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The rapid development of emerging technologies such as machine learning and data mining promotes a lot of smart applications,
e.g., Internet of things (IoT). The supply chain management and communication are a key research direction in the IoT
environment, while the inventory management (IM) has increasingly become a core part of the whole life cycle
management process of the supply chain. However, the current situations of a long supply chain life cycle, complex supply
chain management, and frequently changing user demands all lead to a sharp rise in logistics and communication cost.
Hence, as the core part of the supply chain, effective and predictable IM becomes particularly important. In this way, this
work intends to reduce the cost during the life cycle of the supply chain by optimizing the IM process. Specifically, the
IM process is firstly formulated as a mathematical model, in which the objective is to jointly minimize the logistic cost
and maximize the profit. On this basis, a deep inventory management (DIM) method is proposed to address this model
by using the long short-term memory (LSTM) theory of deep learning (DL). In particular, DIM transforms the time series
problem into a supervised learning one and it is trained using the back propagation pattern, such that the training process
can be finished efficiently. The experimental results show that the average inventory demand prediction accuracy of DIM
exceeds about 80%, which can reduce the inventory cost by about 25% compared with the other state-of-the-art methods
and detect the anomaly inventory actions quickly.

1. Introduction

The emergence of artificial intelligence, big data, data min-
ing, and other technologies, as well as the rapid development
of computer hardware performance, has exerted a profound
influence on the performance of the supply chain technology
[1]. For example, the efficiency of the whole supply chain life
cycle (e.g., technical support and product delivery) can be
optimized based on big data analysis technology [2], while
potential customers of products can be dug out to improve
profits based on data mining technology [3]. The traditional
supply chain process usually only involves procurement,
inventory, production, and distribution. Nowadays, with
the rapid development of the information technology, the
customers who were originally excluded from the supply
chain management process have now become particularly
important. In this way, the whole life cycle management

process of the supply chain becomes longer and longer,
which involves the procedures of manufacturing, supply,
storage, transportation, distribution, and retail [4]. During
each procedure, the activities of operation, control, and opti-
mization are all required. Besides, the collaboration among
these procedures is also required. More importantly, since
the customers are included in the supply chain management
process, their frequently changing demands would increase
the uncertainty of key product provision in supply chain
management [5], which not only aggravate the complexity
of supply chain management but also greatly increase the
overall cost.

Inventory management (IM) [6], as the key part of sup-
ply chain management, plays a very important role in reduc-
ing the overall cost of supply chain management. Generally,
too much or too little inventory can have a bad result. For
example, excessive inventory can result in the oversupply
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situation, since the amount of stored products has exceeded
the market demands greatly. In this case, the corresponding
inventory cost would also be high, because most products
will have to be stored for a long time, which will then lead
to the situations of slow or insufficient resource turnover
of enterprises [7]. In addition, too little inventory may cause
the insufficient coverage situation of customer demands,
which will then gradually lead to the shortage of products
and the reduction of customer trust and even the profit
[8]. Therefore, the inventory management is becoming more
and more important for supply chain management, since
effective IM will both reduce the cost and increase the profit.
Based on this consideration, more and more attention is
paid to the research area of inventory management and
optimization.

Generally, the performance and function of IM are
largely affected by the prediction accuracy of the future cus-
tomer demands [9], since most of the IM decisions are made
according to the predicted results. The bad prediction results
can reduce the sales volume of products, while the good pre-
diction results can naturally improve the number of prod-
ucts sold. In this way, most researches would like to
improve the customer demand prediction accuracy to
achieve a better performance of IM. In fact, the customer
demand prediction accuracy can be improved by deeply ana-
lyzing the customers’ demand for products. However, how
to accurately obtain the customers’ demand for product
becomes a hot topic in the supply chain and inventory man-
agement fields.

Most traditional enterprises analyze the potential
demand of customers by studying their historical order data
on the basis of some traditional statistical analysis and data
mining technologies; for example, reference [10] adopted
the data mining technology to discover the relationship
between customer needs and the market trends. This can
indeed obtain some efficient information, but it is also and
usually unable to adapt to the rapidly changing customer
demands, thus leading to a low demand prediction accuracy
[11]. To solve this awkward situation, some other related
studies tried to adapt to the actual supply and demand ratio
by using the strategy of single-point inventory and bulk
order. For instance, the single-point inventory and bulk
order strategy was used by the reference [12] to achieve a
reliable inventory management. Despite this, this single-
point inventory means a centralized processing method,
which always suffers from the performance bottleneck.
Hence, some researchers also begin to study the distributed
and dynamic scheduling strategy to optimize the inventory
management process which includes the inventory replen-
ishment and distribution [13]. Nevertheless, the diversity
of products and the dynamic nature of customer require-
ments both increase the uncertainty of inventory manage-
ment and provision, making the existing methods no
longer applicable.

The rapid development of artificial intelligence (AI)
technology and the computer hardware capabilities allows
us to make many decision-making parts of the supply chain
management process intelligent, which includes the inven-
tory management. Intelligent inventory decision-making

can adapt to the changes of environment and customer
demands, so as to cope with the continuous and long-
lasting customer demands [14]. Based on this consideration,
this paper proposes a deep inventory management (DIM)
method using the long short-term memory (LSTM) theory
of deep learning (DL) [15]. DIM intends to predict cus-
tomers’ demands, according to which the intelligent deci-
sions for inventory management can be made. Usually, the
key to the application of LSTM lies in the comprehensibility
of the learning model and the accuracy of the prediction.
Although most research show that the LSTM-based neural
network can offer a high prediction accuracy, the incompre-
hensibility of its prediction behavior hinders its application
in solving the inventory management problem efficiently
[16]. In this regard, the proposed DIM method firstly intro-
duces the state unit before the hidden layer, thus to save
more long-term information and gradient information, so
as to alleviate the problem of gradient disappearance to some
extent. After that, DIM converts the prediction results from
the LSTM training model to a corresponding product popu-
larity rating indicator, which will then be used to guide and
optimize the inventory management.

The main contributions of this paper are summarized as
follows:

(i) This work formulates the supply chain and inven-
tory management problem into a novel multiobjec-
tive optimization model which comprehensively
considers multiple factors of inventory manage-
ment. In particular, the objective mainly includes
cost minimization and profit maximization

(ii) Based on the formulated model, this work proposes
the deep inventory management method DIM to
address the challenges faced by inventory manage-
ment. Particularly, by using the LSTM theory,
DIM offers intelligent decision-making ability for
the inventory management

(iii) The experimental results indicate that the proposed
DIM method can effectively predict the customer
demand trends with the prediction accuracy exceed-
ing about 80% and reduce the overall cost by about
25%

The rest of this work is organized as follows: Section 2
mainly discusses the relevant research work in recent years
to show the main stream of the research direction of IM.
Section 3 presents the constructed mathematical model of
inventory management in this work. Section 4 explains the
corresponding inventory management and optimization
algorithm proposed in this work. Section 5 discusses the
experimental results with deep and detailed analysis given.
Section 6 makes a summary.

2. Related Work

The related work of supply chain and inventory manage-
ment is separated into two categories which are the
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traditional inventory management methods and the intelli-
gent inventory management methods, as follows.

2.1. Traditional Inventory Management. The main purpose
of inventory management is to store a certain amount of
physical resources for a company or enterprise, which can
then be transformed into profits via effective product sale
or other operations [17]. As explained, the inventory man-
agement is a core part of the supply chain management pro-
cess, which is now becoming a vital focus of many
enterprises and companies.

Generally, the performance of the inventory manage-
ment can be affected by a lot of factors. Since it is one key
part of the supply chain management, a great deal of
researches have been proposed to optimize the efficiency of
the inventory management process to finally promote the
performance of the supply chain. For example, reference
[18] would like to optimize the process of inventory man-
agement by using the performance management technology
to promote the activities of the whole supply chain manage-
ment. Specifically, this work classified irregular demands
into three kinds which are erratic, slow moving, and lumpy
ones. Then, three corresponding periodic review policies
were proposed to maintain the lowest holding inventory.
The results indicated that this work was very effective espe-
cially for dealing with the erratic inventory demands.
Despite this, this work did not take the dynamic changing
environment into consideration, which may not be
applicable.

In order to show a clear direction of the inventory man-
agement, reference [19] discussed the challenges of IM by
dividing the corresponding challenges into five categories,
that is, the technology, the organization, the finance, the
management, and the information involved in the process
of inventory management. In particular, such classification
was made based on the decision variable, the demand type,
the quality deterioration function, and the method of settle-
ment used, such that the classification could not only pro-
vide the detailed description about IM but also show a gap
to be developed. Similarly, reference [20] also explored the
potential challenges of IM by dividing the whole process into
multiple different aspects which included the safety inven-
tory, the procurement efficiency, the demand prediction,
and the training and interaction. Such two kinds of classifi-
cation both promote the development of inventory manage-
ment, but the difference is that [20] studied each aspect
deeply and provided optimization directions for each of
them.

Compared with the above research work that intended to
review inventory management, many other work were more
inclined to study the technical aspects of inventory manage-
ment. For example, reference [12] focused more on address-
ing the unnecessary out-of-stock and the oversupply issues
that happened during the process of inventory management.
In order to address these issues, this work proposed to opti-
mize both the transport and inventory, such that the strate-
gies of the single inventory and bulk order were jointly taken
into consideration. In this way, the market supply-demand
ratio could be dynamically adapted. But the drawback still

existed, that is, it would take a long time distributing the
products from the warehouse to the retailer, when there
was a shortage of products at the retail level. As for reference
[13], it tried to optimize the entire inventory management
process via introducing a novel inventory replenishment
and distribution model. Specifically, this work first analyzed
the characteristics of the existing distributed inventory
model, and then, it combined the advantages of cloud com-
puting and the distributed inventory model to finally build
the hierarchy-control distributed inventory model. By simu-
lation and calculation, the results indicated that the pro-
posed distributed inventory model was correct and
effective. However, it should be noted that both references
[12, 13] did not consider the uncertainty of the market,
which may cause great loss especially when the oversupply
situations happen.

In order to prevent such incidents from happening, ref-
erences [21, 22] tried to build a safety inventory and start
the research from the perspective of reducing the loss caused
by the uncertainty of customer demands. For [21], it focused
on optimizing the deficiency of traditional inventory man-
agement methods and forecasting the demands for all kinds
of emergency supplies using the Euclidean algorithm. For
[22], it developed an automated inventory system based on
the passive radio frequency ID. Compared with the manual
system, the product delivery time was reduced from 15.45
minutes to 2.92 minutes on average. However, the two refer-
ences were different, which was mainly reflected by the fact
that the safety inventory in [21] mainly considered the num-
ber of customers, customer satisfaction, delivery reliability,
and supply reliability, while the safety inventory in [22]
mainly considered the product usage frequency, service
quality level, and sales situation. Therefore, the former real-
ized a safety inventory from the view of customers, while the
latter realized a safety inventory from the perspective of
products. Nevertheless, none of them are totally intelligent,
which means that the human intervention will be required
more or less, and then, the inventory error would occur with
a high probability when the amount of product becomes
extremely large.

2.2. Intelligent Inventory Management. The turning point of
the development from traditional inventory to intelligent
inventory is about the prediction technology of customer
demands. Generally speaking, there are many prediction
methods and they can be divided into two categories. The
first one mainly relies on static mathematical statistical anal-
ysis methods, while the second one mainly relies on the
machine learning methods [23].

The traditional static mathematical analysis-based
methods (e.g., statistics and data mining) rely heavily on
the quality of history data (e.g., product order). Hence,
high-quality data would lead to a more accurate prediction
accuracy than low-quality data. Usually, the mathematical
analysis is executed and applied on these history data for
the purpose of digging out the potential pattern and trends
about the market needs. Such needs are actually propor-
tional to the customer demands, based on which we can
optimize the inventory management process. For example,
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reference [10] tried to predict the customer demands mainly
by studying their historical order data. Specifically, this work
first searched the corresponding product order information
on the web. Then, the data mining technology was applied
to dig the potential customer demands in the future and
finally to establish one simple but concise inventory policy.
The results indicated that by using the history sales data, this
work could reduce the total cost of inventory more effi-
ciently. As explained, the quality of the data is of vital impor-
tance. However, the collected data from the web usually has
very low quality and needs a lot of extra procedures before
putting them into use.

Similarly, another work, that is, reference [24], also used
the data mining technology to address the inventory man-
agement problem. In particular, this work focused more on
studying the correlation among the historical data. Based
on the intercorrelation discovered, a more complete analysis
was carried out to improve the prediction accuracy and this
work claimed to reduce both the cost and energy consump-
tion for enterprises. Despite this, mainly relying on static
mathematical statistics leads to an awkward situation that
the prediction accuracy achieved by these methods is not
very high. Another factor greatly influencing the achieved
prediction accuracy is the data quality. However, it is gener-
ally known that the open-source data quality cannot be
guaranteed and their format may not satisfy the correspond-
ing requirements, such that the robustness and scalability of
inventory management cannot be guaranteed neither.

Compared to the above work using the statistical
methods, the second kind of research work on intelligent
inventory has higher intelligence, since they mainly rely on
the well-known machine learning models and methods
(e.g., deep learning and reinforcement learning methods).
The general workflow for most work using the machine
learning method is that they first establish and train a learn-
ing model. It is noted that the learning model should be
trained by a large number of historical dataset to generate
a common knowledge system. After that, the customer
demand prediction can be carried out based on this trained
model. The more mature this model is, the higher the accu-
racy of the prediction results is.

For instance, reference [25] adopted the artificial neural
network (ANN) to deal with the process of inventory man-
agement. The intermediate process of inventory was mod-
eled as the ANN’s hidden layer. After that, the learning
model was continuously trained to approximate a solution
with the optimal prediction accuracy. Despite the case that
this work claimed to have achieve better results, there are
also some limitations for this work, for example, it assumed
that the demand changes regularly, while such changes were
uncertain in the real world. Another limitation was that this
work did not take enough consideration on the impact fac-
tors of the safety stock, which resulted in the situation that
the actual safety stock was inadequate.

Reference [26] also adopted ANN as the technology to
establish a learning model for inventory management. The
difference between [25, 26] was that the latter constructed
an additional set of knowledge discovery system to convert
the results obtained from the learning model into more

accurate knowledge, so as to guide the process of inventory
management. Specifically, we can discover that the inventory
management of [26] was actually handled by a cloud-based
customer relationship management framework. This work
claimed that the proposed framework could help the enter-
prises about future plans of their inventory based on the past
history of paid invoice data. Meanwhile, the JSON script lan-
guage was used to conduct the experiments, which indirectly
increased the burden, since it needed to be parsed before
putting into use

In addition, reference [27] relied on using the back prop-
agation neural network (BPNN) technology to construct an
inventory management and learning model. Then, a simple
and practical inventory strategy was calculated based on
the training model. Different from the above linear predic-
tion, this work presented the nonlinear prediction due to
the uncertainty and diversity of the market needs. To fulfill
such objective, the step size of BPNN was set to be variable,
based on which the prediction accuracy would be more pre-
cise and the investment risk would be reduced. The draw-
back of back propagation is also very obvious, that is, it
cannot evolve automatically. In this regard, reference [28]
adopted the technology of reinforcement learning together
with a heuristic strategy to finally address the multilayer
inventory management and optimization problem. On one
hand, the reinforcement learning was used to build the
inventory management model under a global view. On the
other hand, under the guidance of the RL model, the efficient
and rapid inventory decision process could be realized via
using a local heuristic strategy. The experimental results
indicated that this work could improve the performance of
profitability, adaptability, and solution time.

2.3. Discuss. The rapid development of information technol-
ogy, the dynamic nature of customer demand, and the com-
plexity of business have now far exceeded the application
scope of traditional inventory management methods. There-
fore, the demand prediction-driven methods are born, which
mainly depend on the mathematical statistics and machine
learning technologies. However, the mathematical statistics
relies heavily on the quantity and quality of historical data,
which leads to the situation that they often fail to keep pace
with the rapid change of today’s customer demands. In this
way, the prediction accuracy is reduced. On the other hand,
the machine learning-based methods can improve the predic-
tion accuracy for inventory management greatly based on con-
tinuous learning. However, the corresponding research is still in
the early stage and there is still much room to improve the accu-
racy of demand prediction for inventory management. Under
these conditions, the inventory management method DIM is
proposed in this work to adapt the changes of the environment
and customer demands by dynamically adjusting the prediction
scope and accuracy, so as to reduce the overall inventory man-
agement cost and increasing the profit.

3. Problem Model and Objective

This section mainly focuses on building the inventory man-
agement and optimization model, which includes the
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inventory management problem, the objective, and the
constraints.

3.1. Supply Chain Inventory Model. Firstly, this work
assumes that the whole supply chain logistics and warehous-
ing system is composed of n inventory nodes and m external
supplier nodes. Then, given any warehousing node p ∈ ½1, n�
(p is an integer discrete variable), the inventory amount of
this node at time t is denoted by IpðtÞ, while the market
demanding amount is denoted by dpðtÞ. Apparently, when
the demanding amount exceeds the inventory amount,
product supplement will be required. Now, using upðtÞ to
indicate the supplement amount of products at time t for
the warehousing node p, then, upðtÞ may be supplied by

multiple provision nodes at different times (e.g., t ′). Hence,
it is expanded as follows:

up tð Þ = 〠
m+n

q=1,q≠p
λqpup t ′

� �
Xq
p, ∀t ′ < t, ð1Þ

where Xq
p ∈ f0, 1gmeans whether node p demands the prod-

uct from node q (q ∈ ½1,m + n� and ≠ p) and λqp means the
ratio between the amount of products demanded by p and
the overall requirement of node p.

Based on the above definitions, we can build the rela-
tionship among the three notations (i.e., IpðtÞ, dpðtÞ, and
upðtÞ), as follows:

Ip t + 1ð Þ = Ip tð Þ − dp tð Þ + up tð Þ = Ip tð Þ − dp tð Þ + 〠
m+n

q=1,q≠p
λqpup t ′

� �
Xq
p:

ð2Þ

According to the calculation of equation (2), it is easy to
observe that the values of dpðtÞ and upðtÞ have a great impact
on the amount of current inventory. Since dpðtÞ indicates the
market demanding amount of products and upðtÞ indicates
the supplement amount of products for warehouse node p,
we can now abstract them as the input and output the node
p, respectively. Specifically, upðtÞ is the input of p and dpðtÞ
is the output of p. Since the input is already formulated in
equation (1), we now formulate the output price for node
p. Assuming that the output price is denoted by priceðdpðtÞ
Þ, then, we have

price dp tð Þ� �
=〠

i

wixi, ∀i > 0, ð3Þ

where imeans the category of output products, wi means the
value of product i, and xi means the number of product i.

3.2. Objective and Constraints. For the inventory manage-
ment, the more products we sell (i.e., dpðtÞ), the more profits
we gain (i.e., priceðdpðtÞÞ). However, we should also guaran-
tee the product update speed in the warehouse node, since
the faster we update, the lower the inventory cost per unit
of products. Jointly taking the two factors into consideration,

we establish the following two-objective optimization model
on the basis of equations (1)–(3):

Maximize : f1 tð Þ, f2 tð Þf g
s:t: f1 tð Þ = up tð Þ

f2 tð Þ = price dp tð Þ� �
,

ð4Þ

where f1ðtÞ indicates the input condition of warehousing
node p. The more products imported per time unit, the fas-
ter the updating speed of warehousing node p. f2ðtÞ indicates
the price condition of exported products. The higher the
price, the higher the profit.

In particular, as explained, upðtÞ is the input and dpðtÞ is
the output amount of products of warehouse node p. Appar-
ently, the larger value of dpðtÞ, the higher the prices, that is,

f1 tð Þ∝ dp tð Þ: ð5Þ

On the other hand, the higher value of dpðtÞ also means
that more products are sold out, such that more products
should be supplemented as well, which is equivalent to the
value of upðtÞ. From such deduction, we also have

f2 tð Þ∝ dp tð Þ: ð6Þ

Combining equations (5) and (6), we can conclude that
the two objective functions f1ðtÞ and f2ðtÞ are not on the
opposite, such that we do not need to make a tradeoff
between them. In addition, the implementation of equation
(4) must also satisfy the following constraints:

〠
q

λqp = 1, ∀1 ≠ p,

λqp ≢ λpq,

〠
q

Xq
p <m + n, ∀q ≠ p,

dp tð Þ ≤ Ip tð Þ + up tð Þ, ∀t > 0,
Ip tð Þ ≥ 0, ∀t > 0,

ð7Þ

where the first constraint means that the overall amount of
products demanded by node p from all the other nodes can-
not exceed the original requirement of p; the second con-
straint means that the supply and demand ratio between
any two nodes may not be constant; the third constraint
means that the product supply nodes are within the range
of the already known m product providers and the other n
-1 warehousing nodes; the fourth constraint means that the
output amount of products on node p cannot exceed the
sum amount of input and current inventory; the last con-
straint means that the inventory amount of products on
node p at time t cannot be negative at any time.
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4. Deep Inventory Management
Algorithm Design

As known, the LSTM is a kind of the deep learning technol-
ogy, which makes predictions toward different metrics
according to the time series data. Nowadays, the customer
demands usually change greatly at different stages of time
with a high frequency, which leads to the situation that the
product inventory should be managed accordingly to satisfy
such changes. Based on this kind of characteristic, we can
regard the corresponding generated data as some kind of
time series data. Hence, in this work, we propose the deep
learning-based inventory management method DIM which
greatly leverages the characteristics of LSTM (i.e., time series
and back propagation-based prediction) to optimize the
inventory management process. The system framework of
DIM is shown in Figure 1, which consists of several modules
including the data collection module, the data preprocessing
module, the training module, and the prediction module.
The main functions of these modules are explained as
follows:

(i) Data collection module: it is used to collect the his-
torical order data which are raw, disordered, and
massive. Despite this, this module is the foundation
of the other modules

(ii) Data preprocessing module: it is used to handle the
raw and disordered data, for example, cleaning the
useless data and extracting the effective data features
for the following training

(iii) LSTM module: it is used to create a learning model
based on the input data and to finally output a value
for future demand prediction

(iv) Prediction module: it is used to calculate the
demanding level of any product in the market based
on both the learning model and the product
popularity

In this work, the prediction accuracy of DIM is mainly
evaluated by the popularity of products, which is first
defined as follows:

Definition 1. Product popularity means the popular trend
and importance of the product in the current market. In this
work, it is calculated based on the product demand fre-
quency and value per time unit. Given the type of product
and denoting it by i, then, the corresponding product popu-
larity can be calculated as follows:

Popi = f i ×
wi −wi,min
wi,max −wi

, ð8Þ

where wi,min and wi,max indicate the lower and upper value
bounds of the ith type of products, respectively; ðwi −
wi,minÞ/ðwi,max −wiÞ is used as the standard operation to
reduce the influence on product popularity calculation,
which is caused by the price gap between different products.

Generally, the higher the value of Popi, the more popular
the ith kind of product, which means that this product is fre-
quently demanded by customers, such that more customers
may demand such kind of product in the future. Based on
Definition 1, we next elaborate the main procedures of DIM.

4.1. Training Data Collection. The training data are very
important for product popularity prediction. Hence, we
need to collect the data as much as possible and as high qual-
ity as possible. On one hand, we can obtain a lot of historical
order data from the open-source websites. On the other
hand, we can also regularly collect the product order infor-
mation from the online shops. These information can be
directly used to reflect the distribution of the customer needs
in a certain extent. However, the deeper relationship
between these information and the more customer demands
should be explored. From the perspective of inventory man-
agement, the product order has a lot of attributes, among
which nine of them are mainly used in this work for product
popularity prediction. Specifically, the nine attributes are the
order date, the current popularity of the product, the name
of the product, the type of the product, the weight of the
product, the number of the product, the price of the product,
the brand of the product, and the origin of the product.
Despite this, we should be aware that there may be a lot of
useless data. In this way, a simple criterion is defined to filter
out these useless data, that is, if we cannot extract the
required nine attributes from the data, then, we discard the
data. Hence, after such operation, all the data left behind
can meet our requirements. Now, for each piece of the col-
lected data, the first thing that we should do is to extract
the values of the above nine attributes. After that, we can
easily describe the current distribution of the customer
demands according to these obtained information. More
importantly, we need to predict the future distribution of
customer demands based on these obtained information.
In order to fulfill this target, we define the product popular-
ity into 8 levels which are shown in Figure 2. The higher the
level, the more popular the product is. Hence, for the pro-
posed model and mechanism, given any input (i.e., the prod-
uct), the output is the service level (i.e., the popularity) that
this product would have in the future. Reviewing the details
in Figure 2, we should also note that, the corresponding
learning model associated with the proposed mechanism
should be trained well before being used to predict the future
customer demands.

4.2. Data Preprocessing. According to the actual situation,
the value of the same attribute in terms of different products
may differ quite a lot, which then may lead to the unfair
comparison between the achieved prediction result and the
actual situation. In this regard, it is necessary to carry out
further data preprocessing before training the model and
predicting the results. On this basis, it becomes convenient
to compare different indicators. On the other hand, the pre-
diction of customer demands will be more accurate. Starting
from this point, this work selects the min-max operation
[29] to standardize and normalize these attributes of the
product. Then, the value of these attributes will be mapped
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into the same scope of [0,1]. The specific preprocessing
equation is shown in (9):

v =

wi −wi,min
wi −wi,max

���� ����, vmin < v < vmax,

1, v = vmax,
0, v = vmin,

8>>>><>>>>:
ð9Þ

where vmin = min fv1, v2, v3,⋯,g means the minimum value
among all the data in terms of the same attribute, vmax =
max fv1, v2, v3,⋯,g means the maximum value among all
the data in terms of the same attribute, and v is the data after
mapping.

4.3. Prediction Model Establishment and Training. The pro-
posed DIM method adopts LSTM to build the prediction
model. Compared with the RNN model, DIM introduces a
state unit on the basis of the hidden layer for the purpose
of retaining more long-term information. Accordingly, such
operation will also retain more gradient information. In this
way, LSTM-based DIM can alleviate the problem of gradient

disappearance to a certain extent compared to RNN. The
prediction structure of DIM is shown in Figure 3, where
(1) the input parameters will be trained using the back prop-
agation method, (2) the time series problem of LSTM will be
transformed into a supervised learning problem via the hid-
den layer, and (3) the output of the previous layer will be
used as the input of the next layer, so as to iteratively com-
plete the training process.

Observing Figure 3, we can see that the proposed predic-
tion model is composed of three inputs which are the vector
of product order V = fv1, v2, v3,⋯,g, the state unit vector
C = fc1, c2, c3,⋯,g, and the hidden layer vector H = fh1, h2
, h3,⋯,g. Hence, we need to firstly initialize all the vectors
and the corresponding weight matrixes. On this basis, we
train the prediction model of DIM. As shown in Figure 4,
we mainly focus on the calculation of the forgetting gate Ft
, the input gate It , the output gate Ot , and final output pre-
diction value.

First of all, the forgetting gate Ft is mainly used to con-
trol the number of states of ct which remained in ct−1. The
input gate It is mainly used to control the number of states
of ct that should be maintained by the input vt at time t.

LSTM model

Historical order
data collection 

Evaluation and
comparison 

Product popularity
prediction 

Data preprocessing

Testing data

Training data

Model and processing
workflow Back

propagation 

DIM

Figure 1: The system framework and workflow of DIM.
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Figure 2: Illustration diagram of product order attributes and prediction results.
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The output gate is mainly used to control the number of out-
put ht with the state of ct . Based on these, the forgetting gate
is calculated as follows:

Ft = σ Wf · ht−1, vt½ � + bf
� �

, ð10Þ

where Wf is the weight matrix of the forgetting gate, ½ht−1,
vt� indicates the connection between ht−1 and vt , bf indicates
the offset item of the forgetting gate, and σ is a function with
the value in the scope of [0,1].

Typically, the weight matrix for prediction model train-
ing is of vital importance. For the calculation of the input
gate It , the weight matrix should also be used. Denoting
the weight matrix by Wi, then, the calculation of It is as fol-
lows:

It = σ Wi · ht−1, vt½ � + bið Þ: ð11Þ

Similarly, Wi and bi indicate the corresponding weight
matrix and offset item of It , respectively, as shown in (11).
Since the structure form of the output gate is the same with

those of the forgetting gate and the input gate, now given the
weight matrix Wo and the offset item bo for Ot , it follows
that

Ot = σ Wo · ht−1, vt½ � + boð Þ: ð12Þ

The final output result of DIM is jointly determined by
the output gate and the unit state, such that we have

Ht =Ot ∘ tan h Ctð Þ, ð13Þ

where the notation ∘ indicates the operator of matrix
multiplication.

4.4. Prediction-Based Inventory Management. As explained
and shown in Figure 2, the final output of the proposed
DIM should be mapped to the 8 kinds of product popularity
levels which are then leveraged to further predict the prod-
uct demands in the future. According to equation (13), the
final output of DIM based on LSTM is denoted by Ht and
we expand it as follows:

Ht = h1t , h2t , h3t ,⋯,
� �

, ð14Þ

where hit is the output function of product i and it is calcu-
lated as follows:

hit =
hit −min Htf g

max Htf g −min Htf g × 8
& ’

: ð15Þ

Based on equation (15), given any product, the output
value of this model is constrained in the set f1, 2, 3, 4, 5, 6,
7, 8g. As explained, the higher this value, the more popular
the product. Hence, we can arrange the inventory allocation
and warehousing in advance according to the popularity
value of different products. Then, assuming that there are k
groups of data in total, the whole objective function can be
formulated as follows:

Maximize : 〠
K

i=1
wi · xi

s:t: 4ð Þ, 5ð Þ, 6ð Þ, 7ð Þ:
ð16Þ

Now, with the formulated objective, the overall working
process of the proposed DIM can be described in several
steps, that is, (1) we need to calculate the current product
popularity and collect the history data, which are then
regarded as the input of the predicting model; (2) with the
predicted product popularity, we should first check if the
amount of the product with the highest popularity is enough
or not in the warehouse node. If it is enough, then, repeat-
edly check the product with the second highest popularity
until all the popular products are guaranteed; and 3) if the
popular products are not enough, then, we should try to
store enough products in the nearest warehouse. It is noted
that the nearest warehouse node may not have enough room
to store the popular products; in this case, another
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Figure 3: Prediction structure of DIM.
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warehouse with available room should be used instead. The
corresponding flowchart of the above working process of
DIM is presented in Figure 5.

5. Performance Evaluation

In this section, the proposed algorithm are tested and evalu-
ated following the steps of the parameter setup, the bench-
mark algorithms and metrics, and the experimental results.

5.1. Setup. In the experiment, we consider four inventory
nodes and two external supplier nodes, that is, n = 4 and

m = 2. The distribution structure is shown in Figure 6,
where external supplier node 1 provides products for
inventory nodes 1 and 3, while external supplier node 2
provides products for inventory nodes 2 and 4. In addi-
tion, the adjacent nodes can also supply products for each
other, such that the pairs include fð1, 2Þ, ð1, 3Þ, ð2, 4Þ, ð3,
4Þg. Each arrow in Figure 6 has two attributes denoted
by <λi,j,wi,j > , where λi,j is the ratio between the amount
of products demanded by node j from node i and the
amount of all demanding products, while wi,j is the corre-
sponding price.

Begin

End

Calculating the product popularity
according to equation(6);

Inputing these history popularity data to the
LSTM model fori-th product prediction

Locating the warehouse most close to the highest
demand area for the i-th product

Checking if the amount of
the predicted popular products

are enough or not?
Yes

Predicting another
product by i++;

No

Checking if there is enough room to
contain thei-th product?

Removing this
warehouse from

consideration

No

Putting the i-th product in the warehouse

Checking if all the products are
predicted?

No

Yes

Setting the type of product to be
predicted, i=1;

Figure 5: Flowcharts of DIM.
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In order to train the LSTM model and verify the effec-
tiveness of the proposed mechanism, we use the crawler soft-
ware to obtain the product order data of 25 weeks from the

Taobao websites, which exceeds 100 thousand records.
However, due to the chaos of the raw data, we select 10 thou-
sand high-quality records as the dataset, where 8 thousand
records are uniformly distributed in the first 20 weeks and
2 thousand records are uniformly distributed in the last 5
weeks. In particular, among the 10 thousand records, there
are around 100 kinds of products. As explained, each record
has nine product attributes, that is, date, popularity, name,
type, weight, number, price, brand, and original, and we
should note that the attribute of popularity is actually calcu-
lated in this work and attached to the obtained order data as
one attribute. Moreover, the first 8 thousand records of data
in the first 20 weeks are used to train the product popularity
prediction model and the remaining 2 thousand records of
data in the last 5 weeks are used as the test data for simula-
tion and performance evaluation.

The experimental environment and the proposed algo-
rithm are implemented by using the JAVA language on the
basis of the Microsoft Windows 10 (64 bits) OS, Intel(R)
Core(TM) i5-7400 CPU @3.00GHz, 16GB.

5.2. Benchmarks and Metrics. There are three kinds of eval-
uation metrics according to the objective shown in equation
(4), as follows:

(i) The profit is evaluated by the value earned after the
inventory sales and calculated according to equation
(16)

(ii) The cost is mainly evaluated by the update cycle of
the inventory. For any item, the longer the inven-
tory time, the higher the cost. The corresponding
calculation is expressed as ð1/KÞ∑K

i=1 ∣ t
end
i − tstarti ∣ ,

where tstarti means the time that product i enters
the inventory and tendi means the time that product
i leaves the inventory

(iii) The prediction accuracy is expressed by the average
absolute error, that is, the average of the absolute
values between the predicted values and the
observed values. The corresponding calculation is

expressed as ð1/KÞ∑K
i=1 ∣ hi − bhi ∣ , where hi is the

prediction value and bhi is the actual observation
value

External
supplier
node1 

External
supplier
node2 

Inventory
node1

Inventory
node2

Inventory
node3

Inventory
node4

Figure 6: Connection structure of inventory nodes and supplier nodes.
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The following three benchmarks are used for compari-
son in order to evaluate the performance of DIM.

(i) benchmark1 [10]: it mainly uses the data mining
technology to implement the customer demand pre-
diction for inventory management

(ii) benchmark2 [26]: it mainly uses the neural network
to realize the customer demand prediction for
inventory management

(iii) benchmark3 [30]: it mainly uses the random strat-
egy to fulfill the inventory management

5.3. Results. As explained, 10 thousand records of data uni-
formly distributed in 25 weeks are used for the experiment.
In particular, the data in the first 20 weeks are used for train-
ing, while the data in the last 5 weeks are used for evaluating
the performance of profit, cost, prediction accuracy, and

unsatisfied demand proportion. The specific results are
shown in Figures 7–11.

Firstly, the results of profit achieved by the four algo-
rithms on inventory sales are shown in Figure 7. Obviously,
the sale profit increases over time for the four algorithms in
Figure 7, because the longer the time, the more products will
be sold in general and the profit naturally increases. In addi-
tion, by comparing the four algorithms, we can observe that
the DIM method achieves the highest profit. The second
higher one is benchmark1 and the third higher one is bench-
mark2, while the last one is benchmark3. There are several
reasons behind this phenomenon: (1) the benchmark3 ran-
domly satisfies the inventory management, that is, when
the warehouse node is running out, the manager will replen-
ish products for this warehouse randomly. In this way, the
replenished products may not be those required in the near
future, which indirectly hinders the sale of products and
then leads to the reduce of profit; (2) benchmark2 mainly
adopts the data statistical analysis and mining methods to
address the inventory management, which relies heavily on
data quantity and quality, such that the self-adaptability of
benchmark2 is lost. Despite this, compared with bench-
mark3, benchmark2 still has benefits, since it executes sim-
ple principles when choosing which products to store; (3)
compared with benchmark2, DIM and benchmark1 both
use the machine learning method to predict the customer
demands, which can not only dynamically adapt the actual
environment but also offer better inventory management
decisions. Hence, we can see that the performance of DIM
and benchmark1 exceed that of benchmark2 and bench-
mark3; and (4) as for DIM and benchmark1, the latter only
has the hidden layer as the intermediate state, while the for-
mer introduces a state layer on the basis of the hidden layer,
which can keep more long-term information. Hence, DIM
achieves higher prediction accuracy, which is the main cause
leading to higher profit. Nevertheless, we should be aware
that the profit gained by the four algorithms will gradually
tend to stable condition. That is because the popular prod-
ucts are usually sold quickly and the unpopular products
may not be sold. Then, the longer the inventory time, the
more unpopular products will be left. Despite the fact that
the total profit is still increasing, we can see that the increas-
ing trend of profit is going to be stable.

Secondly, the cost results of inventory management are
shown in Figure 8, where we can easily see that DIM has
the lowest cost and benchmark3 has the highest cost. The
cost performance of benchmark1 and benchmark2 is in the
middle, where benchmark1 outperforms benchmark2. As
explained, the inventory cost is mainly measured by the time
a product is being stored in the warehouse node. Because the
longer time spent in the warehouse, the higher the inventory
cost of this product. By optimizing the inventory manage-
ment process, the products stored in the warehouse can be
sold at a fast speed, which in turn decreases the inventory
cost. At the same time, the gained profit is also increased.

For the four algorithms, they all have the ability to
reduce the average inventory time of products in a certain
extent. Hence, their performance will increase against the
inventory time. However, DIM still achieves the best
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performance, since its inventory cost increases the slowest.
The main reasons are because the prediction accuracy of
customer demands of DIM is the highest as indicated in
Figure 9, where DIM has the highest prediction accuracy
of customer demands; benchmark1 is in the second place;
benchmark2 is in the third place, while benchmark3 has
the lowest prediction accuracy. Due to such high prediction
accuracy, DIM can reduce the inventory cost by (1) about
16.44% compared to the performance of benchmark1, (2)
about 33.57% compared to the performance of benchmark2,
and (3) about 48.9% compared to the performance of bench-
mark3. Thus, DIM reduces approximately 25% of the inven-
tory cost on average. Despite this, it is noted that the
inventory cost will increase continuously. According to the
definition of the inventory cost, it is proportional to the
gap between the time that products enter the inventory
and the time that products leave the inventory. Hence, the
longer the inventory time, the longer the gap between the
time that one product enters and leaves the inventory.

Thirdly, DIM is claimed to have the highest prediction
accuracy in the above results and we now present the predic-
tion results in Figure 9, where the specific prediction accura-
cies of DIM, benchmark1, benchmark2, and benchmark3
are 82.33%, 75.8%, 66.4%, and 45.5%, respectively. At the
same time, we also calculate the prediction accuracy of each
day in the last five weeks and the average prediction accu-
racy of each week is calculated and summarized in Table 1.
Via comparison, we can discover that the average result in
Table 1 accords with the results in Figure 9 with the devia-

tion smaller than 1%, which reflects the correctness of the
proposed algorithm to a certain extent. Besides, according
to the results in Table 1, we further calculate the standard
deviations of the prediction accuracy of different algorithms
to analyze the dispersion degree of these results. Specifically,
the dispersion degree of DIM is about 0.433; benchmark1 is
about 0.92; benchmark2 is about 2.099, and benchmark3 is
about 5.89. Such phenomenon indicates that the prediction
accuracy of DIM is the most stable in different time periods,
while the prediction accuracy of benchmark3 shows the larg-
est fluctuation. The more stable the prediction accuracy is,
the better the robustness and adaptability of DIM. Hence,
DIM outperforms the other three methods in this regard.

Finally, on the basis of the prediction accuracy results,
we also calculate the proportion of customer demands that
cannot be satisfied. The corresponding results are shown in
Figure 10. Since the prediction accuracy results are already
explained in Figure 9, we now focus on the opposite aspect,
that is, the proportion of unsatisfied customer requirements.
As can be seen in Figure 10, although DIM has a good pre-
diction accuracy (i.e., 82.33%), it cannot fully meet the needs
of all customers especially when the supply shortage hap-
pens. On the other hand, for either algorithm, it is noted that
the sum of demand prediction accuracy and the proportion
of unsatisfied customer demand cannot be equivalent to
100%, because these two indicators are actually calculated
in completely different ways. Nevertheless, the proportion
of unsatisfied customer demands of DIM is only about
7.63% which is far less than the other three algorithms.
Therefore, DIM still has some advantages.

Reviewing the results in Table 1, we present the average
prediction accuracy using one week as the unit. However,
the statistical results of each day in terms of the prediction
accuracy should be discussed, since it is a key metric in this
work. In this way, the details of this metric are calculated
and shown in Figure 11, where we can see the results against
35 days (5 weeks ∗ 7 days/each week). Apparently, the pro-
posed DIM remains very stable, while the performance of
benchmark3 fluctuates greatly. The mean values of the four
methods are 81, 74, 63, 53, respectively. Such phenomenon
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Table 1: Distribution of prediction accuracy using the testing data
in the remaining five weeks.

Time (week) DIM benchmark1 benchmark2 benchmark3

1 81.97 76.21876 59.63312 53.02354

2 82.25 74.35157 61.43788 57.20488

3 82.36 74.9271 65.14423 60.70123

4 81.9 74.25434 62.96547 46.05241

5 81.25 73.85469 63.54434 49.24474
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means that the proposed DIM can adapt to different situa-
tions, while benchmark3 cannot. The performance of bench-
mark2 is slightly better than that of benchmark3, but far less
than that of the proposed approach. As for benchmark1, we
can see that it also has very stable performance. Despite this,
its prediction accuracy is lower than that of DIM in almost
each day. One exception is the fourth day, where bench-
mark1 has higher prediction accuracy than DIM. Neverthe-
less, it is noted that the gap is not large. Overall, the
proposed DIM is superior to the other three benchmarks.

6. Conclusion

The current situations of long supply chain life cycle, com-
plex inventory management process, and frequently chang-
ing customer demands all lead to the rapid rise of logistics
cost. In this regard, this work firstly formulates the inventory
management process as a mathematical model with the goals
of minimizing the cost and maximizing the profit. On this
basis, DIM is proposed, which offers effective inventory
management by using the LSTM theory. In particular, the
time series and back propagation pattern are jointly lever-
aged by DIM to achieve high prediction accuracy which then
will be used to optimize the inventory management process.
The experimental results show that the average prediction
accuracy of DIM is more than 80% and the overall cost
can be reduced by about 25%. Future research directions
include large-scale logistics, warehousing, and distribution
problems in inventory management.

Data Availability

The experimental data and code used to support the findings
of this study are available from the first author and the cor-
responding author upon request.

Disclosure

This research did not receive specific funding but was per-
formed as part of the employment of the author Yongji Liu.

Conflicts of Interest

The authors declare that there is no conflict of interest
regarding the publication of this paper.

Acknowledgments

We would like to thank all the experts for their comments on
this work.

References

[1] S. Lei, W. Haiying, L. Haiyue, and T. Weiyu, “Research of
innovative business classification in bulk commodity digital
supply chain finance,” in 2020 International Conference on
Computer Engineering and Application (ICCEA), pp. 170–
173, Guangzhou, China, 2020.

[2] A. Villalva-Cataño, E. Ramos-Palomino, K. Provost, and
E. Casal, “A model in agri-food supply chain costing using

ABC costing: an empirical research for Peruvian coffee supply
chain,” in 2019 7th International Engineering, Sciences and
Technology Conference (IESTEC), pp. 1–6, Panama, Panama,
2019.

[3] Q. Zhang, M. Zhou, C. Li, X. Zheng, K. Wang, and S. Yang,
“Case analysis on value creation and sustainable development
path of supply chain integrators,” in 2018 15th International
Conference on Service Systems and Service Management
(ICSSSM), pp. 1–6, Hangzhou, 2018.

[4] F. Zhu, Y. Ning, X. Chen, Y. Zhao, and Y. Gang, “On removing
potential redundant constraints for SVOR learning,” Applied
Soft Computing, vol. 102, p. 106941, 2021.

[5] A. Alzamendi-Ramirez, J. Yoshida-Chiney, E. Ramos-Palo-
mino, and R. Mesia, “Supply chain agility in manufacturing
companies: a literature review,” in 2019 7th International Engi-
neering, Sciences and Technology Conference (IESTEC),
pp. 467–472, Panama, Panama, 2019.

[6] R. Zare, P. Chavez, C. Raymundo, and J. Rojas, “Collaborative
culture management model to improve the performence in the
inventory management of a supply chain,” in 2018 Congreso
Internacional de Innovación y Tendencias en Ingeniería (CON-
IITI), pp. 1–4, Bogota, 2018.

[7] N. Nemtajela and C. Mbohwa, “Inventory management
models and their effects on uncertain demand,” in 2016 IEEE
International Conference on Industrial Engineering and Engi-
neering Management (IEEM), pp. 1046–1049, Bali, 2016.

[8] S. Guo, T. Choi, B. Shen, and S. Jung, “Inventory management
in mass customization operations: a review,” IEEE Transac-
tions on Engineering Management, vol. 66, no. 3, pp. 412–
428, 2019.

[9] F. Zhu, J. Yang, C. Gao, S. Xu, N. Ye, and T. Yin, “A weighted
one-class support vector machine,” Neurocomputing, vol. 189,
pp. 1–10, 2016.

[10] X. Guo, C. Liu, W. Xu, H. Yuan, and M. Wang, “A prediction-
based inventory optimization using data mining models,” in
2014 Seventh International Joint Conference on Computational
Sciences and Optimization, pp. 611–615, Beijing, 2014.

[11] R. Gustriansyah, D. I. Sensuse, and A. Ramadhan, “Decision
support system for inventory management in pharmacy
using fuzzy analytic hierarchy process and sequential pat-
tern analysis approach,” in 2015 3rd International Confer-
ence on New Media (CONMEDIA, pp. 1–6, Tangerang,
2015.

[12] Y. Sutanto and R. Sarno, “Inventory management optimiza-
tion model with database synchronization through internet
network,” in 2015 International Conference on Electrical Engi-
neering and Informatics (ICEEI), pp. 115–120, Denpasar, 2015.

[13] W. Li, Z. Lin, X. Zhang, and J. Zhou, “Research on distributed
logistics inventory model based on cloud computing,” in 2016
12th International Conference on Computational Intelligence
and Security (CIS), pp. 73–77, Wuxi, 2016.

[14] N. El Haoud and Z. Bachiri, “Stochastic artificial intelligence
benefits and supply chain management inventory prediction,”
in 2019 International Colloquium on Logistics and Supply
Chain Management (LOGISTIQUA), pp. 1–5, Paris, France,
2019.

[15] F. Zhu, N. Ye, W. Yu, S. Xu, and G. Li, “Boundary detection
and sample reduction for one-class support vector machines,”
Neurocomputing, vol. 123, pp. 166–173, 2014.

[16] N. Xue, I. Triguero, G. P. Figueredo, and D. Landa-Silva,
“Evolving deep CNN-LSTMs for inventory time series

13Wireless Communications and Mobile Computing



prediction,” in 2019 IEEE Congress on Evolutionary Computa-
tion (CEC), pp. 1517–1524, Wellington, New Zealand, 2019.

[17] Y. Xue, “A classical inventory model amendment based on
management accounting,” in 2013 6th International Confer-
ence on Information Management, Innovation Management
and Industrial Engineering, pp. 101–103, Xi’an, 2013.

[18] F. Wang and L. X. Xiao Xia, “Evaluation and selection of peri-
odic inventory review policy for irregular demand: a case
study,” in 2015 IEEE International Conference on Industrial
Engineering and Engineering Management (IEEM), pp. 275–
279, Singapore, 2015.

[19] D. Satiti, A. Rusdiansyah, and R. S. Dewi, “Review of refriger-
ated inventory control system for perishable products,” in
2018 IEEE International Conference on Industrial Engineering
and Engineering Management (IEEM), pp. 36–40, Bangkok,
2018.

[20] P. Yao, D. Jiang, and T. Zhu, “Analysis of the risk pooling to
inventory management for a three-stage supply chain,” in
2010 International Conference on Optoelectronics and Image
Processing, pp. 263–266, Haikou, 2010.

[21] H. Li, Y. Ru, and X. Xu, “Emergency logistics based on inven-
tory management method,” in 2010 International Conference
on Machine Learning and Cybernetics, pp. 1338–1341, Qing-
dao, 2010.

[22] E. Raguindin and D. J. Ronquillo, “Development of an auto-
mated laboratory assets inventory control with security sys-
tem,” in 2019 International Conference on Computational
Intelligence and Knowledge Economy (ICCIKE), pp. 501–504,
Dubai, United Arab Emirates, 2019.

[23] T. Inprasit and S. Tanachutiwat, “Reordering point determina-
tion using machine learning technique for inventory manage-
ment,” in 2018 International Conference on Engineering,
Applied Sciences, and Technology (ICEAST), pp. 1–4, Phuket,
2018.

[24] L. Lin, W. Xuejun, H. Xiu, W. Guangchao, and S. Yong,
“Enterprise lean catering material management information
system based on sequence pattern data mining,” in 2018 IEEE
4th International Conference on Computer and Communica-
tions (ICCC), pp. 1757–1761, Chengdu, China, 2018.

[25] P. Zhao and J. Liu, “The product safety stock prediction
method based on artificial neural network,” in 2010 Interna-
tional Conference of Information Science and Management
Engineering, pp. 299–302, Xi’an, 2010.

[26] J. Rehman, J. Uddin, A. Khan, and A. Zeb, “A cloud based
CRM architecture for neural network inventory control,” in
2019 International Conference on Electrical, Communication,
and Computer Engineering (ICECCE), pp. 1–5, Swat, Pakistan,
2019.

[27] H. Lican, Z. Yuhong, X. Xin, and F. Fan, “Prediction of invest-
ment on inventory clearance based on improved BP neural
network,” First International Conference on Networking and
Distributed Computing, 2010, pp. 73–75, Hangzhou, 2010.

[28] J. Zhou and X. Zhou, “Multi-echelon inventory optimizations
for divergent networks by combining deep reinforcement
learning and heuristics improvement,” in 2019 12th Interna-
tional Symposium on Computational Intelligence and Design
(ISCID), pp. 69–73, Hangzhou, China, 2019.

[29] E. Alhroob and N. A. Ghani, “Fuzzy min-max classifier based
on new membership function for pattern classification: a con-
ceptual solution,” 8th IEEE International Conference on Con-
trol System, Computing and Engineering (ICCSCE), 2018,
pp. 131–135, Penang, Malaysia, 2018.

[30] X. Li and P. Li, “Simulation optimization under random con-
ditions TG business model of spare parts inventory,” in 2019
4th International Conference on Mechanical, Control and
Computer Engineering (ICMCCE), pp. 1025–10253, Hohhot,
China, 2019.

14 Wireless Communications and Mobile Computing


	A Deep Learning-Based Inventory Management and Demand Prediction Optimization Method for Anomaly Detection
	1. Introduction
	2. Related Work
	2.1. Traditional Inventory Management
	2.2. Intelligent Inventory Management
	2.3. Discuss

	3. Problem Model and Objective
	3.1. Supply Chain Inventory Model
	3.2. Objective and Constraints

	4. Deep Inventory Management Algorithm Design
	4.1. Training Data Collection
	4.2. Data Preprocessing
	4.3. Prediction Model Establishment and Training
	4.4. Prediction-Based Inventory Management

	5. Performance Evaluation
	5.1. Setup
	5.2. Benchmarks and Metrics
	5.3. Results

	6. Conclusion
	Data Availability
	Disclosure
	Conflicts of Interest
	Acknowledgments

