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Abstract. In this research article, we investigate a challenge pertaining to shelf-stocking allocation, 
specifically the scenario where the distribution of demand is unknown. However, a collection of 
predicted demand figures is at hand. The retailer is required to decide on the products to place on 
each shelf (ensuring placement) and determine the quantities of those products (ensuring stocking) 
while abiding by allocation and space limitations. The primary objective is to achieve the highest 
possible total expected profit. We conduct three experiments and observe how the products react to 
changes in marginal profit. 

Keywords: shelf-stocking allocation; linear programming; data analysis; unknown demand 
distribution; economic model. 

1. Introduction 

Shelves play a crucial role in retail environments as they serve to showcase products to potential 
customers. They enable the creation of methodical and captivating displays of merchandise, which 
has the potential to shape purchasing decisions. Therefore, it is crucial for the retailer to determine 
the appropriate product placement and quantity. 

The objective of this study is to tackle the problem of shelf-stock planning. In this problem, we 
assume that the demand is unknown and concentrate on a single planning cycle. Within this cycle, 
the manager must determine which products from a given set should be placed on the shelves and the 
quantity of each selected product to maximize the total expected profit. Meanwhile, three constraints 
are applied on the objective function. 

The first constraint is the Suitability of commodity-shelf specification, indicating that a particular 
type of good can only be placed on a shelf that meets the seller's requirements. 

 

 

Figure 1. Entrance of the food section at Walmart 

 

The entrance of the food section in a Walmart supermarket in China, taken about a week prior to the 
Dragon Boat Festival, is captured in Figure 1. The clear depiction of every shelf being stocked with 
zongzi provides supporting evidence for the suitability of the commodity-shelf specification theory. 
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A logical conclusion can be drawn that the optimal strategy is to place zongzi on the most prominent 
shelves during this specific timeframe, given the substantial surge in demand for zongzi during this 
period. 

The second constraint is continuity of commodity placement, implying the consistency of a single 
type of good on a designated shelf. 

 

 

Figure 2. Walmart Supermarket Checkout Counter Area 

 

Figure 2 indicates that various products are arranged on every shelf. However, a clear pattern emerges 
where the items on the same shelf are consistently grouped together, indicating the implementation 
of the Continuity of commodity placement. This practice guarantees the grouping of related products, 
facilitating smoother navigation and enhancing the overall customer experience within the store. 

The third constraint is Shelf capacity, which refers to the maximum amount of space available on a 
shelf for storing products. This is in line with the most basic reality, so it doesn't require much 
explanation. 

We also examine the applicability of the model to other commercial platforms in the discussion 
section. Because of the essay's objective function's flexibility, it has potential applications in diverse 
domains, including retail and e-commerce. Effective management of shelf stock is crucial in the retail 
industry. To meet customer demand and maximize sales, it is essential for retailers such as grocery 
stores, department stores, and convenience stores to guarantee that their shelves are adequately 
stocked. Retailers can improve customer satisfaction and loyalty, while minimizing lost sales 
opportunities, by optimizing their shelf stock levels. Despite operating in a distinct context from 
physical retail, e-commerce still places importance on ensuring accurate inventory management and 
product availability. E-commerce platforms must precisely monitor inventory levels, avoid stockouts, 
and enhance the website's layout to boost retailers' sales and facilitate visitors' buying process.  

2. Mathematical Model 

In the research, the whole process is based on the setting that we consider only one period. We 
consider a scenario in which a seller has a total of 𝐽 shelves, with each shelf being denoted by 𝑗, 𝑗 ∈
ሾ𝐽ሿ. The maximum capacity of the shelf 𝑗 is 𝑉௝. There is a total of 𝐼 types of products, with each 
product being indexed by 𝑖, 𝑖 ∈ ሾ𝐼ሿ. The decisions involved in shelf-stock planning include location 
decisions and shelf-stock decisions. The decision of location pertains to the selection of a particular 
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commodity 𝑖 and placement on a designated shelf 𝑗, which is denoted by a binary variable 𝑥௜௝ ∈
ሼ0,1ሽ. On the other hand, the decision regarding shelf stock, denoted by 𝑦௜௝ ∈ ℝା, represents the 
quantity of each commodity 𝑖 located on each shelf 𝑗. It is crucial to recognize that the decision of 
location not only decides the commodities' assortment but also has a substantial impact on the 
allocated shelf space for each chosen commodity. The decisions regarding joint location and stock 
have a direct influence on the utilization of shelf space and the overall arrangement of the chosen 
commodities. We denoted the demand of product as ξ෨, which is also a random variable. Considering 
the recorded demand data as ξ ≔ ሺξ௜ሻ௜∈ሾூሿ  and the inventory choices for commodities as 𝑦 ≔
ሺ𝑦௜௝ሻ௜∈ሾூሿ,௝∈ሾ௃ሿ. The price of a product 𝑖 is denoted by 𝑝௜, while the cost of producing one unit of a 
product 𝑖 is 𝑐௜. 

Based on the symbols mentioned above, the total revenue of the seller can be denoted as 
p୧min൛ξ௜, ∑ 𝑦௜௝୨∈୎ ൟ. The total cost of seller can be denoted as c୧ ∑ 𝑦௜௝୨∈୎ . Thus, we can derive an 
objective function for one period: 

Gሺy, ξ෨ሻ ൌ ෍ p୧min ቐξ௜, ෍ 𝑦௜௝

୨∈୎

ቑ െ c୧ ෍ 𝑦௜௝

୨∈୎௜∈ூ

 

Subsequently, we will refine and enhance this objective model which is also the expected profit 
function using principles and constrains derived from established business practices. 

2.1. Constrains 

2.1.1. Suitability of commodity-shelf specification:  

The shelving units are constructed to accommodate products with various requirements. Specifically, 
certain products are restricted to specific shelves. For example, some shelves are designated 
exclusively for products with appropriate weight limits.  

𝑥𝑖𝑗 ൑ 𝑎𝑖𝑗, ∀𝑖 ∈ ሾ𝐼ሿ, 𝑗 ∈ ሾ𝐽ሿ ሺ1ሻ 

In the above inequation, 𝑎௜௝  represents a pre-established binary parameter, wherein it assumes a 
value of 1 when product 𝑖 is permitted to be positioned on shelf 𝑗, and assumes a value of 0 when 
this placement is not allowed. 

Example 1. Some examples on the constraint (1) are provided as follows: 

(1) Goods with short shelf life: This type of product needs to be quickly purchased, otherwise the 
business will face a big loss. Thus, in general, products with a short shelf life will be placed on the 
shelf where people can see them. 

(2) Products that appeal to large segments of the population: Toys and cards and similar products, for 
example, tend to be placed where children can see them. This product has a strong appeal to special 
groups of people. 

(3) Products in high demand: For example, in autumn, lipstick becomes very popular. 

 
2.1.2. Continuity of commodity placement: 

It refers to the practice of consistently placing a particular type of commodity or product on the same 
shelf. 

𝓌𝑖𝑦𝑖𝑗 ൑ 𝐵𝑗𝑥𝑖𝑗, ∀𝑖 ∈ ሾ𝐼ሿ, 𝑗 ∈ ሾ𝐽ሿ ሺ2ሻ 

෍ 𝑥𝑖𝑗
𝑗∈ሾ𝐽ሿ

൑ 1, ∀𝑖 ∈ ሾ𝐼ሿ ሺ3ሻ 
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The first inequation indicates that the product's unit volume 𝓌௜ and quantity 𝑦௜௝ must be put on the 
shelf in a manner that it is less than or equal to the total volume of the shelf 𝐵௝. The second inequation 
specifies that each shelf can only accommodate one type of product. 

Example 2. Some examples on the constraint (2)-(3) are provided as follows: 

(1) In the bakery section of a store, keeping different types of bread, like white, whole wheat, 
multigrain consistently on the same bread shelf. 

(2) On a Toy store shelves, placing similar types of toys consistently on the same shelf. 

2.1.3. Shelf capacity:  

The constraint of shelf capacity refers to the limitation on the amount of space that can be used to 
store products on a shelf. This indicates that a shelf may have a maximum capacity for the number of 
items it can hold, which is determined by factors such as size, weight, or structural limitations.  

෍ 𝓌𝑖𝑦𝑖𝑗
𝑖∈ሾ𝐼ሿ

൑ 𝐵𝑗, ∀𝑗 ∈ ሾ𝐽ሿ ሺ4ሻ 

The inequation indicates that the product of the unit volume of all goods and their quantity placed on 
a specific shelf must be less than or equal to the total volume of the shelf. 

Taking into account all the aforementioned constraints, we utilize each of them and establish a viable 
set M for the decision variables of shelf-stock planning (x, y) as follows. 

𝑀 ≔ ቄሺx, yሻ ∈ ሼ0,1ሽ𝐼ൈ𝐽 ൈ ℝ൅
𝐼ൈJ|ሺ1ሻ െ ሺ4ሻቅ ሺ5ሻ 

In most cases, it is often challenging for retailers to achieve demand distribution, ℙ. Instead, sellers 
may only obtain historical realizations for the demand of each commodity in stores. With this 
historical information, we can create a prediction of demand in multiple scenarios, denoted as 

ξ෠
𝑛

≔ ൫ξ𝑖
𝑛൯

𝑖∈𝐼
, 𝑛 ∈ 𝑁  

where each ξ௜
௡ represents a predicted demand for product 𝑖 within scenario 𝑛, 𝑛 ∈ ሾ𝑁ሿ. Moreover, 

we form the associated decision-dependent empirical distribution of demand forecasts as  

ℙ෡ ≔
1
𝑁 ෍ 𝛿

ξ෠
𝑛

𝑛∈𝑁

, 𝑤𝑖𝑡ℎ ξ෠
𝑛

≔ ൫ξ𝑖
𝑛൯

𝑖∈𝐼
, ∀𝑛 ∈ 𝑁 ሺ6ሻ 

where 𝛿௔ is the Dirac delta function with mass one at point a. 

By taking into account the aforementioned constraints and demand distribution forecasts, we are able 
to deduce the practical expected profit equation. 

max
ሺ𝑥,𝑦ሻ∈𝑀

𝔼෡ℙ෡ ൣG൫y, ξ෨൯൧ ሺ7ሻ 

We can consider this problem as a linear programming problem. In this case, to better solving this 
problem, we can convert the equation into following from: 

max
𝑥,𝑦,𝑧

1
𝑁 ෍ ෍ pi𝑧𝑖

𝑛 െ ෍ ෍ ci𝑦𝑖𝑗
𝑖∈𝐼j∈J𝑖∈𝐼𝑛∈𝑁

ሺ8ሻ 

Subject to 

𝑧௜
௡ ൑  ෍ 𝑦௜௝

௝∈௃

, ∀𝑖 ∈ ሾ𝐼ሿ, 𝑛 ∈ ሾ𝑁ሿ ሺ9ሻ 

𝑧௜
௡ ൑  ξ௜

௡, ∀𝑖 ∈ ሾ𝐼ሿ, 𝑛 ∈ ሾ𝑁ሿ ሺ10ሻ 

ሺ𝑥, 𝑦ሻ ∈ 𝑀 ሺ11ሻ 
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We denote 𝑧௜
௡ as auxiliary variable for product 𝑖 in scenario 𝑛. As we want to minimize the smaller 

of two things, we can introduce an auxiliary variable that is simultaneously less than or equal to these 
two things. The optimal value of this auxiliary variable (when maximized) will surely be the smaller 
one among those two things. 

3. Solution and Result Analysis 

By utilizing Gurobi to solve this linear programming problem, we aim to determine the suitable 
products for placement on the shelf and their respective quantities. Thus, we have devised three 
experiments to examine the performance of 20 products from a recognized dataset on these concerns. 
The variable that primarily changes in each experiment is marginal profit, denoted as 

෍ 𝑝𝑖 െ 𝑐𝑖
𝑖∈𝐼

 

In the first experiment, we will increase the marginal profit of all products by an equal extent. In the 
second experiment, we will reduce the marginal profit of all products by an equal amount. This is 
done to test the products' performance under conditions of high or low marginal profit. For the third 
experiment, we modify the variance of the marginal profit among the selected data. To achieve the 
desired conditions for the experiment, we will only modify the price of each product when changing 
the marginal profit. However, the images displayed by the experimental results do not clearly convey 
any practical information. Thus, we have devised an alternative approach to facilitate the 
improvement of experimental outcomes and present more distinctive findings. results. We introduce 
a magnitude variable, K, that serves to improve the outcomes of the experiment. 

෍ 𝑝𝑖 െ 𝑐𝑖
𝑖∈𝐼

ൈ 𝐾 

For each of the following line chart, the vertical axis represents y, the horizontal axis represents the 
magnitude of change, and each line represents a product.  

 

 

Figure 3. Lower Marginal Profit 
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From this line chart, we can simply divide 20 products into 3 group. Products in group A, like i_5, 
tend to generate higher profits for sellers when there is a relatively low or significant decrease in 
marginal profit. On the other hand, for i_14, i_20, i_19, and i_16 that show a primarily decreasing 
trend can be categorize into group B. The group C contains rest of products that are either unaffected 
by the decrease in marginal profit or exhibit an unclear trend. Among all the products, group C has 
the highest percentage, followed by group B, and finally, group A. 

 

 

Figure 4. High Marginal Profit 

 

We can roughly categorize these products into three types when the marginal profit increases or the 
magnitude of the increase becomes larger. Type A products are those with a rising trend in y, 
examples include i_20 and i_17. When the marginal profit is high, retailers can achieve higher profits 
with this category of products. Type B products are identified by their ability to maintain an 
equilibrium point in y, such as i_6. This product exhibits an upward trend when the magnitude reaches 
a factor of 2, but it displays a downward trend at a magnitude of 3 times. Hence, the chart illustrates 
a peak value at 2.5 times the magnitude. Type C products are those that exhibit a declining trend in 
y, examples being i_13 and i_19. 
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Figure 5. High Variance of Marginal Profit 

 

When we modify the variance and magnitude of the products, the final image fails to clearly 
demonstrate any substantial differentiation among the products. In this experiment, we therefore 
deem the impact of variance on the y-values of the 20 products to be negligible. 

4. Further Discussions 

In the subsequent sections, our primary focus is on discussing the applicability of this model in 
managing e-commerce user shelves, with a concentration on distinguishing between offline store 
shelves and online store shelves. 

4.1. Position of Golden Shelf.  

The gold shelf in offline stores is typically positioned at a height that is within the human eye's line 
of sight. However, for online stores, since the webpage exists in a two-dimensional space, consumers 
are only able to view one page at a time. As a page can be scrolled up and down, and the initial state 
is always at the top of the first page, it can be inferred that shelves located closer to the first page and 
closer to the top of the page are more valuable. 

4.2. Recommendation System.  

While analyzing e-commerce platforms, we have noticed that the factors that influence the placement 
of a product on a particular shelf have increased in complexity. As a result of the implementation of 
recommendation systems, products have established specific associations, thus forming a network of 
product relationships. At this juncture, every decision concerning the positioning of a product bears 
a certain level of influence on other products. Hence, it is not feasible to solve the shelf placement 
problem on e-commerce platforms directly through a linear function or the expected profit model, as 
previously mentioned. 

4.3. On Continuity of Commodity Placement.  

The majority of e-commerce merchants can be categorized into two types of stores: completely 
specialized stores and category-specific e-commerce stores. The initial variety of store exclusively 
sells a single product, like mobile phones. However, in this case, there is no need to consider the 
Continuity of Commodity Placement, as the merchant only sells a single type of product. The second 
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type of store sells products from a specific category, such as maternity and baby items. After 
conducting investigations into the products placed on various website store shelves, it has been 
observed that this type of store selectively utilizes the theory of Continuity of Commodity Placement. 
However, this is the observation. The majority of stores their products according to sales volume and 
recommendation systems. 

4.4. Storage.  

The inventory levels of commodities on e-commerce platforms are directly determined by their 
storage, rather than being determined on the shelf as in offline stores. This implies that we will no 
longer take into account the amount of products present on the shelf while assessing the inventory 
levels of chosen commodities. Instead, we take into account the entire inventory of that product in 
the entire warehouse. This pertains to warehousing issues, rather than the inventory levels of the 
chosen commodities on the shelf. 

4.5. Pricing Strategy.  

Setting the price of commodities is indeed a valuable method to increase revenue, and this aspect is 
also effectively reflected in the model. Hence, we are able to engage in discussions concerning pricing 
strategies. The price of the product for the store typically comprises the cost of the product, logistics, 
advertising, and an expected profit. For the majority of cases, the initial three items are recognized, 
however, the anticipated profit is primarily dependent on the pricing of significant competitors while 
taking into account the targeted sales volume of the product. Merchants are willing to price products 
with high sales volume at a lower price in order to achieve quick turnover and fast inventory turnover, 
reduce inventory costs, and maintain small profits. 

5. Conclusions and Future Work 

This paper examines a problem of allocating shelf-stocking items with an unknown demand 
distribution, which can be seen as a linear regression issue. To solve this problem, we create a model 
using Gurobi. In this paper, we conduct three experiments and analyze the results to observe how 
retailers can best react to earn the greatest profit when the marginal profit changes. When the marginal 
benefit is small, products are primarily categorized into three groups: the increasing group, the 
decreasing group, and the unaffected group. We classify four types of products when the marginal 
benefit is high: the increasing type, the decreasing type, the unaffected type, and the type with extreme 
values. When the variance of marginal profit is large, the majority of products show no effect or a 
slight change. 

There are numerous types of experiments that can be conducted to address this question more 
comprehensively, and numerous aspects of the model can be refined. For instance, we can introduce 
additional concepts to modify the model, thereby enabling it to take into account questions that are 
more closely aligned with reality. In the meantime, we have the option to combine products with 
diverse attributes to devise a more comprehensive solution. 
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