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Abstract. This study uses an integrated SARIMA model and a simulated anneal-
ing algorithm dedicated to exploring the forecasting of goods sales and inventory
levels in the e-commerce industry, as well as the optimization of warehouse al-
location strategies. First, this paper uses a composite model based on coupled
time series and linear regression and a SARIMA model to forecast the inventory
and sales volume of multiple categories in future months by analyzing historical
data and identifying trends and seasonal patterns. Then, the study uses a simu-
lated annealing algorithm to find an optimal warehouse allocation strategy that
allows for maximum utilization of warehouse capacity and production capability
under the condition that each category can only be stored in one warehouse.
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1 Introduction

In this paper, a variety of computer algorithms and models, such as seasonal autoregres-
sive integral sliding average (SARIMA) model [1], simulated annealing algorithm [2]
and linear regression [3], etc., are used to optimize e-commerce warehouse manage-
ment [4]. First, for the 350 categories in the warehouse network, time series analysis
[5] and SARIMA model are used to deeply analyze the trend and seasonal characteris-
tics of historical sales data, to predict the monthly inventory and daily sales in the next
three months. Then, based on the above prediction results, the linear programming
method is used to construct a planning model, and under the restriction that each cate-
gory can only be stored in one warehouse, multiple objectives are considered to deter-
mine the category warehousing program [6].

2 Data Preprocessing

In this study, merchandise data were first preprocessed, including forward or backward
padding to fill in missing values, interquartile range (IQR) method to deal with outliers
and data normalization. The time series data were modeled using the SARIMA model
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to extract the trend, seasonality and residual components for subsequent sales forecast-
ing.

Processing the data reveals that most categories are concentrated at lower levels as
far as inventory levels are concerned. At the same time, there exist some categories
with significantly higher inventory levels than others. For these categories, when they
reach a high inventory level, they tend to maintain this high inventory status for the
next 9 months, showing a trend of secondary growth.

3 Forecasting Analysis of Stock Quantity

3.1 Forecasting Stock Quantity Based on Coupled Time Series and Linear
Regression

To build a comprehensive model to forecast the inventory quantity, the time series fore-
casting method with seasonal decomposition and linear regression model will be used.
The mathematical expression of STL is:

yt:TH-SmLRmLGt (D

Where ¥; is the original time series, T, is the trend component, S, is the season-
ality component, R, is the residual component, and €; is the error term.

For each category, the seasonal component S; is extracted using the STL method
to capture seasonal patterns. The trend component T; represents the long-term varia-
tion in the time series, while the seasonal component S; represents patterns that recur

over a fixed period. The residual component R; represents the remaining variation af-

ter removing the trend and seasonality.

When applying the STL method, it is necessary to choose appropriate smoothing
parameters for the seasonal period and seasonal component.

Through STL decomposition, the seasonal components of each category can be ob-

tained S, , and these components will be used as important input features for the pre-

diction model.
Trend extraction is a key step in predictive modeling that can help understand the
long-term trend of data over time. The linear regression model assumes a linear rela-

tionship between the dependent variable T} and the independent variable ¢ (time).

The mathematical expression of the model is:

T,=Bo+ Bit + ¢ 2

Where ﬂo is the intercept term, which represents the baseline value of the trend

when t =0; (3; is the slope term, which represents the rate at which the trend
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changes over time; ¢ is a time variable, usually expressed as a month or a year; and

€; is the error term, which represents random variation that cannot be explained by the
model.
To estimate parameters 3y and (; of the linear regression model, the least

squares method is used. The least squares method finds the line of best fit by minimiz-
ing the sum of squares of the error terms. The sum of squares of the error term is given
by the following equation:

n n

SSE= ) ()= > (T.—(Bo+ Bit))? 3)

t=1 t=1

The optimal estimates of ﬁo and ﬁl are found by solving the following formal

equations:

zn:Tt :nﬁ0+ﬁ1zn:t
t=1 t=1

n n n (4)
D AT=00) t+Bi ) ¢’
t=1 t=1 t=1
Solving these equations gives:
DI DD
By = t=1 t=1 =1
1= Z - ®)
23—y
t=1 t=1
D T =Bt
_ =1 t=1
Bo= - (6)

A new time series is formed by combining the seasonal component S, obtained

from the STL decomposition and the trend component 1 obtained from the linear

regression:

yt’:Tt+St @)



Cargo Volume Forecasting Analysis Based on Simulated Annealing Algorithm 953

This new time series yt’ will be used as an input to the forecasting model. This

approach allows the effects of both trend and seasonality to be considered in the fore-
casting model.

By solving the data, based on this model, the inventory levels for each of the next
three months were measured and the following results were obtained as shown in Fig.
1.
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Fig. 1. Fitting Curve

3.2  Forecasting Sales Based on the SARIMA Model

The SARIMA model is a seasonal extension of the ARIMA model designed to capture
seasonal patterns in time series data. The model is usually denoted as
SARIMA(p, d, q)(P, D, Q, s), where the parameters have specific meanings: p stands
for the order of the non-seasonal autoregressive term, d stands for the number of non-
seasonal differences, q stands for the order of the non-seasonal moving average term,
P stands for the order of the seasonal autoregressive term, D stands for the number of
seasonal differences, @ stands for the order of the seasonal moving average term, and
s stands for the the length of the seasonal cycle.

The model for the non-seasonal component can be expressed as a product of an au-
toregressive polynomial and a difference operator equal to a product of a moving aver-
age polynomial and an error term. Specifically, the model is given by the following
equation:

¢(B)V'y.=6(B)e, ®)
Here, ¢ (B) =1¢BpoB>...0, B? denotes the autoregressive polynomial

where B is the backward operator such that BY, = ¥;; . The difference operator V

is defined as nablay, = y,y,; and is used to make the non-smooth series smooth.
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The moving average polynomial is given by 0(B)=1+6,B+6,B°+...+6,B,
while €; is a white noise error term with mean 0 and constant variance.

The seasonal part is modeled similarly to the non-seasonal part, but seasonal differ-
encing is considered. The seasonal difference operator VP is defined as
AV Y — Y+ Y5, where § is the length of the seasonal cycle. The seasonal autoregres-
sive polynomial is given by ®(B*)=1®,B*®,B*...®,B" and the seasonal mov-
ing average polynomial is given by ©(B*)=14+0,B*+0,B*+...+0,B%.

The non-seasonal and seasonal components are combined to obtain the full SARIMA
model:

¢ (B)®(B*)VV"y,=0(B)O(B")e, ©)

4 Analysis of Category Warehouse Planning

4.1 Simulated Annealing Model-based One-Category-One-Warehouse Solving

In category volume forecasting and category binning planning, the objective is to min-
imize the total bin rental cost while satisfying the bin capacity and capacity constraints.
Decision variables:

B {1 If category i is assigned to warehouse j (10)
Y10 Otherwise

Where ’iE{l,Q,...,C} represents category and jE{l,Q,...,W} repre-

sents warehouse.
The objective is to minimize the total warehouse rental cost, which can be expressed
by the following objective function:

w C
Minimize Z= Z inj - Warehouse rental day cost; (11)

j=1 i=1

Here, Warehouse rental day cost; is the daily cost of warehouse j .

To ensure the feasibility of the solution, the following constraints need to be consid-
ered:
Each category can only be assigned to one warchouse:

w
> ;=1 Vi (12)
=1
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This constraint ensures that each category is assigned to only one warehouse.
Warehouse capacity constraint:

c
Zmlj - Average monthly inventory, < Maximum warehouse capacity; Vj (13)

i=1
This constraint ensures that the total inventory in warehouse 7 does not exceed its

maximum warehouse capacity.
Capacity constraint:

C

z;; - Total daily sales; = Capacity Limit; Y j (14)
1

1=

This constraint ensures that the total outgoing inventory of warchouse 7 does not

exceed its upper capacity limit.

At the beginning of the simulated annealing algorithm, an initial solution is gener-
ated.

In warehouse allocation, the cost function can be defined as the total warehouse
rental cost, i.e., the sum of the rental costs of all categories in their respective allocated
warehouses. The cost function can be expressed as:

N M
Clota = E § Ty; - Tents; (15)
i=1 j=1

Where Z;; is a binary variable indicating whether the category ? is allocated to a

warehouse 7 .
The simulated annealing algorithm uses the following acceptance criterion:

If Chew < Clourrent , then the new solution is accepted directly.

If Cnew = Current » then the new solution is accepted with a certain probability

pP.
This probability can usually be calculated by the following equation:

_ Chrew — Cewrent

P=e¢ r (16)

Where T’ is the current temperature. If the algorithm is at a high temperature, the

probability of accepting a worse solution is higher; as the temperature decreases, the
probability of accepting a new solution decrease and the algorithm will be more biased
towards accepting a good quality solution, reaching a steady state.
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After each iteration, the temperature ' needs to be updated according to some kind

of cooling scheduling. A simple linear cooling can be set as:

Tnew — 4 current — & (17)

Where ¢ is a small positive number.
When the temperature drops to a predetermined termination temperature (e.g.,

Tina ), the algorithm stops execution and returns the specified solution.

4.2  Solving the Model
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Fig. 2. Iteration diagram

Convergence plot Fig. 2 shows the trend of the total cost of the simulated annealing
algorithm over multiple runs. These cost values usually decrease gradually as the num-
ber of iterations increases. It is evident that most of the curves fluctuate a lot in the
initial phase and then level off, eventually approaching a relatively low-cost value.

The results show that it can find an effective merchandise inventory allocation
scheme which keeps all warehouses within the capacity limit and achieves the lowest
rental cost. The specific allocation scheme is shown in table 1 below.

Table 1. “One product, one warehouse” warehousing program

Category Warehouse
Category1 37
Category31 106
Category61 89

Category91 80
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Category121 72
Category151 31
Category181 78
Category211 36
Category241 67
Category271 34
Category301 117
Category331 122

Where the total warehouse cost is 2043964.74 yuan.

5 Conclusion

This study forecasts the inventory and sales volume of 350 categories in the warehouse
network of e-commerce industry in the next 3 months by using an innovative composite
model based on time series coupled with linear regression and SARIMA model, com-
bined with STL decomposition and linear regression to capture the trend. On this basis,
the simulated annealing algorithm is used to construct a planning model based on the
qualification conditions to carry out category warehousing, and the comprehensive con-
sideration of warehouse capacity utilization, capacity utilization, total warehouse rental
cost and other objectives, and ultimately find an effective inventory allocation plan.
This study provides feasible ideas and practical methods for e-commerce enterprises to
optimize supply chain management, reduce costs and improve operational efficiency.
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Open Access This chapter is licensed under the terms of the Creative Commons Attribution-
NonCommercial 4.0 International License (http://creativecommons.org/licenses/by-nc/4.0/),
which permits any noncommercial use, sharing, adaptation, distribution and reproduction in any
medium or format, as long as you give appropriate credit to the original author(s) and the
source, provide a link to the Creative Commons license and indicate if changes were made.

The images or other third party material in this chapter are included in the chapter's
Creative Commons license, unless indicated otherwise in a credit line to the material. If material
is not included in the chapter's Creative Commons license and your intended use is not
permitted by statutory regulation or exceeds the permitted use, you will need to obtain
permission directly from the copyright holder.


http://creativecommons.org/licenses/by-nc/4.0/

	Cargo Volume Forecasting Analysis Based on Simulated Annealing Algorithm and SARIMA Modeling



