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Abstract. With the rapid development of China's e-commerce industry, how to
effectively manage commodity inventory costs has become one of the core issues
to be solved. This paper presents a comprehensive solution to this challenge.
First, through the analysis and processing of sales data, the combined model of
ARMI-LSTM-XGBOOST is used to predict the sales volume of 1996 commod-
ities during the period from May 16 to June 2, 2023, providing basic data for
inventory management. Secondly, the optimal stock strategy (s, S) for each day
of the period from May 16 to May 30, 2023 is determined by combining the joint
order point method and the regular order method. Finally, the model of commod-
ity replenishment cost is established and solved by genetic ant colony algorithm,
and the optimal replenishment plan to meet the inventory demand at the lowest
cost is obtained. Taking a product (PRODUCT 994-East China) as an example,
the lowest cost of replenishment was determined to be 964 yuan. The results of
this study provide important guidance for e-commerce enterprises, which can
help them manage inventory more effectively, reduce costs, and improve com-
petitiveness.

Keywords: ARIMA-LSTM-XGBoost combination model, Joint order point
method and periodic order method, "modern" EOQ model, Dynamic Adjust-
ment inventory strategy (s,S), Genetic ant colony algorithm.

1 Introduction

With the rapid development of the Internet, as an emerging business model of e-com-
merce, online shopping attracts a large number of young and middle-aged people with
its advantages of high efficiency and low costs, so that people's demand for online
shopping continues to grow, making e-commerce get the opportunity for rapid devel-
opment in China, and catalyzing its status as an important part of China's economy
today. Up to now, the total scale of China's e-commerce market has reached 10 trillion
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yuan. At the same time, the scale of China's e-commerce market will continue to main-
tain stable growth, the addition of emerging e-commerce platforms not only transforms
the original e-commerce demand market, but also simultaneously impacts consumers'
preferences for certain products and the inventory management strategies driven by e-
commerce orders. In such a complex and changeable e-commerce market, e-commerce
companies need to consider the supply and demand relationship that may change at any
time, and formulate effective method models. This is to accurately predict the demand
for consumer goods, so as to prepare the corresponding goods in advance, reduce stor-
age costs and improve the service level of e-commerce, and achieve the lowest cost of
merchants and the highest quality of service.

How to accurately predict commodity sales, formulate effective inventory strategies
and reduce commodity replenishment costs are of great significance for e-commerce
enterprises, which can not only help merchants prepare goods in advance and reduce
inventory costs, but also improve service levels, thereby achieve the goal of cost mini-
mization and service maximization.

In order to solve the above problems, many scholars have carried out extensive re-
search: Brown[1] proposed the high-order exponential smoothing prediction method
and discussed its application in nonlinear prediction; Kenneth[2] conducted an in-depth
research on the ARIMA model considering multi-level demand in the supply chain en-
vironment, and predicted the inventory and order volume of commodities. Issam[3] et
al. used the relevant parameters of ARIMA model to construct nonlinear objective func-
tions and analyzed the methods that can reduce the distortion of supply chain demand
information. Peter[4] combined ARIMA model and MLP network based on the idea of
combination forecasting, and the results showed that the combined prediction model
had better effect than the single prediction. Tseng et al. [5] proposed a FSARIMA
model combining ARIMA model with fuzzy regression, which showed good predictive
performance in predicting two seasonal time series data. Egrioglu et al. [6] proposed an
intuitive time series fuzzy inference system (I-TSFIS), and verified its good prediction
ability by using ten time series data sets. Huard[7] et al. built a combined model for e-
commerce sales forecast based on exponential smoothing and Holt linear trend method,
and proved the effectiveness of the model on the sales data set. Ji S[8] incorporated the
sales characteristics into the C-XGBoost model as an influential factor in the prediction,
and finally obtained the forecast results by assigning weights, which was superior to
the single-stage forecasting method in the sales prediction of cross-border e-commerce.
Guo[9] et al. used genetic algorithm to search for optimal diffusion of generalized re-
gression neural networks and apply it to GRNN for prediction. Chan[10] et al. estab-
lished a production inventory path distribution model to minimize the total cost of the
system, maximize the average food quality, minimize carbon emission and minimize
the delivery time, and solved it by GLNPSO algorithm. Yantong[11] et al. studied the
integrated planning of intelligent logistics system and designed a two-stage iterative
heuristic method combined with fuzzy logic method. Chen[12] et al. established a sup-
ply chain logistics collaborative optimization model under the circumstances of joint
replenishment and channel coordination. Shah[13] et al. studied the minimum-maxi-
mum inventory strategy between customers and their upstream suppliers based on the



278 H. Liu et al.

implementation of VM-managed inventory in the centralized distribution center. Ep-
pen[14] et al. analyzed the centralized control system that adopts (T,S) inventory strat-
egy with fixed lead time under the distribution model of single distribution center and
multiple points of sale. Fr[15] et al. analyzed the single-distribution center multi-point
of sale system under the (R, nQ) inventory strategy; Francis[16] et al solved the optimal
allocation strategy problem of a production inventory system by using dynamic pro-
gramming method. Jeong[17] et al. proposed a general linear causal prediction model
applicable to SCM, and constructed a linear regression combined prediction model
based on GGA genetic algorithm.

Ng[18] et al. used multiple regression analysis model and time series model respec-
tively, as well as a comprehensive model combining the two, when predicting the bid
price index. Zhu[19] et al. studied the problem of minimizing the cost of associated
control constrained by storage capacity, and established a control mechanism for the
continuous increase of products under the maximum storage capacity. Choi[20] et al.
built the average downside risk and mean-variance newsboy model based on the en-
dogeneity of random demand and price. Wang[21] et al regard customer perceived
value as a uniform distribution function of customer cycle time, which reflects the ran-
domness of demand. Huang[22] et al. established a braided inventory model in which
product price is affected by inventory level and demand rate is affected by price differ-
ence under the condition of stock shortage. Haji[23] et al. considered the time-varying
holding cost,and built a deteriorating item EPO model under inflation where demand is
affected by price and advertising promotion. Blanchini[24] et al discussed the cost con-
trol of multi-level inventory under uncertain demand. Salameh[25] et al. considered the
EOQ model with certain defective products in primary inventory. Wahab[26] et al. con-
sidered the impact of defective products and environment on the basis of EOQ model
of secondary supply chain. A’ Y Q[27] et al. constructed a demand function under the
combined influence of price, quality and inventory, and studied the optimal pricing and
ordering of fresh agricultural products. Cai[28] et al. studied the coordination problem
of the three-level supply chain composed of manufacturers, distributors and third-party
logistics, and proposed that combined incentive contracts make the main body of the
supply chain share the risks in transportation and sales.

Based on previous studies, this paper uses mathematical modeling methods, com-
bined with actual data and algorithm programs, puts forward corresponding models and
algorithms, and verifies their effectiveness and feasibility through empirical analysis.
The research results of this paper will provide effective reference and guidance for e-
commerce enterprises, so as to promote the development and progress of e-commerce
industry.

2 The Presented ARMI-LSTM-XGBoost Model for
Predicting the Sales Volume

In order to achieve demand management and optimization in the supply chain of e-
commerce[29-31], it is first necessary to predict the demand of 1,996 commodities of
various merchants in various warehouses during 05/16/2023 to 05/30/2023 based on
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the historical shipment data. By analyzing the data, it is found that the total demand for
goods in December 2022 and January 2023 fluctuates greatly due to the "Double 12"
activities and the Spring Festival holiday. Due to the sudden increase in the quantity of
goods during some large-scale promotions and the irregularity of the demand for goods
brought by holidays, it is difficult to accurately forecast the demand. Therefore, this
paper will only refer to the demand for goods from February 2023 to May 2023. Fore-
cast the demand of 1996 products from 05/16/2023 to 05/30/2023.

Firstly, it is divided into training set and test set according to the ratio of 8:2, that is,
02/01/2023 to 04/24/2023 is the training set, and 04/25/2023 to 05/15/2023 is the test
set. In order to make the prediction more accurate, the training set is put into the LSTM
model, ARIMA model and XGBoost regression model respectively to obtain the pre-
dicted value of the product demand from 04/25/2023 to 05/15/2023 in 1996. The pre-
dicted value and test set were then used to evaluate the performance of the model with
the evaluation index 1-wmape.

Next, the relative error reciprocal method is used to determine the weights of the
three models LSTM, ARIMA and XGBoost, and then the model fusion method is
adopted to build the fusion model combining the advantages of the three models to get
the final prediction result.

This paper uses the above model and method to predict the demand of 1996 kinds of
goods in each warehouse of various merchants during 05/16/2023 to 05/30/2023. Next,
the product (PRODUCT 994 -East China) will be taken as an example, and the exper-
imental results are obtained through the above analysis method: the weights of ARIMA,
LSTM and XGBoost are 0.26, 0.43 and 0.31, respectively. Based on this, the ARMI-
LSTM-XGBoost combined model[32] was obtained, which was used to predict the de-
mand of product (PRODUCT 994-East China) from 04/25/2023 to 05/15/2023, and
finally the predicted value was obtained: [8 43784 1510810554897711798
8].

In order to better judge the performance of the model, this paper will use the 1-
wmape index given in the title to evaluate the accuracy of three single models and one
combined model. The formula for indicator 1-wmape is as follows:

%y — 9l
XVi

Finally, the prediction accuracy of ARIMA, LSTM, XGBoost and combined models
was obtained, and the specific results were shown in Table 1 below.

1—wmape =1-—

Table 1. Prediction accuracy of ARIMA, LSTM, XGBoost and combined models

Learning device Training set accuracy Testing set accuracy
ARIMA 0.712 0.642
LSTM 0.827 0.782
XGBoost 0.776 0.712

ARIMA-LSTM-XGBoost combination
model

0.864 0.804
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In addition, in order to better observe the prediction effect of each model, Figure 1
will visually compare the prediction results of the four models with the real values.

By comparing the prediction effect of each model in Table 1 and Figure 1, it is found
that the prediction effect of the combined model of ARMI-LSTM-XGBoost is much
better than that of the other three single learner models. Therefore, the team finally
chose to use the combined model of ARIMA-LSTM-XGBoost to predict the demand
of 1996 commodities from 05/16/2023 to 05/30/2023.

Predicted vs Real Values

, — Real Values
16 1 ARIMA
i - LSTM
--- XGBoost
-—- Ensemble Model

04/25/2023 04/29/2023 05/03/2023 05/07/2023 05/11/2023 05/15/2023
Date

Fig. 1. Comparison of the predicted and true values of the four models

3 The Strategy of the Initial Inventory (s, S)

In order to formulate the replenishment plan for each commodity, this paper uses the
joint order point method and the regular order method to determine the initial inventory
strategy (s, S) and the daily replenishment total of each commodity during 05/16/2023
to 05/30/2023.

3.1  The Establishment of Inventory Replenishment Model

Order point method refers to when the inventory of a certain item drops to a predeter-
mined point, the order plan is issued and the inventory is replenished. This method
needs to check the inventory regularly and grasp the inventory in real time.

The regular order method is a kind of inventory management measure that replen-
ishes inventory by ordering according to a clear order cycle in advance. Merchants set
an order cycle in advance according to their previous experience and planning indica-
tors, and place an order every time they arrive at an order cycle. The order quantity
varies each time, and the order interval can be expressed by the order cycle, which
remains unchanged in the regular order method.

The application of order point method can understand the inventory situation in time
and avoid stock shortage, but because of the need to regularly check each variety and



Product Volume Forecasting Model Based on Integrated Learning and EOQ 281

order separately, the ordering cost and transportation cost are increased. Most busi-
nesses generally use regular ordering, a variety of consumables together to order, re-
duce order processing costs and transportation costs, and this way does not require fre-
quent inventory inventory, and because of the frequent inventory inventory, can not
grasp the inventory changes in real time, if there is an emergency, a large number of
needs, it is easy to cause out-of-stock phenomenon. The inventory replenishment model
discussed in this study combines the order-point method and the periodic order method,
reducing the out-of-stock rate through the use of order-point ordering and reducing op-
erational costs through regular ordering. When the inventory level is less than or equal
to the ordering point or reaches the order cycle, the ordering plan is issued, and the
order quantity is the difference between the maximum inventory and the inventory in-
ventory.

Order Point Method.

Confirm order point.

The order point indicates that the goods should be ordered when the inventory has
fallen to this point, which is also the minimum inventory point. The order point is de-
fined on the basis of safety stock, and its calculation formula is shown below.

Order Point = Qp + Qgs.

Where, Q; is the expected demand within 3 days of the lead time, Qg is the safety
stock under the order point.

Safety stock is an additional stock held in inventory management, which is set to
deal with sudden demand or the corresponding high cost of stock shortage. Due to the
random transformation of demand and the unstable change of lead time, the demand in
the replenishment period will cause the shortage caused by the disturbance of the uni-
form demand point in the replenishment period. Safety stock is the buffer stock planned
to prevent this uncertainty factor, and can be used as a buffer. Whether the establish-
ment of safety inventory is appropriate has a great impact on reducing the shortage rate
of materials. The formula for calculating safe inventory in this paper is shown as fol-
lows.

Qs =K xaxVL

Determine order quantity and maximum inventory.

Where, Q,; is the safety inventory, K is the safety factor, o is the standard deviation
of the demand, VL represents the order lead time, and the time interval from placing
the order to receiving the goods.

The quantity of goods ordered should be sufficient to satisfy the demand for goods
during the ordering cycle. In this study, the order quantity is calculated as the following
formula:

Order quantity = Maximum inventory - Inventory at the time of inventory.

Order not arrived + Customer delayed purchase
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Under normal circumstances, the general merchant does not order and the customer
delays the purchase phenomenon, the order quantity of goods is generally calculated as
the following formula:

Order quantity = Maximum inventory - Inventory at time of count

Thinking about the quantity of goods ordered becomes thinking about the maximum
stock of goods. The maximum inventory of goods should satisfy the needs during the
order cycle (T) and the order lead time (L). Similar to the way order points are deter-
mined, the maximum inventory is the sum of the expected or average amount of de-
mand during the life of the goods and the quantity of a safety stock. The maximum
inventory is calculated by the following formula:

Qmax = E(Qr41) + Qs.

The determination method of the safe stock here is similar to that of the previous
determination of the safe stock when ordering points are obtained. The safe stock under
the maximum stock is determined according to the distribution of the shortage rate and
residual. When the lead time is a fixed constant and the residual meets the normal dis-
tribution, the safe stock should satisfy the needs during the order cycle (T) and the order
lead time (L). The safe inventory is calculated by the following formula:

Qs=KxoxVL+T.

After the maximum inventory is clear, you can specify the order quantity, that is:
Order quantity = Maximum inventory - Inventory at the time of inventory.

Classification of Goods.

There are many kinds of e-commerce commodities, and their urgency of demand
and harm caused by out-of-stock are different, and the out-of-stock rate is also different.
For such phenomena, in the process of this study, the commodities are first classified.
Used to measure the ability of goods inventory to meet customer needs is the inventory
service level, the specific formula is shown below:

The number of items satisfied

i = X %.
Service level Total number of actual demand 100%

However, the determination of inventory service level is more of a non-objective
and simple discriminating method, usually without rigorous scientific verification. The
sum of service level and out of stock level is 100%, so the service level is determined
at the same time, the out of stock level is basically determined. First, the goods are
classified, and then the safety inventory under various categories is determined, and the
safety inventory of various categories of goods is calculated according to the difference
in the urgency of their needs and the difference in the stock shortage rate. According to
the emergency situation of commodity application, the service level can be divided into
three grades: 0.60 ~ 0.80, 0.81 ~ 0.90 and 0.91 ~ 0.99. The corresponding relationship
between service level and safety factor is shown in Table 2.
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Table 2. Relationship between service level and safety factor

Service level 065 070 075 080 0.83 0.86 0.89 093 09 0.99

Safety factor
| 0.71 0.83 088 092 095 0.98 1.02  1.05 1.10 1.20
value

Time Order Method.

This is a "modern" version of the EOQ model. In the operation process of e-com-
merce goods, it is observed that the purchase price, sales price and sales quantity of a
product are very stable, but the supplier does not provide free delivery service, and each
delivery requires the merchant to pay a fixed delivery fee. In order to reduce the number
of deliveries and save the total delivery fee, the supermarket can buy more goods each
time, but this will occupy a lot of capital and storage space, resulting in a rise in capital
costs and storage costs. Therefore, it is necessary to decide the best purchase cycle, that
is, how long to enter once and how many goods each time.

Such problems are common in reality. Assuming that no shortage is allowed, and the
sales price and sales quantity are given, the sales revenue of the merchant is fixed, so it
is only necessary to consider meeting the market demand with the minimum cost. In
this article, the following assumptions, parameters, and variables are typically intro-
duced when modeling such problems:

1) The demand rate of the product (sales per unit time) is a constant, denoted as D;

2) The purchase price of the product (price of a single piece) is a constant, denoted
as C;

3) The delivery fee for each purchase is a constant (independent of the purchase
quantity) denoted as S;

4) The holding cost per unit time of each commodity (capital cost and storage cost,
etc.) is a constant, denoted as H;

5) The quantity of each purchase (decision variable) is a constant, denoted as Q;

6) The purchase cycle (that is, how often to buy goods) is a constant, denoted as T,
obviously T=Q/D.

It can be seen in Figure 2, because the demand rate of the product is constant, the
average storage

volume (inventory) of the product is Q/2, so the total cost in a purchase cycle can be
obtained:

F(Q)=S+CQ+HT(Q/2) =S+ CQ + HQ2
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Fig. 2. Changes in inventory over time

Therefore, in order to meet the product demand, the average cost per unit of time
needs to be paid by the merchant:

G(Q)=F(@Q)/T=SD/Q+CD+ HQ/2.

It is easy to know that Q in G (Q) is a convex function, and the minimum order quan-
tity Q* = /25D /H is the corresponding purchase cycle Q*, which is usually called
economic order quantity (EOQ), and the above model is called the EOQ model. Since
expressions are in the form of square roots, they are sometimes called "square root
formulas".

3.2 The Solution of Inventory Replenishment Model

Bring the demand of the product (PRODUCT 994-East China) from 04/16/2023 to
06/02/2023 into the order point method and the regular order method to obtain the order
cycle of the product for 8 days, and then obtain the initial inventory strategy (s, S) and
the daily replenishment amount of the product for each day from 05/16/2023 to
05/30/2023. The specific results are shown in Table 3.

Table 3. Product (product 994- East China) inventory replenishment result

Date Initial inventory Inventory at the beginning Ending Forecast Sup-
strategy(s,S) of the day stock demand plynum
05/16 (32,79) 5 0 7 79
05/17 (30,82) 0 0 9 0
05/18 (26,75) 0 0 7 0
05/19 (29,80) 0 79 7 0
05/20 (30,79) 79 70 9 0
05/21 (28,77) 70 66 4 0
05/22 (31,79) 66 57 9 0
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Date Initial inventory Inventory at the beginning Ending Forecast Sup-
strategy(s,S) of the day stock demand plynum
05/23 (33,83) 57 50 7 0
05/24 (34,84) 50 39 11 0
05/25 (33,75) 39 35 4 0
05/26 (36,82) 35 29 6 53
05/27 (37,91) 29 20 9 0
05/28 (34,87) 20 12 8 0
05/29 (32,88) 12 59 6 0
05/30 (33,82) 59 47 12 0

ps: where in each day, the beginning of the day inventory + replenishment - forecast demand = the end of
the day inventory. The ending inventory of the current day is the beginning inventory of the next day.

4 Cost of Replenishment of Goods

Get goods every day during 05/16/2023 to 05/30/2023 initial (s, S) inventory strategy
and replenishment amount, then the goods during 05/16/2023 to 05/30/2023, the mini-
mum cost as the objective function, through continuous to adjust inventory strategy (s,
S) {e.g. (0.9s,9),(s,0.95), etc.}, and finally an optimal inventory strategy (s, S) is ob-
tained, which minimizes the cost of the goods in that half month.

In order to better solve the minimum cost of goods, this problem is transformed into
the minimum value of the sum of ordering cost, holding cost (related to inventory turn-
over days) and out-of-stock cost (related to service level) of each commodity in this
half month.

4.1 The Establishment of Commodity Replenishment Cost Model

In inventory management and replenishment planning, the main costs include four as-
pects.

(1)Ordering Costs.

Order cost refers to various fixed and variable costs generated by enterprises for
ordering, including order processing cost, order processing cost and scheduling cost.
These costs vary with the quantity and frequency of orders and affect inventory man-
agement decisions of enterprises. The order cost formula in this paper is defined as
follows:

Ordering cost(p;) = The cost of an order(p,) X Order times(n).

Among them, this paper assumes that the cost of an order is pq , and the order times
is n. After the inventory strategy (s, S) is determined by solving the inventory replen-
ishment model, the order times (n) of the goods during the period from 05/16/2023 to
05/30/2023 are also determined, so a variable value pq can be obtained finally.



286 H. Liu et al.

(2)Holding Costs.

Carrying cost refers to the various expenses incurred by merchants to maintain and
manage inventory, including capital costs, storage costs, insurance costs, wear and ob-
solescence costs, and theft and scrap losses. High carrying costs encourage merchants
to reduce inventory levels to reduce capital tie up and risk, but too low inventory can
lead to undersupply or missed sales opportunities. The cost of carrying formula in this
paper is defined as follows:

Carrying cost(P,)
= Daily carrying cost per piece X Average daily inventory
X Holding days.

Among them, this paper sets the daily holding cost of each piece of goods as 0.01
per piece of goods price (p), that is, 0.01p; After the inventory strategy (s, S) is deter-
mined by the inventory replenishment model, the daily average inventory of the goods
from 05/16/2023 to 05/30/2023 is also determined. The number of days held is the pe-
riod of half a month, that is, 15 days. So you end up with P..

(3)Shortage Costs.

Out-of-stock cost refers to various losses and expenses incurred by merchants due
to insufficient inventory and inability to meet market demand. When a business cannot
supply the required product or service in a timely manner, it may face problems such
as reduced sales, lost customers, and damaged reputation, which are manifestations of
out-of-stock costs.

Since the sum of service level and out of stock level is 100%, so the service level is
determined at the same time, the out of stock level is basically determined. The service
level formula for this article is defined as follows.

The number of items satisfied

i = X %.
Service level Total number of actual demand 100%

The Shortage Costs formula in this paper is defined as follows:

Shortage Costs B, = Out of stock X Profit per item.

Where, the quantity out of stock is the number of unmet items, and the profit of each
item is set as 20% of the price (P), that is, 0.2P. After the inventory strategy (s, S) is
determined by solving the inventory replenishment model, the stock shortage Py of the
goods during the period of 05/16/2023 to 05/30/2023 is also determined, so it can fi-
nally be obtained.

(4)Objective Function - Cost.

In this problem, an initial inventory strategy (s, S) is obtained through the inventory
replenishment model, and then the cost P is taken as the objective function. Based on
the initial inventory strategy (s, S), an optimal inventory strategy (s, S) is found by
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constantly adjusting the daily s and S, so as to minimize the cost of goods from
05/16/2023 to 05/30/2023. The specific cost P is calculated as follows:

Cost of replenishment of goods P
= Ordering cost Py + Carrying cost P, + Shortage Cost F,.

The daily inventory strategy (s, S) adjustment range is: (0.7s, 0.7S), (0.7s, 0.8S),
(0.7s, 0.99), (0.7s, 0.9S), (0.8s, 0.8s), (0.8S, 0.8s), (0.8s, 0.9s), (0.8S, 0.9s), (0.9s, 0.7S),
(0.9s, 0.8s), (0.9s, 0.8s), (0.9s, 0.8s), (0.9s, 0.8s), (0.9s, 0.8s), 0.9S), (0.9s, S), (s, 0.7S),
(s, 0.85), (s, 0.95), (s, S), a total of 16 inventory strategies (s, S).

4.2  Genetic Ant Colony Hybrid Algorithm

Since there are 16 inventory strategies (s, S) per day, there will be approximately one
combination between 05/16/2023 and 05/30/2023. In order to solve the minimum value
of commodity replenishment cost more efficiently, this paper will use genetic ant col-
ony hybrid algorithm to solve the problem.

The Basic Idea of Genetic Ant Colony Hybrid Algorithm.

Through the study of references, it is found that genetic algorithm[9] and ant colony
algorithm[33] each have certain advantages in solving the inventory optimization cost
minimization problem, but there are also corresponding defects. For example, in the
initial stage of seeking the optimal solution, the genetic algorithm has a high search
efficiency and is suitable for a large range of searches. However, in the second half of
the search for the optimal solution, the genetic algorithm does not make full use of the
feedback information, and this deficiency will appear, and consume a lot of time in
ineffective iteration. The outstanding parallel computing ability and overall optimiza-
tion ability are the biggest advantages of ant colony algorithm, but the disadvantage is
that in the initial stage of the algorithm, the shortage of pheromones will lead to the
slow search for the optimal solution, so the running time of the algorithm is relatively
long.

According to the characteristics of commodity replenishment, this paper further
combines genetic algorithm and ant colony algorithm on the basis of previous studies,
so as to give full play to their respective advantages. In particular, the advantages of
genetic algorithm can be fully utilized to achieve higher search efficiency during the
operation of the algorithm. In other words, it has the characteristics of efficient search
in the initial stage, and then can generate the necessary pheromones for the use of the
ant colony algorithm, and then use the ant colony algorithm to obtain the global optimal
solution, making full use of the overall optimization ability of the ant colony algorithm
and the outstanding parallel computing ability.

The Implementation Steps of Genetic Ant Colony Hybrid Algorithm.
The implementation steps of the genetic ant colony hybrid algorithm are as follows:
Step! initializes the parameters of the genetic algorithm, generates the initial popu-
lation, and sets the initial iteration number to 0;
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Step2 Calculate the fitness function of all individuals;

Step3 Perform basic genetic operations on individuals and increase the number of
iterations by 1;

Step4 Determine whether the termination conditions are met, if yes, continue to per-
form, otherwise jump to Step2;

Step5 Use genetic algorithm to find the approximate optimal solution and convert it
into initial pheromone for the ant colony algorithm to use, and then build the bipartite
graph model of the commodity restocking problem;

Step6 Before the ant colony algorithm runs, initialize the relevant parameters and set
the number of iterations to gen=0;

Step7 Put m ants (in the vertex set on the left side of the bipartite graph), and estab-
lish a tabu table and a table that allows selection for each ant;

Step8 Ant k selects the transfer path according to the constraint conditions of com-
modity replenishment cost and transfer probability;

Step9 Record m paths and complete the iteration;

Step10 Calculate the length of m paths and record the current optimal path value.

Step11 Update the pheromone quantity on the top of the optimal path and volatilize
the pheromones on the other sides;

Step12 determines whether the termination constraint conditions are met.

If yes, terminate the operation and find the value of the current optimal path; other-
wise, gen=gen+1, and return to Step7 to continue the new iteration. The flow chart of
the genetic ant colony hybrid algorithm to solve the problem of commodity replenish-
ment cost is shown in Figure 3.

4.3  The Solution of Commodity Replenishment Cost

Since the initial inventory strategy (s, S) for each day of product (PRODUCT 994-East
China) during 05/16/2023 to 05/30/2023 has been solved, the s and S in the initial in-
ventory strategy (s, S) will be adjusted next to solve the inventory strategy (s, S) with
the lowest replenishment cost of the product. Where the range of s is {0.7s,0.8s,0.9s,
S}, and the range of S is {0.7S,0.8S,0.9S,S}, and they are combined, so there will be
16 inventory strategy combinations every day, that is, the question will be transformed
into which inventory strategy (s, S) combination will be used every day. It can minimize
the total replenishment cost of goods during 05/16/2023 to 05/30/2023.

The experimental scheduling system adopts the commonly used ant colony algo-
rithm. On the basis of the research in this paper, the original algorithm is deleted and
replaced by the genetic ant hybrid algorithm. Based on the above experimental data,
several experiments were carried out in ant colony algorithm and genetic ant colony
hybrid algorithm respectively. In this paper, the original ant colony algorithm system
is referred to as system A, and the genetic ant colony hybrid algorithm is called system
B, and the rationality and efficiency of the two algorithms to solve the problem of com-
modity replenishment are verified.
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Algorithm Operation Time Comparison.

When the daily inventory strategy (s, S) units are 2, 3 and 4, the running time and
fitness of system A and system B are compared and analyzed in detail. The comparison
of algorithm operation time is shown in Table 4. The data in Table 4 shows that System
A takes less time to operate than system B. When the scheduling unit is 1, system A is
45 and system B is 36. When the dispatching unit is 2, system A is 214 and system B
is 165. When the scheduling unit is 3, the scheduling unit is 654 for system A and 597
for system B.

The length of an algorithm's ideal operation time is an important key performance
index to measure the quality of the algorithm. The shorter the operation time, the
smaller the possible loss and the more opportunities it brings. It can be seen from Table
4 that as the number of inventory strategy (s, S) units per day increases, the running
time of the two algorithms will also increase. In the case of the same number of inven-
tory strategy (s,S) units per day, the ant colony algorithm takes a longer time, while the
genetic ant colony hybrid algorithm takes a shorter time.

Algorithm Fitness Comparison.

In genetic algorithm, fitness is the main index to describe the individual performance
and driving force of genetic algorithm. From a biological point of view, normal condi-
tions are equivalent to the "survival of the fittest" competition for biological sustaina-
bility, which is important in the genetic process. Establishing the mapping relationship
between the target operation of optimization problem and individual adaptability is
helpful to realize the objective role of optimization problem in group development.
Therefore, we compared the adaptability of the two systems, and the results are shown
in Table 5.

|
Fig. 3. Flow chart of the genetic ant colony hybrid algorithm to solve the problem of commod-
ity replenishment cost
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Table 4. Comparison of operation time between the two algorithms

Daily inventory strategy (s,S) units System A System B
2 45 36
3 214 165
4 654 597

Table 5. Fitness comparison of the two algorithms

Daily inventory strategy (s,S) units System A System B
2 184 198
3 290 321
4 532 703

It can be seen from the data in the table that the adaptability of system B is better
than that of system A. When the scheduling unit is 1, system A is 184 and system B is
198. When the scheduling unit is 2, system B is 31 higher than system A. If the sched-
uling unit is 3, system B is 71 times higher than system A. It can be seen that with the
increase of course scheduling units, the fitness values of the two algorithms also in-
crease. With the increase of the number of course scheduling units, the fitness values
of the two algorithms tend to be stable. Therefore, it can be concluded that the fitness
of genetic ant colony hybrid algorithm is better than that of single ant colony algorithm
under the same number of arrangement units.

Finally, this paper will use the genetic ant colony hybrid algorithm to solve the min-
imum replenishment cost of this product during 05/16/2023 to 05/30/2023, and the so-
lution results are shown in Table 6.

Table 6. Minimum replenishment cost of product (product 994- East China)

Date Inventory Opening Ending Quantity de- Sup- ost Total
strategy(s,S) inventory inventory manded plynum cost

5/16 (21,76) 5 0 7 76 84

5/17 (24,70) 0 0 9 0 142

5/18 (22,68) 0 0 7 0 112

5/19 (21,62) 0 76 7 0 104

5/20 (18,72) 76 67 9 0 76

521 (19,70) 67 63 4 0 64

522 (21,72) 63 54 9 0 52

5/23 (23,67) 54 47 7 0 47 964

524 (25,63) 47 36 11 0 34

5/25 (27,65) 36 32 4 0 27

5/26 (21,60) 32 26 6 0 23

5127 (19,72) 26 17 9 0 21

5/28 (18,69) 17 8 60 18

529 (14,67) 9 6 0 15

5/30 (19,71) 3 0 12 0 145
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Through the genetic ant colony algorithm, an optimal solution is obtained, which
makes the target cost function reach the minimum value of 964 yuan. Therefore, the
same operation method will be adopted next to solve the minimum cost of replenish-
ment for 1996 kinds of commodities.

5 Conclusion

This study proposes a comprehensive solution to the inventory management challenges
brought about by the rapid development of China's e-commerce industry. First of all,
through in-depth analysis and processing of sales data, we use the combined model of
ARIMA-LSTM-XGBoost to accurately forecast the sales volume of 1996 commodities
during the period from May 16 to June 2, 2023, providing reliable basic data for subse-
quent inventory management. Secondly, we combined the joint order point method and
the regular order method to determine the optimal inventory strategy (s, S) for each day
of these items between May 16 and May 30, 2023. Through this step, we provide prac-
tical guidance to e-commerce enterprises to help them better manage warehouse inven-
tory, reduce costs, and improve competitiveness. Finally, we set up commaodity replen-
ishment cost model, and solve it by genetic ant colony algorithm, and get the optimal
replenishment plan to meet the inventory demand at the lowest cost. Taking a product
(PRODUCT _994-East China) as an example, we verify the effectiveness of this method
and determine that the lowest cost of replenishment is 964 yuan.

The method proposed in this study provides important decision support for e-com-
merce enterprises, which can significantly improve the efficiency of inventory manage-
ment, reduce costs, and enhance competitiveness. In the future, we will continue to
improve the model algorithm, explore more innovative methods, and make greater con-
tributions to the sustainable development of the e-commerce industry.
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medium or format, as long as you give appropriate credit to the original author(s) and the
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