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ABSTRACT

Market economy is characterized by the uncertainty of supply and demand, so enterprises can

erimental results show that the prediction model
g the optimized scheme, the total inventory cost of the
7.35% and 13.69% respectively. It can be seen that, on the
whole, the method in this p good effect of supply chain demand forecasting and cost

control.

st century, the competitive situation of enterprises has undergone profound changes. It is no

limited to the competition among single enterprises, but has evolved into the

nsional comprehensive competition of talents, technology, innovation and supply chain

1-4]. this diversified competitive landscape, the importance of supply chain, as a key link
connecting internal and external resources of enterprises and driving business development, has
become increasingly prominent. The supply chain is not only a simple logistics chain, but also a
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complex and precise network chain structure led by core enterprises and surrounded by many
"satellite”" enterprises [5]. In this network, the core enterprises have a decisive impact on the overall
operational efficiency and competitiveness of the supply chain by virtue of their market position,
technical strength and management ability [6-7].

The management of supply chain involves the comprehensive control of information flow, logistic
and capital flow. From the purchase of raw materials to the manufacture of intermediate productsfto
the sale of final products, every link is closely linked, and together constitute a complete functi
network chain model [8-9]. The operation efficiency and capability of this mode are directly relate

competitiveness. Among them, the accuracy of supply chain demand forecast, as a
affects the rapid response of supply and demand relationship and the reduction of s
and then affects the final cost benefit [8]. Accurate demand forecasting can help, e

resources, but also directly affects the flow of funds and cost
management of the sales of finished products, such as the q

rchase mode and inventory
ement cost of finished products of

production enterprises, and then affect the total i
Inventory cost, as an important expenditure

ainty and product life cycle [15-16]. In the
pies a considerable proportion. Studies have

apid development of big data and machine learning technology,
upply chain management and inventory cost control. By analyzing

dr earch are proposed to provide new ideas and methods for supply chain management and
inventory cost control of enterprises.

This paper selects the supply chain data of a company G as the data set of machine learning
research. First, according to the characteristics of the data set, we conduct in-depth analysis of the
data from four dimensions: warehouse, weeks, distribution and procurement. Then, based on ARMA
(autoregressive moving average) method, we construct the supply chain demand forecast model. In
the process of model construction, ADF (unit root test) was used to test the smoothness of the data
to ensure the applicability of the data. Then, the specific form of the model was determined by
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analyzing the autocorrelation coefficient and partial autocorrelation coefficient. In order to optimize
the model, the criterion function ranking method is used to rank several candidate models. On this
basis, the least square method is used for accurate estimation. Then, considering multiple factors
such as procurement cost, inventory holding cost and time cost, we put forward relevant
assumptions and build a multi-level inventory model of supply chain. To solve this complex mode
we introduce immune genetic algorithm, which can effectively find the optimal solution of the mogdel.
Finally, we verify the predictive performance of the constructed supply chain demand forecas
model and the effectiveness of the multi-level inventory model in inventory cost control optimizatio

through an example analysis. V
2. Overview

In today's globalized business environment, the competition between enterpri S yond a
single dimension contest, but has evolved into a comprehensive competiti manytaspects such as
talent, technology, innovation and supply chain. Supply chain, as a key link ing internal and
external resources of enterprises and driving business developme
cost control ability are directly related to the market competiti
enterprises. As the core link of supply chain management, supply

vital role in optimizing inventory, reducing cost, increasin
loyalty.

D

progressing. Literature [20] improves the currenSupply chain demand forecasting system by means
of support vector regression, deep learning integrated strategies, which significantly
improves the accuracy of forecasting. Thi t provides supply chain managers with a
more accurate demand forecasting to ' them better grasp the market dynamics and

the accurate prediction of de
performance results. This fi
better understand the inter

ides supply chain managers with deeper insight, helps them
ism of supply chain operation, and then formulate more
ature [22] uses machine learning, time aggregation mechanism
dild a framework for supply chain demand forecasting of electronics
realistic verification of this method. The results show that this method
an maintain stable forecasting performance under different market
ch results provide a feasible demand forecasting solution for supply chain
lectronics industry. Literature [23] uses the time series data of products in the

ng algorithms, product neural networks, recurrent neural networks, reinforcement learning
algorithms, etc., and their hybrid models. These methods accurately predict demand in a real supply
chain environment, optimizing cost-effective inventory levels. In particular, the application of hybrid
models has further improved the accuracy and reliability of forecasts. Literature [25] constructed a
hybrid model to predict baseline demand and promotion demand under the supply chain, and
verified the accuracy of the model and inventory performance through statistics and machine
learning. This model can accurately predict the fluctuating demand series with different coefficient of
variation, and achieve low inventory cost. The research results provide supply chain managers with
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more flexible and adaptable demand forecasting tools.

Most of these researches make predictions based on product time series data, supply chain
information data, deep learning algorithms, machine learning algorithms, etc., and gradually improve
the prediction accuracy. At the same time, they also carry out simple optimization of inventory costs,
but they still need to be explored in depth.

In terms of inventory cost, literature [26] verifies the price, weight and volume of good
inventory under hypothetical conditions, and finds that enterprises or warehouses with equal i
costs have no significant differences in inventory holding costs, while enterprises or warehouse
with multiple products have significant differences. This finding provides a basis for Mwentory
managers to adjust inventory management strategies and helps to optimize inventor; in S
In literature [27], immune genetic algorithm was used to calculate the time c@st of inwentory

tory control problem and
erified yet, it provides

The accurate prediction of supply chain demand plays a
control is the key for enterprises to maintain competitiveness
market competition. In the current research, machine learnin

ove profitability in the fierce
as achieved remarkable results in

control.
This paper applies machine learning algogi

ory management strategy. This paper believes

supply chain management and inventory cost

profitability. Therefore, this
potential of machine learnin

es that enterprises should actively explore and apply the
gy in supply chain demand forecasting and inventory cost

control, so as to impro ic m competitiveness and economic benefits.
3. Data sou d pre-processing
3.1. Data sgur ata‘set description

ata o food supply chain of G Company is selected as the basic experimental data of
der to have a comprehensive and in-depth understanding of the variable distribution
nd statistical rules of the selected data set, this paper carries out a detailed
alysis of the data set involved, and presents the statistical results clearly in the form of

ered the period from the 4th week to the 10th week of production activities of the enterprise, and
the data in this period of time could fully reflect the running state of the supply chain in a specific
production cycle. In terms of warehouse, there is a wide range of warehouse ids with replenishment
behavior, extending from 1123 to 23548, which shows the diversity and extensibility of warehouse
distribution in the supply chain.

Table 1. Statistical characterization of data sets
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Time/week Warehouse ID Distribution route ID Client ID Product ID Demand
Count 74357 74214 75642 74621 74218 74652
Mean 5.39 2539.21 2113.8 1824682.2 20764.69 7.67
Min 4 1123 1 58 55 0
Last quartile 5 1321 1139 339871.39 1238
Median 7 1628 1287 1206687 30984 4
Lower quartile 9 2033 2874 2387216 37
Max 10 23548 9964 11654873 49871 721
In terms of demand records, a total of 75,642 demand records were c e this” paper,
reflecting the demand of each node of the supply chain. Through calculdtion, average node
wholéSsupply chain

demand of the supply chain is 7.67, which reveals the average level
demand. Further analysis shows that the real demand of most sampleggis
that the supply chain demand is kept in a relatively stable range j
also some cases where the demand of sales nodes is abnormally
demand reaches 1721, suggesting that we need to pay speci
in supply chain management to ensure the smooth operation

car yards, customers and products
model, and accurately predict
variable that needs to be pre
In-depth analysis of the co

changes of the in

A
&

fluenci

d analyze the information of different channels,
eeks, form the corresponding demand prediction
demand in the future time. Node demand is the target

8, which indicates
owever, there are
which the maximum

etween other variables can help policy makers grasp the
and, so as to dig out the real demand fluctuation pattern.
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Table 2. Description of key fields

Name Description
Semana Weeks
Agencia_ID Warehouse ID
Canal_ID Purchase channel ID
Ruta_SAK Distribution route ID
Cliente_ID Client ID

NombreCliente

Producto_ID

NombreProducto
Venta_uni_hoy The n
Venta_hoy
Dev_uni_proxima The n returned next week

Dev_proxima eturn next week

Demanda_uni_equil Node demand

The correlation analysis of the data set can provide epth insight into the customer
characteristics and provide a strong basis for the atation ©f customer groups. By tailoring an
exclusive service to each specific customer groupfits needsSican be met more effectively. At the same
time, this analysis also helps to simulate the r 2 ronment and quickly catch and respond

competitiveness of the supply chaifi. ntly, in-depth analysis can also help enterprises to
explore potential profit grg points@and promote enterprises to achieve innovation or
transformation and upgrading. Therefare, this paper will carry out a detailed analysis of some of the
key influencing factors.

3.2. Warehouse Analysi

ion of the warehouse, we use agentcia_id (warehouse ID) as the keyword

e data in detail. Through this step, we can clearly calculate the order
d by each warehouse every week, including the number of orders, order types
tors. As can be seen from Figure 1, when the weekly sales volume reaches 100

pe
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Fig. 1. Distribution of warehouse dem

3.3. Weekly Analysis

The weekly distribution of product orders is shown in detail i
attribute of "Semana" (i.e. weekly). From the figure,

, the core of which is the key
rly see that the distribution of the
10. During this period, the total
number of weekly orders showed a relatively stable d the increase or decrease was not large
on the whole. This small increase or decrea : d by a variety of factors, such as market
i ons, etc., but generally speaking, the order
during this period of time, which provides a

Time/week

Fig. 2. Distribution of order weeks

3.4. Distribution route analysis

The dataset is grouped and summarized with the keyword "Ruta_SAK" (distribution routes), and it
can be seen from the raw data that some distribution routes do not exist, but their functions are
directly exercised by the sales warehouse. The number of orders processed per week for each
distribution route is calculated to obtain the distribution of the number of orders in the distribution
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channel, i.e. Figure 3. As can be seen from the figure, the weekly order processing capacity of the
distribution route in weeks 4-10 is mainly concentrated in the interval [0, 150]. As the number of
orders processed per week increases, the corresponding number of distribution routes gradually
decreases.

1000 |

800

600

400 4

Distribution route

200

T T T T
0 100 200 300 400

Order number

Fig. 3. Distribution of the distribution

3.5. Analysis of procurement channel

erial channel plays a crucial role in supply
ing material channel, we pay special
annel and the warehouse, and carry on

4. By observing the chart, it can be found that among all
ly one supply channel, which reflects the concentrated
e number of supply channels increases, the corresponding
ses, which indicates that there are relatively few warehouses
s finding is of great significance for optimizing supply chain
se operation efficiency and reducing risks, and reminds us that in
ut, it is necessary to allocate the relationship between warehouses and
nably to achieve more efficient and stable logistics operation.

warehouses, quite a few war
characteristics of supply cha
number of warehouses gradu
with multiple supply
management, improvin
the future sup
supply chan
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4. Construction of supply chain demand forev del based on ARMA
model
4.1. Forecasting Modeling

4.1.1. Time series modeling. Enterprise su

so it can be predicted and analyzed by usi anf'prediction method of time series model, so
as to enhance the accuracy of predictio e operation efficiency of enterprises.

In the field of time series analys , autoregressive moving average (ARMA) model
has become one of the mainstrea ods due to its high accuracy and wide applicability. By

integrating the mathematica
average (MA) models, this m
series. Compared with AR o

d characteristics of autoregressive (AR) and moving
pture both autocorrelation and random perturbation of time
1 alone, ARMA shows better adaptability in the parameter
analysis, more detailed decomposition effect can be obtained
ive part (AR) of the model is used to quantify the correlation

=0tV TV TtV )V, T 0, +00,,+0,0,, +~"+0qwz—q (1)

incgAR(p) and MA(q) models are simplified forms of ARMA (p, q) models in specific cases, ARMA
odgls have a wider applicability than AR(p) and MA(q) models, and can be used to predict
alyZe any smooth time series.

2”7  ARMA modeling and construction. The premise of ARMA model is that the time series should
be stationary time series, so the process of establishing the model should first detect the stationarity
of the time series. If the time series is non-stationary time series, it needs to conduct differential
stationarity for the non-stationary time series, and then identify the required time series model.
After recognition, the order of the selected time series model is determined, that is, the model
parameters of the model are determined, and then the model diagnosis is carried out on the built
model, and finally the time series prediction is carried out through the built model.
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1) Smoothness test. Statistical measure test This hypothesis test is a way to judge the smoothness of
time series more accurately than graph test. Among them, the unit root test is the most commonly
used method and is widely used in the smoothness test. The unit root test analyzes the position
relationship between the feature root and the unit circle by constructing the autoregressive feature
equation. If the eigenroots are located in the unit circle, the unit roots are considered to exist. If ther
is no unit root, then the sequence is smooth. ADF test is the most commonly used method in unit got
test. This paper uses this method to judge the smoothness of sequence.

If there is a unit root in the autoregression process, the relationship between the independen
variable and the dependent variable is unclear, and the value of the residual will not dec
the increase of the sample size, which means that the residual cannot be eliminated
and this kind of regression is called pseudo-regression. If there is a unit root, it indicates that
process is a random walk.

The three scenarios for the ADF unit root test are as follows:

Vi=NVia TV +"'+7pyt—p +o,

Vi=ay+ 1Y, 1Y, +ty,y, , + o (Contains int entrie @
YVi=aytat+ 7yt 0y, tety,y,
(Contains the intercept item and the time tre
Namely:
Ay, = @Y HIMAY gl AV, Rt @,
Ayt = ao + ¢yt—1 + 771 —1Ayt—p—1 + wt (3)
Ayt = ao + aOt + ¢yz p—lAyt—p—l + a)t
Where.§ =71 +7,+-7 157, =~V + 7
The original and alternate hypothesg§are:
9p=0
: 4)
H :¢<0

In the ADF test method, the null hypothesis (hypothesis) is set as the existence of the unit root.
H In this case, the ADEate s calculated. If the calculated statistic is less than the critical
values of the three confi evels of 10%, 5%, and 1% given in advance, then there is a 90%, 95%,
and 99% probabili
stable [30].
2) Model i

d order determination. Determine the model using the autocorrelation
d partial autocorrelation coefficient (PACF) as follows:

servations shows that the former q term falls outside the range, and the ACF of
of the observations falls within that range, and the ACF oscillates rapidly as it

e ACF and PACF of the observed value exceed the range by more than 5%, or the ACF and PACF
gradually decrease to 0 and show small amplitude oscillations in a smooth process, then the ACF and
PACF show a trailing feature, and the prediction model suitable for this time series is the ARMA
model. 2(1/ﬁ)

In this paper, the criterion function ranking method is used to select the order of the model. The
commonly used criterion functions in criterion function ranking method include AIC and BIC. When
using this method to set the order of the model, the characteristics of the order of the model are
usually first determined by sample autocorrelation and partial autocorrelation graphs, so as to select
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the parameters to be determined. If only one set of parameters is identified, no order setting is
required; If multiple parameter groups are identified, and each group of parameters satisfies the
basic conditions of the ARMA model, then the AIC or BIC value of each group of parameters is
calculated according to the criterion function, and the one with the smallest AIC or BIC value is

selected as the final order of the model. The specific expressions of AIC and BIC are as follows:
AIC (Minimum information criterion) function:
AIC =In &> +@

BIC (Bayesian Information Criterion) function: OV

(

BIC = In5* + LFDIWN) (6)
¢ N

method is used for
sum the difference
im e corresponding
ethods used to estimate
om variable not observed in

parameter estimation. The core idea of the least square method is to sqare
between the true value and the fitted value. When the sum reaches t
parameter is the estimated value of the model. LSE is one of the
the parameters of a time series model. It assumes that the value of a
the historical data is 0, and thus deduces, i.e.:y, =0,V <0

& 2@); l Ty, (7)
t @(B) o Lyt

3) Parameter estimation and model diagnosis. In this paper, the least sgfiare
u

Then the sum of squares of residuals at this ti

S(}/19""7p9 _Zﬂ-tyt—l)2 (8)
i=1
The ARMA model needs to be di osed
including the following points:
In, its minimum point can

S(yla---a}/paela"-aep) }/13---3}/‘0,
squares estimator are si

distribution, being an u estimator of the parameters, etc.
The ARMA mode

arded aspthe least squares estimate of ARMA (p, q) parameters.

en the sample size is large enough, the properties of the least

g average coefficient of the series. If the modulus of the root is greater than or
is, the test fails, and the difference is needed to make it smooth.

sidual sequence test: After modeling, the fitting effect of the model should be tested, which
' d by the randomness of the model prediction error sequence. If the model can extract

e random sequence; If it is not pure random, the model needs to be re-identified.
4.2. Analysis of prediction effect

4.2.1. Time series smoothness detection. The smoothness of time series means that the features of
each time point in the time series are evenly distributed, stable and unchanged, and do not change
significantly with time. In general, testing the smoothness of time series depends on the statistical
verification of the significance of data smoothness, and the unit root test is especially used. If the
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P-value obtained by the test is lower than 0.05, it means that the series has no unit root and meets
the criteria for smooth series. Conversely, if the P-value is higher than 0.05, the sequence is
considered non-stationary.

Table 3 details the results of the unit root test. Augmented Dickey-Fuller Test (ADF), , was used to
test the stationarity of the time series data, and obtained a P-value of 0.5345, which did not suppo
the original hypothesis, indicating that the smoothness of the data was not significant, and the te
series was non-stationarity. Therefore, differential processing should be taken as the first step
studying this kind of series. Further, if the p-value of the first difference sequence is less than 0.05;
the original assumption is wrong and it has smoothness. In addition, the results of white Hise test
also believe that the original hypothesis is wrong, and the conclusion that the ncefaft
first-order difference is not white noise is drawn .

Table 3. Unit root test

t-Stati Prob.*

Augmented Dickey-Fuller test statistic 0.5345
Test critical values: 1% level
5% level
10% level

Variable Coefficient Std. Error t-Statistic Prob.

X(-1) -0.056981 -0.395328 0.6982
D(X(-1)) -0.498217 -2.719628 0.0125
D(X(-2)) -0.595395 -2.663982 0.0131

4.2.2. Model identification and priori iPst step is to preprocess the time series data to
obtain a smooth sequence. Figure 5 ial"autocorrelation plot for this shipment A, and we
can see that both the autocorrelati nd the partial autocorrelation plot show a trailing feature,

so that the possible value ra
possible value range of the m

oefficient
‘Upper confidence interval
Lower confidence interval

0.0

-0.5+4

AT TT—T T T T T
1 2 3 4 5 6 7 8 9 1011 12 13 14 15 16

e

Lag number

Fig. 5. A material actual shipping partial self-correlation diagram

AIC criterion is based on the concept of entropy, which can weigh the complexity of the estimated
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model and the superiority of the data fitted by the model, aiming to select a model that can fit the
data well and has appropriate complexity, so as to avoid overfitting. We use AIC criterion to
determine the optimal values of p and g, and we find that AIC reaches the minimum when p=2 and
g=3. Based on this, we construct the ARIMA (2,1,3) model. In the preliminary modeling phase, we set
the initial value of the parameter p to be less than zero, and then reconstructed the model. Finall

the parameters of the resulting model are detailed in Table 4 (where 2 represents the autoregressive

order, 1 represents the difference order, and 3 represents the moving average order).

Table 4. Coefficient table

Variable Coefficient Std. Error t-Statistic
AR(1) -0.6923548 0.145391 -4.746648
AR(2) -0.893984 0.1484218 -6.003163
MA(3) -0.681321 0.216982 -3.14615
R-squared 0.465987 Mean dependent var
Adjusted R-squared 0.431346 S.D. dependent var 24739.33
S.E. of regression 18662.28 Akaike info crite 22.593921
Sum squared resid 1.09E+10 Schwarz criterio 22.72625
Log likelihood -381.0329 Hannan-Q 22.63726
Durbin-Watson stat 1.868398
Inverted AR Roots 0.36+0.871
Inverted MA Roots 0.89 0.43+0.751

4.2.3. Model fitting and validation. We co
model. White noise test is a statistical te
purely random, that is, whether the datai ave no predictable pattern or trend. The test
autocorrelation function (ACF) and partial
e residuals, we can find that the first-order

do not exceed their respective confidence interval

autocorrelation function (PACF)
correspondences are both v
boundaries. Therefore, we j
white noise sequence, that is,

23 {PACF |
214
19
17 4 174
15 15
> 134 13 4
<
)
Q114 11
9 9
74 74
54 5
34 34
14 1
T T T T
-0 -05 0.0 0.5 1.0-1.0  -05 0.0 0.5 1.0

Residual Residual
Fig. 6. Residual test

In the field of enterprise supply chain management, we understand the importance of accurately
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forecasting future demand. In order to more accurately reflect the actual performance of the
traditional supply chain in the production and forecasting process, we have studied and optimized
many times, and finally determined and applied the optimized ARIMA (2,1,3) model to forecast the
probability distribution of demand in the coming year. ARIMA (2,1,3) model, as a classic time series
analysis model, its parameter Settings have been carefully adjusted and verified by us to ensure th
the model can fully capture the time series characteristics in the data. Through this model, we dre
able to make a detailed forecast of the demand trend in the coming year, which provides powe
data support for enterprises' supply chain decisions.

value.“Bhis result not

terms of demand trend. It can not only provide powerful da
decision-making, but also help the raw material suppliers in
demand dynamics more accurately. Based on the forecast

to ensure timely supply when the
demand peak arrives, so as to avoid productio iption or delay caused by raw material
shortage. The ARIMA (2,1,3) model we u ) ed well in predicting future demand,
providing strong support for supply i ent and raw material procurement of
enterprises. We believe that in future el will continue to give play to its advantages
and contribute more to the sustain evelo of enterprises.

5. Multi-level inventor
demand forecast

t contrel optimization model based on supply chain

5.1. Multi-level invento pothesis

. The modeling assumptions of this paper are as follows:
ad time: it is assumed that the order lead time is constant and does not

venient to analyze the impact of inventory cost on supply chain performance.
lar demand distribution: Daily demand follows Poisson distribution, captures the
larity of demand, and reflects the volatility of market demand.

These assumptions not only conform to the characteristics of actual supply chain management, but
also simplify the complexity of the model, enabling us to focus on the study of key issues and
optimization strategies in the supply chain. Through these assumptions, we construct a supply chain
management model with theoretical value and practical significance.

The model adopts a multi-layer structure, in which arrows indicate the direction of the flow of
goods for supply, production, distribution and retail enterprises that are not on one level. Specifically,
in the supply chain multi-level inventory cost model we constructed, nodes at layer k are able to send
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goods to any node at layer k+1, but no logistics activity occurs if the two nodes are on the same level
or at different levels but far apart. We then view the manufacturing enterprise as a dividing line, with
the part above the dividing line being the network for supplying goods and the part below the
dividing line being the network for distributing goods. If layer k is a manufacturing enterprise, then
all nodes from layer 1 to K-1 form the network for supplying goods to the manufacturing enterpris
and nodes from layer k+1 to the end form the network for distributing goods to the manufactugi
enterprise. In the model construction and research of this paper, the problem we discuss is ho
determine the optimal logistics path, so that the total annual inventory cost of the system can b
minimized.

5.1.2. Parameter annotation of the model. The representation of supply chain multirlevel in y
cost model in this section is divided into inventory cost, time cost model representation and other
parameter model representation, as follows:

Pr, -- Product price,.w w=1,2,3,----- N4

Pr,_, -- the price of the goods. k—1/=1,2,3,----- k=1

Tk(g’h) -- The purchase period from the floor to the previous floor. /&

T}{(i’,j’w) -- Order the purchasing cycle from the previous layer to th yer.k+l 1] w

Am®" -- Purchase cost of ordering to a higher tier.k 4 &
Am"™ - The purchase cost of the tier to the order of the pre stierk h&w
l,ig’h) -- If, then the product purchased in a certai is rela

k &Do not make a purchase. " =0

A8 L 1f, layer before layer order, when chase. ¥ =1k+1ijw A%" =0
SIEM o e S F e khg
Ed*" -- The average number of er day for each layer vs. the previous layer. k 7 &

Lt,fi;',f’w) - The purchase leadfime ordered compared to the previous tier. k+/ i j w

Hm*" -- The cost of wareh@using each item prior to the floor.k / &

Hm"" -- Tier retain arehousing costs. k+1 1w

X" --Thea
(T + Lt

to ds purchased between tiers is less than expected by the next tier. k—/ &

e e L@ L) G v

out-of-stock penalty for each item on the next layer.k 7 &

-- Layer Indicates the transportation time of nodes in the next layer.k 4 &
t, -- Average time required for the Layer to store goods. k &

C,f - The cost of the layer to manufacture at each point in time. k /

c,f -- The cost of delayed manufacturing at each point in time of the layer. k /
th -- the number of goods manufactured per point in time}. k /

vy - Layer number The number of goods delayed in production at each point in time. k /
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L - Layer The cost of storing each item at each point in time. k A
(g.h)

Vi
TP Store the cost of each point in time for the next level. k 4 &

- Layer each point in time delay shipping cost The next level of each commodity futures.k 7 &

5.2. Supply chain multi-level inventory model construction

In order to carry out in-depth internal analysis and derivation of inventory cost, this paper divi
inventory cost into three components, namely procurement cost, inventory holding cost,and tim

cost, and adopts centralized inventory control strategy and cyclic test inventory strategy (t, ), and
finally uses mathematical expectation method to find the total inventory cost.
the

5.2.1. Procurement cost. The one-year procurement cost of each level is asdollows: Spe

procurement cost of the core manufacturer:
myy my Am(g,h)
— k (g.h)
Om _zz (g.h) ﬂk 9)
T,
g=1 h=1 1y

Procurement cost of designated supply network:

(10)

(11)

(12)

5.2.2. Inventory carrying cgst. If the level"of inventory at the time a Tier 1 business receives an
order from a Tier 1 business 18 equal t@ the level of inventory before the order is received in the next
ordering cycle, the average lev i tory is as follows: 4 k & k—1

0.5 dEPLIED 1 SIED - EgED L0 — EEPTE
SERE — Ed#" Liy*" —0.5x Ed{*"T,*" (13)
p .
The 1-y y carrying cost at each level is as follows:
The of carfyiing inventory for core producers is as follows:
H, =3 S[SI - EdEP L -
=1 A=l (14)
0.5x Ed ST (HmE " +Pre ) A"
ventory carrying costs for the designated supply network:
k=2 my_y my_y My
H, - [SI - B L -
1=l f=1 g=1 h=l (15)

(f.&)p(f.g) (f.8) f (f.g) 9(g.h)
0.5x Ed, ;S TS J(Hm " + Pr, VAL S S

The inventory carrying cost for the distribution network is:
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N—k Myryy My Mgy W o) o) 7 o)
_ Jw VALY AT
Hd - z z Z[Slk+1 _Edk+l Ltk+l -
=1 =1 =l b=l owel (16)
(jw)rp(i.j.w) (i,w) @i,j,w) 9 (h.j)
0.5x Ed T, J(Hn,” + Pr )AL AL

Then specify the inventory carrying cost for the entire system:

H=H +H +H, )

5.2.3. Time cost. The time cost that needs to be consumed in the product preparation ti
the labor cost of workers, preparation cost, equipment cost, etc. If the delivery i

delivery is delayed, the transportation process from the manufacturing business to
business will also be penalized. The cost of temporary storage of goods by ‘the
business. The cost of time is made up of the components mentioned abovgiand thegpall need to be
converted into costs.

The costs involved in stocking up are as follows:

R0 gt e A
— 8> &>
T, _Z;Tf; B o (18)
periye

The total time cost of each layer for 1 year is as follows:
The cost of manufacturing enterprises is as follows:

(19)
(&)
]
D
These include:
(@) _ O s hion) 5 (hiow)
. :zzEdk+,1, Ay (20)

i=l w=l

The cost of the orKis specific as:

ly

T
)
3
T

1 Mg My 41

- (015 B xefe

S
=
(f.8) o (gh) o 4h Goorr o ALOAED (21)
4 g, r.g f.a . &
+Ed ' x y " xt! + KEd! P LI/, )W]
k-l

costef the distribution network is specific to:

N =k My My M1 W )
2352 30 YR TEA

=1 =l j=1 h=1 w=l 22)
FEQU s p &0 s g 4 KU L T AT A0

ksl XV k o LEST™)

(i,j,w)
Tk+l

N
N
~
I
n
[
Ii
n
=

The cost of the entire system is specific as:

r=T7,+T,+T +1T, (23)
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To sum up, the total inventory cost of the system is as follows:
TC=a(0O+H+Q)+ ST (24)
The minimum inventory cost is specified as:
min7C =a(0O+ H + Q)+ ST (2

The constraints in the model are specified as follows:

My

a+B=1Y AP =1
g=1

3 A =1,g =12, m 3l =12, k=2 ‘ \/ ’6)
/=1 \

Z /I(i,j) :laj:1’2,---’mk+l;l:1’2""N_k

k+1
i=1

5.3. Solving steps of immune genetic algorithm

The basic steps of immune genetic algorithm solution are as follow
1) Identify the antigen. Antigens for immune genetic algo
various constraints in the model.

de objective functions and

population is randomly generated one by one, a
they meet the requirements, if one antibody d

objective function, when the proble
value of the objective function,
function is converted to the
optimal individual.

4) Update the memory unit.
cells, because the population
memory cells with anti
5) Genetic mani tio

roblem is minimized, the value of the objective
so as to ensure the maximum adaptive value of the

ies from the original high-affinity population to the memory
emory cells is limited, replace the antibodies in the original

ew antibodies are produced to the next generation through selection,
rations in gene manipulation. After the two antibodies are selected and
on operation is performed according to the predetermined mutation
sover operation is performed.

munization is mainly the suppression of the same or similar number of
uced by genetic manipulation using concentration control method. In the

tput results. From the last generation of antibodies in the population, select the antibody with
the highest ability to bind to the antigen as the optimal solution to the optimization problem.

6. Case application analysis

In the context of increasingly fierce market competition, the importance of enterprise supply chain
management has become increasingly prominent. Through a detailed analysis of an actual case of an
auto parts manufacturing company, this section focuses on relevant optimization strategies based on
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machine learning models, shows how to use machine learning models to optimize supply chain
demand forecasting and inventory cost control, and deeply analyzes the application effect and value
of this model method to improve the overall operational efficiency of enterprises. This case not only
demonstrates the potential of data-driven forecasting methods in improving supply chain efficiency,
but also further validates the application value of multi-level inventory cost model in practic
operations.

6.1. Data processing and experimental setup

parts as the research object. In order to construct an accurate prediction model,
product sales data of two major customers of the enterprise for 6 consecutive mo
divided them into training sets and test sets according to the ratio of 8:2 to ens

predicted.

When solving the multi-level inventory model, we use genetic 3
parameters carefully, which can balance the search efficiency and of the algorithm,
and ensure that the inventory strategy obtained can meet the of service level and
realize cost optimization. The population size is set to 50, t of iterations is 500, and the
crossover probability and mutation probability are adjusted t 9, respectively, to ensure the
effective convergence of the algorithm. In addition, we set the um number of order batches for
manufacturers to order raw materials and customer: order fimished products at 4,000, as well as
the minimum service level for manufacturers ers at 95 percent to meet the actual
operational needs of enterprises.

6.2. Solve the model and perform the analy.

MATLAB software was used to reali i solving process, and the solution results as
shown in Table 5 were obtaine solving process is realized by using MATLAB
software. The results show th umber of the company's raw material supplier is 2598,

The order batches of customers to the company were 3973 and 3995 pieces, and the safety
coefficients of custom 2.63 and 2.75, respectively. At this time, the optimal solution

of the objective functio is, the total inventory cost per day) was 3891.3 yuan/day. This result
shows that under ent parameter setting, the inventory strategy obtained by machine
learning modg { ic algorithm can achieve relatively low inventory cost on the basis of

meeting the,se

Table 5. The result of the solution

Enterprise Order batch/piece Safety coefficient

urer's raw materials 1 2835 2.45

anufacturer's raw materials 2 2598 2.82

Manufacturer's raw materials 3 3313 2.09
Client 1 3995 2.75
Client 2 3973 2.63

[t is worth noting that in actual operation, the delivery time is often affected by a variety of factors
and presents uncertainty. In order to be closer to the realistic situation, we further consider the
impact of the uncertainty of shipping time and the difference in order processing time of the parent
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company on the delivery time. Among them, the transportation time from supplier to manufacturer
and from manufacturer to customer follows the gamma distribution with parameters, and the order
processing time is only related to the order batch size. («,f)Based on this, the formula for
calculating the average order delivery time of the manufacturer and the customer is derived:

a *
UL zz‘i‘EQ

The formula represents the order processing time parameter, which is related to the order batch o
the next node of the enterprise. When the order batch is fixed, the order processing time

value. € The variance of the order lead time of the manufacturer and the custom s o
When the delivery time and demand are not fixed, the order point of the manufactur€r and t

point of the customer are calculated:

Rmi = d_milLlL + Zmi\/ILlLo-mi2 + (d_mio-L )2 \ (28)
R, =d p, +z,\ 1,0, +(d,0,) (29)

Set the time parameter for order processing to £=2.0x10-4, a ing time follows the
gamma distribution of parameters a=0.25 and (3=0.75. Ggnetic algerithm is used to solve the
problem, and the optimal inventory cost is 4121.3 yu gamma-ray distribution
parameters satisfied by the transportation time are sho above. The transportation time
parameters are calculated, and the total inventemys, cost the order point between the
manufacturer and the customer are solved accorgd e calculation results. The solution results
of the inventory model under different parameter in Table 6.

A
&
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Table 6. The solution of the inventory model under different parameters

No. R | /item R, /item R, /item R, /item R, /item TC yuan/day
1 1822 1975 1919 692 1308 4063.8
2 2971 2140 2315 863 1612 4124.6
3 3070 3090 3103 1441 2814 4225.4
4 5781 5384 6044 1988 3788 4524.5
5 10278 11155 10473 4892 6843
6 1694 1452 1558 653 1238
7 2086 1707 1967 815 1650
8 3406 2411 2561 989 1647
9 3166 3424 3272 1446 2
10 4586 4343 4453 1511 10 4343.4
11 8069 9125 7815 2742 4 4765.1

When the fixed delivery time is 2 days, the optimization result € inventory cost per unit

ation strategy based on the
pply chain by 17.35% and 13.69%
inimum service level. From the

d’customers need to increase the order point.
o set up a larger safety inventory to deal with

der points for manufacturers and customers. This fully
reflects the significant advantages of@he multilevel inventory cost model built based on machine
learning model in practical a , with high practical significance and application value, for

enterprises to effecti uc sts and improve the efficiency of supply chain management
provides a strong theor support and practical guidance.
7. Conclu

mainlyarealizes the demand prediction of enterprise supply chain through machine
ithm, constructs the inventory cost control optimization model based on supply chain
ves the inventory cost control model through genetic algorithm, so as to realize the
allocation of supply chain inventory. White noise test is carried out on the residual error

ated. At the same time, the trend predicted by the model is closer to the real value, indicating
that the predictive modeling is more effective. The simulation experiment of case application is
carried out with MATLAB. In the case of fixed delivery time of 2 days, the total inventory cost of
supply chain is reduced by 17.35% and 13.69% respectively after adopting the method in this paper,
which reflects the optimization effect of the new method on inventory cost control. In other words,
when the probability of an emergency is constant, the prediction results obtained by the model are
not accurate enough. Therefore, it is necessary to continue to optimize the model in the follow-up
research.
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Based on the above research, this paper successfully constructs an optimization framework for
enterprise supply chain demand forecasting and inventory cost control based on machine learning
model, and verifies its effectiveness and feasibility through empirical analysis. This framework not
only improves the accuracy of supply chain demand forecasting, but also optimizes inventory cost
effectively, providing a new idea and method for enterprise supply chain management.

From the point of view of enterprise management, the importance of machine learning techno
in supply chain management is emphasized. In the era of big data, enterprises are faced with mas
data and 1nformat10n how to effectively use these data to 1mprove the management efflclency 0

for the supply chain demand forecast and inventory control of enterprises. In ad
provides specific implementation paths and methods for enterprises. By buildin

ntory cost of
in, and enhance the
rprise operating
proving enterprise

realizes the effective reduction of inventory cost, and pro idea and method for the
enterprise's cost management.
The research of this paper not only provides a new_theory alid method for supply chain demand

use of these advanced technologies to im effiétency of supply chain management and
optimize inventory costs, thus enhancing ipetitiveness and profitability of enterprises.
We believe that with the continuous p logy and the deepening of application, supply

will play a more important role in enterpfise management.
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