing 

strategy 

Expected 

income 

Xixia Flower Mushroom(1) 2023-07-01 7.80 32.77 14.50 219.58 

Yunnan Lettuce 2023-07-01 3.50 54.25 6.96 187.27 

Choy Sum 2023-07-01 6.46 34.98 10.69 147.98 

Yunnan Lettuce Greens 2023-07-01 3.34 36.84 6.62 120.54 

Purple Eggplant(2) 2023-07-01 15.28 6.94 30.52 105.74 

Broccoli 2023-07-01 4.06 26.10 8.10 105.23 

Spinach 2023-07-01 5.92 28.88 9.48 102.84 

Helical Pepper 2023-07-01 4.46 22.50 8.89 99.73 

Wuhu Green Pepper(1) 2023-07-01 18.01 5.42 36.02 97.51 

Long Line Eggplant 2023-07-01 2.87 26.50 5.71 75.15 

Yunnan Lettuce(portion) 2023-07-01 3.45 21.86 6.88 74.93 

Spinach(portion) 2023-07-01 3.80 16.80 7.10 55.46 

Helical Pepper(portion) 2023-07-01 7.36 7.30 14.65 53.19 

Button Mushroom(box) 2023-07-01 7.02 7.58 14.03 53.16 

Honghu Lotus Root with Skin 2023-07-01 7.64 10.56 12.46 50.90 
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Table 2 shows the projected future information for 15 different vegetable products, including unit 

sales price, sales weight, etc, with the pricing strategy and replenishment plan obtained from the 

prediction we can get a benefit maximization plan from which we can clearly see the detailed strategy 

for each product and apply it to the Vegetable and Fruit Supermarket in order to get as much benefit 

as possible. 

4. Conclusions 

In this paper, the replenishment and pricing strategy of vegetable commodities is studied by taking 

the vegetable price data of a supermarket as an example. By analyzing the relevant data of sales flow 

details and wholesale price of each commodity, combining with efficient inventory management and 

accurate market demand, the Pearson correlation coefficient is calculated, and the analysis shows that 

there is a strong linear relationship between most of the vegetables, based on which the relationship 

between total sales and cost-plus pricing of each type of vegetables is analyzed, and the regression 

type is established based on the measured data. The established regression analysis shows that there 

is a regression relationship between total sales and cost-plus pricing, and the established ARIMA 

model can be used to predict the pricing and sales of each individual product. Finally, based on the 

replenishment strategy, the pricing strategy and predicted replenishment quantity for each individual 

product were determined. 

The model used in this study provides a feasible framework for predicting sales volume and 

developing pricing strategies. However, the model is limited by historical sales data in terms of 

forecasting and may not have sufficient forecasting accuracy when faced with fluctuating market 

conditions or consumer behavior. Pricing strategies, although based on cost and expected sales 

volume, do not cover key factors such as competitors' strategies, consumers' willingness to pay, and 

product substitution and complementary relationships. In addition, factors such as seasonality, 

promotional activities, and inventory levels are not adequately considered in this paper. 
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