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Abstract: In the context of the global economic slowdown, demand forecasting, and inventory and
production management have long been important topics to the industries. With the support of smart
warehouses, big data analytics, and optimization algorithms, enterprises can achieve economies
of scale, and balance supply and demand. Smart warehouse and manufacturing management
is considered the culmination of recently advanced technologies. It is important to enhance the
scalability and extendibility of the industry. Despite many researchers having developed frameworks
for smart warehouse and manufacturing management for various fields, most of these models
are mainly focused on the logistics of the product and are not generalized to tackle the specific
manufacturing problem facing in the cyclical industry. Indeed, the cyclical industry has a key
problem: the big risk which high sensitivity poses to the business cycle and economic recession, which
is difficult to foresee. Despite many inventory optimization approaches being proposed to optimize
the inventory level in the warehouse and facilitate production management, the demand forecasting
technique is seldom focused on the cyclic industry. On the other hand, management approaches
are usually based on the complex logistics process instead of integrating the inventory level of the
stock, which is very crucial to composing smart warehouses and manufacturing. This research study
proposed a digital twin framework by integrating the smart warehouse and manufacturing with
the roulette genetic algorithm for demand forecasting in the cyclical industry. We also demonstrate
how this algorithm is practically implemented for forecasting the demand, sustaining manufacturing
optimization, and achieving inventory optimization. We adopted a small-scale textile company case
study to demonstrate the proposed digital framework in the warehouse and demonstrate the results
of demand forecasting and inventory optimization. Various scenarios were conducted to simulate the
results for the digital twin. The proposed digital twin framework and results help manufacturers and
logistics companies to improve inventory management. This study has important theoretical and
practical significance for the management of the cyclical industry.

Keywords: smart warehouse; smart manufacturing; genetic algorithm; roulette wheel; demand
forecasting; inventory optimization; cyclical industry

1. Introduction

A cyclical industry refers to an industry that follows domestic and foreign economic
fluctuations. It is generally believed that industries with high demand income elasticity,
such as the consumer goods industry and the durable goods manufacturing industry, are
cyclical [1]. Periodic industry enterprises are the main components of the stock market,
and changes in the dynamic economic cycle cause the rise and fall of their performance and
share prices [2]. In the current global economic slowdown, cyclical enterprises regularly
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need to adjust their business management strategies and manufacturing capabilities to
develop sustainable development. FinTech and e-business are new, innovative approaches
which have emerged in the past few years [3]. Sales management, strategic manufacturing
management, and inventory management can help businesses realize scale economies,
meet the balance of supply and demand, and prevent the demand and order cycle [4].

To help an enterprise have better inventory control, robust demand forecasting meth-
ods are essential to developing an algorithm for inventory optimization. There are various
ways to forecast product demand, such as the qualitative method, decomposition forecast-
ing, the Box–Jenkins method, and genetic algorithms (GAs), etc. [5,6]. In the past, GAs have
been widely used in inventory management. Du and Luo [7] combined the true situation
of hospital drug inventory prediction by using GAs and backpropagation neural networks
and establishing a system model based on a hospital drug management model. Fakhrzad
and Alidoosti [8] employed GAs to make a realistic perishability inventory management
system for the location–inventory–routing problem. This strategy is commonly adopted in
biomedicine and industry, but there is little literature on enterprise operation. Based on
the results from demand forecasting, various techniques are applied for inventory control
and optimization. A smart warehouse is considered as the culmination of recent advanced
technologies for Industry 4.0, such as 5G, automation, information systems integration,
Internet of Things (IoT), blockchain, etc., for improving the supply chain performance
of the industry [9]. Those technologies are usually associated with the traceability and
trackability of each product item [10] to enhance the visualization of the product data for
the customers and industrial practitioners, as well as the innovativeness and reliability [11].

Nevertheless, the development of smart warehouses is usually implemented in a
manufacturing management system that uses IoT sensors, radio frequency identification
(RFID) technology, etc. [12,13]. Most of the existing researchers are focused on tracking the
flow of products and materials [14], rather than considering the optimization of warehouse
space, manufacturing capacity, and inventory levels. Weißhuhn and Hoberg [15] pro-
pose the adoption of the recent advance of IoT technology in smart replenishment system
modelling for household appliances. Lyu and Lin [16] constructed the Zero-Warehousing
Smart Manufacturing platform based on IoT-enabled infrastructures. The platform demon-
strated the approach for a local construction project from zero-inventory to just-in-time
production. Nevertheless, these projects are mainly concentrated on a single project or
small-scale project compared with a large-scale product warehouse, which consists of a
large area, many employees, transportation facilities, equipment, and autonomous robots,
etc. [17]. There is also a lack of optimization approaches for adjusting inventory levels and
manufacturing capacities in smart warehouses.

A smart warehouse management system works in conjunction with the supply chain,
stock level, manufacturing capacity, and demand forecasting to decide the necessary stock
replenishment. Despite the various product replenishment approaches which have been
proposed [18], there is a lack of publications that consider smart warehouse management
based on inventory optimization and propose an implementation framework using the
digital twin approach to integrate demand forecasting to provide feedback, facilitating
actual smart industrial management. Indeed, the cyclic industries are industries that have
a high demand for effective management and are integrated into actual manufacturing
scenarios. As such, this article aims to fill in the gaps that propose the implementation of a
digital twin framework for smart warehouses, particularly concerning the optimization
of the inventory level according to the demand forecasting results. We suggest that the
roulette selection genetic algorithm should be applied in the cyclic industry for demand
forecasting to achieve inventory optimization. The company studied in this paper is a
small-scale textile enterprise. Roulette wheel selection is used to ensure that individuals or
nodes with better adaptability and target functions have a greater chance of being selected,
which is particularly essential in the estimation of the cyclic industry that is largely affected
by the economic recession and trend [19].
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Although it is challenging to perform an actual implementation and data collection
in real smart manufacturing and warehouses for results validation, this study presents a
twofold academic contribution. Firstly, we propose a practical framework for implementing
a digital twin in the smart warehouse by considering the manufacturing infrastructure, data
integration, demand forecasting, and inventory optimization throughout the sophisticated
logistics process. Secondly, a roulette wheel selection based on the genetic algorithm is
proposed for application to demand forecasting to achieve an optimum stock level. The
approach is shown to be adaptable to the cyclical industry. In particular, digital twin
frameworks enable these various simulation settings to be performed multiple times,
achieving desirable results that are adaptable to real cases in a small-scale textile enterprise.
The paper has important impact not only on the development of digital twins or smart
warehouses for small-scale industries, but also in demonstrating how inventory forecasting
is an essential part of future smart warehouses.

2. Literature Review
2.1. Digital Twins and Smart Warehouse Management

The digital twin refers to “an integrated multi-physics, multiscale, probabilistic simu-
lation of an as-built vehicle or system that uses the best available physical models, sensor
updates, fleet history, etc. to mirror the life of its corresponding flying twin” [20]. The
digital twin is a virtual experiment that simulates a physical object or process over a period
of time. Liu et al. [21] conducted a critical review of 240 research papers to highlight the
clear features of a digital twin system. The main features of a digital twin system are inte-
grated simulation, real-time control and optimization, dynamic reflection, mapping, and
bidirectionality. Currently, the adoption of digital twin technology has been enlarged from
the operation to the design of a manufacturing system [22,23]. Indeed, these technology
tools can help the warehousing industry to maximize its manufacturing capacity and re-
duce supply chain lead times to attain lean, flexible, and intelligent production and supply
chain management [24]. Digital twin technology establishes a close alignment between
the virtual environment and the real world. The technology fosters the development of
remote monitor systems and components, performs digital simulation to test and predict
changes in the process of hypothetical scenarios, and further analyzes the performance of
operations that drive product innovation and the management of delivery time in logistics
management [25,26].

Nowadays, the digital twin is being widely used to study various manufacturing
production operating systems and supply chain warehousing systems, and to measure
the overall performance of organizations [27]. The approach can virtually represent the
dynamic characteristics of the logistics model in terms of function and cost and can also
accurately capture the complex behavior and changes in the model. The simulated model
can be revised through data collected from the IoT devices, thereby improving the perfor-
mance of the system, and increasing cost effectiveness [28]. For example, Kim [29] set up
the optimal warehouse interception and pick-up time based on customer order response
capabilities and priority-based job scheduling, using a streamlined operating model to
help warehouse managers make optimal decisions. Sahay and Ierapetritou [30] pioneered
a hybrid simulation modelling approach by combining the iterative model and the sim-
ulation model. The optimal allocation of resources can be determined under multiple
problems and constraints, such as the determination of the optimal inventory, performed
regularly [31,32]. The characteristics of the geographic information system in the simulation
modelling software will assist in planning the optimal positioning of the distribution center
and the optimization of transportation routes, product routes, and supply chains in the
smart warehouse. After completing a validated digital twin model, the model should
include interrupted parameters and respective solutions to explore different scenarios.
These models are retrieved separately to build a reinforcement learning algorithm and
create a prescriptive analysis platform as the basis of the logistics 4.0 decision-support
system. Despite the digital twin technology being widely studied for smart warehouses,
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most of the approaches lack the integration of the demand forecasting algorithm which is
essential to optimize the logistics process. Loaiza and Cloutier [33] also criticized the fact
that the digital twin approach mainly changes physical spaces to virtual spaces. Such digital
transformation leads to unexpected problems being created and influences a manufacturing
system’s lifecycle. Nevertheless, numerous logistics firms may face the challenges of time
and costs to develop and implement digital twin technology. In terms of the subsystem
level, there is no connectivity or integration of the digital twin components or other devices
in the system. Regarding the system level, there are incorrect digital twin models and an
unclear definition of a manufacturing system. Concerning the super-system level, there is a
deficiency of connection between systems to avoid a supply chain interruption.

2.2. Demand Forecasting and Inventory Optimization

Demand forecasting can be performed based on qualitative and quantitative methods.
The qualitative method relies on the investigator’s knowledge of the research topic or
the experts’ subjective judgment. Although qualitative forecasting may be based on not
easy-to-quantify factors, it is frequently adopted in all kinds of demand forecasts. Four
judgmental techniques are used: independent judgment, committee judgment, salesforce
estimates, and executive opinion juries [34].

Quantitative methods use historical data and mathematical equations to forecast de-
mand. Time–series methods and quantitative analysis methods based on genetic algorithms
are often used to predict demand. A time–series approach can be used to investigate trends
and seasonal and cyclical factors that can affect a particular product’s demand [35]. There
are several time–series methods, including naive or random walk, moving to average,
exponential smoothing, decomposition, and ARIMA [36]. The strengths and weakness of
the moving average, simple exponential, Holt two-parameter, and Holt–Winters methods
were detailed by Chase [34]. To sort out the similarities and differences between these four
methods more efficiently, Table 1 summarizes and compares various time–series methods.

GA is a method of simulating evolution and natural selection to determine optimal
solutions to a problem. After selection, crossover, and mutation, a group of individuals
evolves and becomes the result we obtained. The fitness function determines how indi-
viduals multiply after the selection process [37]. The GA can be used to forecast demand
effectively, and the combination of multiple models improves accuracy. For example, He
and Chang [38] developed a combined prediction model to predict regional logistics de-
mand. Techniques combined with GA include support vector regression (SVR) [39,40],
fuzzy set theory [41], and neural networks (NN) [42]. In addition to forecasting demand,
Chen and Sarker [43] predicted the number of tourists in the tourism industry by combining
SVR with adaptive function and seasonal index adjustment. GA also plays a prominent
role as a market forecasting tool in the financial field [40].

GA has been widely used in research to predict inventory and improve inventory man-
agement. Isen and Boran [44] proposed a hybrid model generated byGA, fuzzy C-means
(FCM), and adaptive neuro-fuzzy reasoning system (ANFIS) for inventory classification,
which has great application value. Bhunia and Kundu [45] use a hybrid tournament ge-
netic algorithm (TGA) to solve partial backlogged shortages where a deterioration rate
of items was investigated. Some researchers have solved the routing problem using in-
ventory control [46]. Azadeh and Elahi [47] were the first to use GA to solve perishable
goods inventory management problems. Furthermore, Hiassat and Diabat [48] proposed a
location–inventory–path model for perishable products and made an outstanding contri-
bution to inventory management by using GAs to determine the number and location of
required warehouses. GA is one of the effective approaches for demand forecasting, while
various assumptions and constraints have to be designed to optimize the level of inventory.
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Table 1. Summary of four time–series methods.

Methods Strengths (Similarity) Strengths (Similarity) Weakness (Similarity) Weaknesses (Difference)

The moving average
(MA)

• The development of
the forecasting model
is simple.

• Performs well in
forecasting
trend/cycle.

• The minimum amount
of data required.

• Lower complexity of
input data structure.

• Easy to systematize or
automate the model.

N/A

• Cannot predict the
instant change in
demand.

• Cannot apply
explanatory
variables to form a
demand curve.

• Cannot predict
seasonality
accurately.

• Can forecast only
one period with high
accuracy.

• Less accurate if
improper fluctuation
removal.

Simple exponential
smoothing (SES)

• Can adjust the
weight on
exponential
decaying demand.

• Performs better in
demand
fluctuations.

N/A

Holt’s two-parameter

• A minimal amount of
data is required.

• Easy to systematize or
automate the model.

• The two weighting
methods make the
prediction more
precisely than MA or
SES.

• Cannot predict the
instant change in
demand.

• Cannot apply
explanatory
variables to form a
demand curve.

• Hard to determine
the optimal
smoothing weight.

• Only can forecast
1–3 periods with
high accuracy.

Holt–Winters method

• Performs well in
forecasting trends,
cycles, and
seasonality.

• Three parameters
are used.

• Often use
mathematical
methods to
calculate.

• Cannot predict the
instant change in
demand.

• Cannot apply
explanatory
variables to form a
demand curve.

• More time spent on
adjustment with
demand change.

3. Methodology

In this section, we present the methodology for the development of our demand
forecasting algorithm. The development is divided into three main sections, including data
acquisition and preparation, roulette genetic algorithm for demand forecasting, and the
inventory optimization approach. In this paper, we adopted a small-scale textile industry
as the case study.

3.1. Data Acquisition and Preparation

The data were collected from the record of the case study company database. The
database included the sales record, inventory records, product categories, and price lists
from the last two years. The database consisted of intensive raw data including over a
hundred product categories, everyday sales records for each product, selling prices, etc. To
ensure the data were valid, unified, and complete, the data cleaning processes based on the
guideline were performed [49] to remove errors, irrelevant data, and inconsistencies from
the dataset. The knowledge discovery and data mining (KDD) process were used to clean
the dataset to make it more easily readable and understandable for further analyses. The
KDD process is illustrated in Figure 1.
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Figure 1. The knowledge discovery and data mining process.

3.2. Roulette Genetic Algorithm

To perform the inventory optimization, we suggested an algorithm be produced for
forecasting the demand of the customers in the first step. The genetic algorithm (GA) was
proposed for demand forecasting. To adapt to the change in demand for the cyclic industry,
roulette selection was suggested to generate the seed for the forecasting. The integrated
roulette genetic algorithm was proposed for application in forecasting the demand, and it
was demonstrated in the case study company.

In the GA, Chodak and Kwaśnicki [50] found that factors that affect demand function
change with each company. The simple form of the product or service demand function, D,
can be derived, as in Equation (1):

D =
M(t)

pe (1)

where the price is denoted by p, time is denoted by t, price elasticity is denoted by e, and
M(t) represents the trend and the periodicity of demand with time.

Due to the seasonal demand nature of the cyclical industry, the demand function can
be derived, as in Equation (2):

D = C + B × t +
A × sin(ω × t + ϕ)

pe (2)

where D is the monthly product demand of a company, t refers to the number of months,
and A refers to the amplitude that is equal to the maximum and minimum sales quantities.
B is the trend factor that represents increasing or decreasing sales, ω refers to the frequency
that means the periodicity of the demand curve in terms of π, and the demand function
can be represented as a sine curve. Hence, 2π can indicate one cycle of the sine wave.
Horizontal offset (ϕ) refers to the demand function shift along with the horizontal level,
which is represented in the range from 0π to 2π, while vertical offset (C) refers to the
demand function shift vertically, which is represented in the range from 0 to the maximum
sales value in the input data. Finally, P (price) is a weighted average price, and e represents
price elasticity.

After defining the demand function, each individual has six parameters encoded in
chromosome form to define the fitness function, which measures the difference between the
input data set and the GA’s data. The GA searches for the optimal value in the parameter
space in terms of size steps in the path search by acting on genetic operators on bit strings.
The first step, the fitness function, is defined in Equation (3):

F = ∑t

∣∣∣∣Dt −
{

C + B × t +
A × sin(ω × t + ϕ)

pe

}∣∣∣∣. (3)

The six parameters (C, B, A, ω, ϕ, and e) represent six segments of one chromosome [50].
Each chromosome will be 60 bits in length, and each parameter’s length will be 10 bits [50].
Each 10-bit gene can represent 210 possible values for a range of 0–1024. The binary coding
represents numerical values and non-numerical values, such as options and colors [51].
However, the chromosome only represents numerical values in this study.
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The next step of the GA is to estimate each of the parameters to minimize the fitness
function. To select the individuals to have further crossover and mutation in GA, a revised
roulette wheel method [52,53] was adopted. The cumulative fitness function of all indi-
viduals is a whole wheel. Each individual has a different weight on the wheel, and this
weight is proportional to the individual’s suitability. Figure 2 shows the revised model of
the roulette method concept, where each sector has different fitness. A larger area of the
roulette wheel has a higher chance of being selected (Figure 2a). The area of the roulette
wheel is determined based on the fitness value of the chromosome, which can be calculated
by Equation (4):

As =
fs

∑N
n=1 fn

× 100 (4)

where fs is the fitness value of the chromosome, s. N is the total number of chromosomes.
The slices which represent each chromosome have a total size equal to 100% of the roulette
wheel. The crossover and mutation then take place and two chromosomes exchange the bit
string through a single-point crossover. A mutation rate is decided to determine whether
a gene in the chromosome will mutate or not. A bit in the chromosome will then take its
inverse, from 0 to 1 or vice versa, based on the fuzzy rules, as illustrated in Figure 2b.

Machines 2022, 10, x FOR PEER REVIEW 7 of 16 

𝐹 = ∑ ቚ𝐷௧ െ ቄ𝐶 + 𝐵 × 𝑡 + ஺×௦௜௡ሺఠ×௧ାఝሻ௣೐ ቅቚ௧ .  (3)

The six parameters (C, B, A, 𝜔, φ, and e) represent six segments of one chromosome 
[50]. Each chromosome will be 60 bits in length, and each parameter’s length will be 10 
bits [50]. Each 10-bit gene can represent 210 possible values for a range of 0–1024. The bi-
nary coding represents numerical values and non-numerical values, such as options and 
colors [51]. However, the chromosome only represents numerical values in this study. 

The next step of the GA is to estimate each of the parameters to minimize the fitness 
function. To select the individuals to have further crossover and mutation in GA, a revised 
roulette wheel method [52,53] was adopted. The cumulative fitness function of all indi-
viduals is a whole wheel. Each individual has a different weight on the wheel, and this 
weight is proportional to the individual’s suitability. Figure 2 shows the revised model of
the roulette method concept, where each sector has different fitness. A larger area of the 
roulette wheel has a higher chance of being selected (Figure 2a). The area of the roulette 
wheel is determined based on the fitness value of the chromosome, which can be calcu-
lated by Equation (4): 𝐴௦ = ௙ೞ∑ ௙೙೙ಿసభ × 100  (4)

where fs is the fitness value of the chromosome, s. N is the total number of chromosomes. 
The slices which represent each chromosome have a total size equal to 100% of the roulette 
wheel. The crossover and mutation then take place and two chromosomes exchange the 
bit string through a single-point crossover. A mutation rate is decided to determine 
whether a gene in the chromosome will mutate or not. A bit in the chromosome will then 
take its inverse, from 0 to 1 or vice versa, based on the fuzzy rules, as illustrated in Figure 
2b.

(a) 

(b) 

Figure 2. A revised model of the fuzzy roulette selection method. Figure 2. A revised model of the fuzzy roulette selection method. (a) Area of the roulette wheel,
(b) The fuzzy rules.

The fitness function of the analyzed product was prepared in the MATLAB script. The
upper boundaries and lower boundaries of the six parameters (C, B, A, ω ϕ, and e) were
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predefined. The constraints of the GA optimization were defined to identify optimal value.
The stopping criteria of the GA were defined as follows:

1. The maximum number of generations is exceeded;
2. Or, the average change in the fitness value is less than the other options.

The GA stops when either of the two stopping criteria is satisfied. The process is
repeated 10 times to find the lowest fitness value for the GA. The lower value of the fitness
function indicates the higher fitness of the prediction in the real data set. To analyze the
robustness of the forecasting algorithm in the forecasting of the cyclical industry, the dataset
was separated into three types of prediction periods for forecasting and compared based
on the three prediction period settings. Table 2 illustrates the conceptual diagram of how
the 20 months of sales records were divided into the three prediction periods, named type
I, type II, and type III (Figure 3). Type I represents the prediction of the last 4 months
based on the previous 16 months. For type II, the last 2 months’ predictions are based on
8 months’ data, while only 6 months are used for the type III prediction. The prediction of
the preceding months is used to predict the following 2 months; this continues for all the
following predictions.

Table 2. Comparison of errors between prediction periods of type I, II, and III.

Error Type I Type II Type III

Avg. error 78.90 56.80 44.20
RMSE 120.72 91.76 103.98

% error 19.59 22.18 10.62
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3.3. Inventory Optimization

In this paper, we proposed the inventory optimization models for calculation including
the safety stock statistical model and the dynamic safety stock model. To achieve inventory
optimization, the level of safety stock should be kept at an appropriate level [54]. The safety
stock statistical model calculation can be used when the replenishment time is confirmed
and stock consumption is random [55,56]. The safety stock equation is as follows:

Sa f etystock = Z ×

√(
LT
T

× σ2
D

)
+
(
σLT × Davg

)2. (5)

The service factor (Z-score) is represented by Z. The standard deviation of demand
is represented by σD, where the lead time standard deviation is represented by σLT. The
lead time is labelled LT, and T represents the time that is used for the standard deviation of
demand. The last variable, Davg, refers to average demand.
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However, as the company does not record lead time, the variable LT
T is simplified to

average lead time or ALT. In doing so, we proposed the dynamic safety stock model which
is calculated using the following equation:

Sa f etystock = Z ×
√(

ALT × σ2
D
)
+
(
σLT × Davg

)2. (6)

On the other hand, the changing safety stock model will be combined to calculate
safety stock and inventory. Ferbar Tratar [57] suggested a method to minimize the safety
stock of a seasonal product, and the equations are as follows:

σ =

√
∑ Deviation2

N − 1
(7)

Sa f etystock = Z ×
√

LT × σ2 (8)

where the deviation is the prediction difference from real sales, and N refers to the number
of observations. LT refers here to the average lead time. The variables in the Equations
were calculated using Excel. The monthly inventory prediction can be obtained by adding
the average demand and safety stock.

3.4. Proposed Digital Twin in Smart Warehouse

Figure 4 illustrates the proposed digital twin model in the smart warehouse for
the small-scale cyclical industry. The proposed integrated digital twin smart warehouse
management system has two layers including the physical layer and virtual layer. The
virtual layer in the digital twin composes of the smart logistics and tracking system,
integrated management system, smart perception system, real-time e-tracking system, and
smart delivery system. The layer is integrated with the physical layer through the IoT
devices and enterprise information systems that form the digital twin network.
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At the physical layer, the smart warehouse and data center receives and manages
inventory data from the warehouse. In the smart warehouse, the order is automatically
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received, and then the system confirms whether the product is in stock. Then, the pick-up
list is sent to the robot cart, the ordered products are put into the container, and then they
are handed over to the workers for the next step. The inventory management system
summarizes and gathers products inventory data and demand forecasting information in
the virtual layer to perform inventory management, with in storage and out of storage types,
and with a query as the main application type to establish the corresponding transaction
processing, so that the quantity of goods inventory is controlled in the best state. In the
management system, the revised model of the fuzzy roulette selection method for demand
forecasting was integrated with the inventory optimization approach to deal with the
complex variation of the inventory record. The inventory record is dynamically updated
to provide data to the following suppliers and manufacturers, as well as the procurement
manager to control the supplies and inventory to a certain optimized level. As such, the
digital twin framework can be designed to deal with the deviation in real demand and the
simulated inventory optimization under the actual situation.

The storage delivery system uses data to pick, package, and redistribute the storage
location, and finally query and observe and track the delivery status through the logistics
tracking system, which was originally a means used by logistics enterprises to track the
flow of internal goods. The tracking system determines the time of each transportation,
sorting, transit, and distribution, and can even be accurate to the exact time in each link
that constitutes the integrated digital twin smart warehouse management framework.

4. Results

In this section, the experimental results are illustrated in four key sections. In the
beginning, the initial GA parameter settings are defined based on the test case scenario.
Then, the prediction results are illustrated, and different types of prediction are compared
to determine better settings of the demand forecasting approach, followed by the results
for optimizing the inventory level. Lastly, the framework for implementing the smart
warehouse in the case study company is elaborated.

4.1. Roulette GA Settings

A roulette GA was applied to predict the product demand of the studied company.
A product item with the highest number of recorded transaction times was selected as it
provides a larger sample size to exhibit the sales forecast procedure. We performed analysis
of 20 months of data to illustrate the results. Different parameters were initially set for
the GA, including the generation size and crossover probability, and the mutation rate
influences the calculation speed. The parameter settings for GA optimization were defined
as follows:

• Population size: 1000.
• Constraint-dependent mutation function.
• Constraint-dependent crossover function.
• Crossover fraction: 0.2.
• Stopping criteria generation: 1000.

4.2. Demand Forecasting

In this section, the prediction period of types I, II, and III and implemented and
compared to determine the error between different types of prediction periods for the
proposed algorithm. The average error in the quantity, root mean square error (RMSE), and
the percentage error was used to determine the accuracy of the approach. The results are
summarized in Table 2.

In the beginning, the prediction period type I was used. In this period, the first
16 months of historical data were used to predict the last 4 months of demand. The
prediction results found that the sum of the errors was 1261.8 units, and the average error
was 78.9 units. The percentage error of the sales forecast was 19.59%. The RMSE was 120.72,
which indicated that the GA prediction model was far from the real data. In the forecasting
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of the prediction period, the prediction curve is similar to the historical data. However, the
second year’s prediction tends to smooth the amplitude, and the curve became flattened
and was less similar to the historical sales record than the first year.

Then, prediction type II separated the data into two years for forecasting. The first
eight months of historical data in each year were used to predict the last two months
of demand in the same year. The integration of the entire sales forecast was created by
accumulating the prediction results. According to the results predicted, the sum of the
errors was 316.1 units, and the average error was 56.80 units. The percentage error of the
sales forecast was 22.18%. The RMSE was 91.76, which was moderate and showed that
the prediction was close to the historical data. The type III prediction period performed
prediction based on the data from the first 4 months. The results showed that the RMSE of
the sales forecast was 103.98 and the percentage error was 10.62%.

Table 2 summarizes the prediction error of the demand forecasting between types I, II,
and III of the forecasting periods. The results revealed that these three types of prediction
periods showed a similar result in terms of RMSE and percentage error which is important
to the cyclical industries. However, a longer period of historical data is believed to increase
the forecasting accuracy due to the cyclical feature of this industry as the results have
shown that Type I forecasting can effectively forecast the sharp changes in the demand
during a sudden economic recession as presented in the historical data. This approach
effectively facilitates the cyclical industry to estimate peak season demand, thus it is useful
for developing sales strategies in the future.

4.3. Inventory Optimization

This section proposed the approaches for inventory optimization, we proposed two
approaches for optimizing the inventory including the safety stock statistical model and
dynamic safety stock model. The approaches were compared to determine an appropriate
safety stock approach for the cyclical industry.

4.3.1. Safety Stock Statistical Model

In this model, Equation (5) was used to calculate safety stock. The service factor (Z),
lead time (ALT), and standard deviation of the lead time (σLT) were obtained from the
assumption due to the lack of readily available first-hand data from the company. The
function of Z in the safety stock calculation was used as a factor and multiplied with
the standard deviation to ensure the inventory could fulfil company service levels. ABC
analysis is one method that fosters companies to determine optimum service levels [50].
Class A product contributes the highest 20% of company revenue; Class B contributes
around 20–30%; and Class C contributes 50–60%. The studied product, cotton twill, is a
Class A product. The service level of Class A products should be between 96% and 98%.
The service level of cotton twill is defined at 98% and is converted to a service factor, which
is 1.75 (Z). The inventory level is predicted monthly. The lead time is converted from 7 days
to 0.23 months (T). The standard deviation of the assumed monthly lead time (σLT) is 0.05.
The 16-month predicted demand figure is equal to the sales forecast quantity.

The monthly demand for the study period was obtained from historical and predicted
data. The predicted demand covers 4 months of the second year (the forecast result uses
prediction type I). The historical sales record of the remaining 12 months was used as the
monthly demand in the safety stock calculation. The average demand (Davg) was equal
to 408.2 units. The standard deviation of the demand (σD) was rounded to three decimal
places for 549.082. The safety stock was calculated according to and equaled 462.54 units.
Thus, there should be 463 units of safety stock in the warehouse. The monthly inventory
was predicted by adding the average demand and safety stock, which was 872 units.

Figure 5 shows that the inventory of the company was prepared using the safety stock
statistical model. The safety stock level is higher than 18 months of real demand. Only the
demand in March and September of the second year was greater than the safety stock level.
Safety stock was overestimated in non-peak months. This overestimation becomes more
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severe in predicting inventory level because the high seasonal demand in November of the
first year has induced many effects on the standard deviation of demand.
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4.3.2. Dynamic Safety Stock Level Model

Then, a dynamic safety stock level w using Equations (6) and (7) was adopted to
reduce the influence of high seasonality [58]. However, this approach does not apply to a
non-repeated month in the observations. Part of the standard deviation equation in this
model was calculated by dividing the number of observations by minus one. The historical
data for the product item has four non-repeated months: January and February of the first
year and November and December of the second year. For these months, the monthly
safety stock is equal to the value determined by the safety stock statistical model (463 units).
Each of the remaining eight months has two observations. The monthly inventory was
predicted by adding monthly predicted demand and monthly safety stock. The results
calculated using the changing safety stock level model are illustrated in Figure 6.
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5. Conclusions

In this study, a digital twin model for the smart warehouse was proposed. The
smart warehouse was suggested to integrate with demand forecasting and inventory
optimization for manufacturing management. The digital twin model enables the demand
forecasting results to be simulated under prediction periods as well as using different
inventory optimization models. The digital twin model can be adaptable to the change
in the forecasting and inventory results which is particularly important in the cyclical
industry that needs to deal with the sudden change of demand during the economic
progression as well as the demand for seasonal products. Through demand forecasting,
sales patterns can be determined and predicted. The methods proposed in this study can
generate sales patterns, demand predictions, and inventory optimization, and these data
are useful for small- and medium-sized enterprises to understand marketing trends more
easily. The seasonality and trends can be observed using graphical representations of
demand predictions. The data facilitates the company to establish a business plan and
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arrange the supply chain to deliver customers’ services on time. Furthermore, the risk of
losing a potential customer can be lowered by preparing adequate safety stock.

This paper provides evidence to help cyclical companies perform inventory man-
agement. The comparison of stock minimization and the prediction information is also
useful to improve their inventory management. Some of the components of inventory
management were fulfilled in this study, and companies can use them to improve inventory
management time in the long term. More resources should be invested in manufactur-
ing management and product demand analysis for companies. Finally, other cyclical
enterprises can use the information gleaned from this research as inventory management
evidence and perform product demand predictions to capture market trends and align
with manufacturing capacity.

Nevertheless, there are two limitations to the project. There are difficulties in preparing
data to perform precise demand forecasts. There is a high variation in product choice,
because each product has a different choice of colour and size. Additionally, we had
incomplete and outdated data. The second limitation is that the demand function used is
less sensitive to seasonality products. The inventory prediction method proposed in the
study is more suitable for a product that has less seasonality. Although some of the textile
products are seasonal, the company can still use the method on their product to gather the
initial demand prediction. The nonseasonal development of the textile company can obtain
a high accuracy of the demand forecast. For future research in this area, we recommend the
following. The genetic algorithm and artificial intelligence neural network can be combined
to improve the accuracy of inventory prediction. The methods can also be implemented
in other industries for comparison, which may also be helpful to enlarge the database for
better accuracy in demand forecasting and thus inventory optimization.
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