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ABSTRACT

Forecasting has long been essential for improving enterprise performance, especially in inventory
management, production planning, and overall economic efficiency. This study aims to predict production
demand for a local stationery manufacturer with the aim of comparing and finding effective methods
between three classical forecasting methods - Moving Average, Exponential Smoothing, and ARIMA - with a
modern deep learning approach, Long Short-Term Memory (LSTM), to optimize production or inventory
planning and management, and support enterprises in reducing waste and saving many expenses. Despite
the ease of implement, the classical forecasting methods have difficulties in capturing and remembering
economic trends, while machine learning gives more effective results in this circumstance. The data set
includes quantities of demand and production collected and pre-processed by normalizing and stationarity
testing. Classical methods are applied to capture the trends and variations in the data. At the same time, the
LSTM is built to learn models with more complex patterns or some essential elements that traditional
methods might overlook. The efficiency of the model is evaluated through forecasting errors such as Mean
Squared Error (MSE), Root Mean Squared Error (RMSE), and Mean Absolute Percentage Error (MAPE).
According to experimental results, classical methods provide a sustainable baseline. Still, the LSTM model
shows high accuracy, especially in catching up with subtle fluctuations and unusual patterns in the dataset. It
is ensured that using advanced deep learning techniques, such as LSTM, could improve forecasting error and
reliability and significantly benefit manufacturing planning and inventory control. This study contributes to
this field by providing a comprehensive comparative analysis of forecasting methods and practical insights

forindustrial companies to upgrade their capabilities in forecasting production demand effectively.
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1.INTRODUCTION

In a competitive manufacturing environment,
precisely forecasting demand is essential for
optimizing production planning, inventory
management, and overall operational efficiency to
help the company gain many economic benefits.
For companies in dynamic markets, such as pen
manufacturers, customer demand fluctuates over
time. At certain periods, production output falls
short of actual demand, leading to shortages and
supply disruptions, while at other times, output
exceeds demand, resulting in excess inventory and
increased storage costs. As a consequence, these
fluctuations make cost control challenging and
inefficient. Therefore, accurately forecasting
demand is essential for businesses to reduce costs,
minimize waste, and enhance customer satis-
faction. Despite various forecasting techniques,
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choosing the most suitable model to balance
accuracy, interpretability, and compu-tational
efficiency is still tricky. Besides that, comparing
different forecasting methods provides a more
comprehensive and objective perspective for the
study and helps enterprises to identify the most
suitable approach for practical application.

Traditional forecasting methods - Moving Average,
Exponential Smoothing, ARIMA, for instance -
have been popular for predicting demand in an
industrial background because of their simplicity
and easy implementation. These methods
effectively capture trends and patterns in a stable
production environment. However, they also have
limitations when applied to more complex models
and fluctuations.

Recently, deep learning has advanced, particularly
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with the innovation of the Long-Short Term
Memory (LSTM) network; therefore, new avenues
have been opened for modeling time series data.
Capturing long-term or short-term dependencies
and nonlinear relationships can help LSTM
become a promising technique for demand
forecasting in industries with rapid market
fluctuations. Nevertheless, deep learning models
also have drawbacks; they can be data-intensive
and sometimes operate as “black-boxes”, which
can be challenging for researchers when practicing
in environments requiring interpretability.

This study comprehensively compares three
forecasting methods - Moving Average, Exponential
Smoothing, and ARIMA - to the LSTM approach for
predicting production demand in a local pen
manufacturing company. By taking advantage of
historical data, this study seeks to answer key
guestions: How do classical methods capture
demand patterns in a volatile market? Can LSTM
provide better forecasting accuracy despite its
complexity? And what are the critical factors
influencing the performance of these models?

The study is confined to the production data of a
local pen manufacturer, offering a focused
investigation of the challenges and nuances
inherent in this industry. Through implementing
and evaluating models using metrics such as Mean
Squared Error (MSE), Root Mean Squared Error
(RMSE), and Mean Absolute Percentage Error
(MAPE), the research efforts provide possible
insights and recommendations for both academic
researchers andindustry practitioners.

By bridging the gap between traditional forecasting
and modern deep learning approaches, this study
contributes to academic literature. It gives practical
implications for manufacturers seeking to enhance
their production planning processes in a rapidly
evolving market.

Section 1 provides an overview of the current
situation, the problem, the objective, and the
methodology used in the study. The Literature
Review briefly summarizes previous research and
compares those studies with the current one.
Section 3, Methodology, presents the methods and
types of errors used in the analysis. Section 4
presents the results of the forecasting models,
along with a comparison between them to provide
a more comprehensive view. The final section is the
Conclusion, which summarizes the study's main
findings and suggests directions for future research.
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2. LITERATURE REVIEW

Classical statistical methods have been used widely
in early explorations about predicting production
demand due to their simplicity and ease of
interpretation, such as Moving Average and
Exponential Smoothing. For instance, Fattah et al.
(2018) compares the performance of Moving
Average and Exponential Smoothing through
predicting quantities of sales in the future. The
result demonstrates that while these methods are
computationally efficient and easy to implement,
they tend to struggle with highly uncertain data
and seasonality effects [1]. Basri et al. (2019)
implemented Exponential Smoothing to predict
production demands, emphasizing that parameter
tuning is important to achieve higher accuracy[2].
Additionally, Kahraman and Akay (2023) conducted
a study regarding to compare Exponential
Smoothing methods in forecasting global prices of
main metals[3]. Exponential smoothing seemed to
be effective for short-term forecasting, but there
are some limitations in capturing sudden market
fluctuations and external economic factors. The
primary advantage of these methods is their
simplicity, but they lack adaptability to complex
nonlinear relationships.

The Autoregressive Integrated Moving Average
(ARIMA) modelis a popular forecasting method for
time series data. It is known for its ability to
capture linear patterns in data. Zhang (2003)
conducted a comprehensive study comparing
ARIMA with artificial neural networks (ANNs). This
study concludes that ARIMA performs well for
short-term forecasting with stable data than
capture nonlinear patterns effectively[4]. Another
study using ARIMA to predict the number of
COVID-19 cases by Munarsih et al. (2020),
demonstrating that this method can provide
reliable short-term forecasts, but its performance
falls with complex datasets[5]. Chodakowska et al.
(2023) evaluate the effectiveness of ARIMA
models for forecasting solar radiation in different
climatic conditions, demonstrating their practical
application and highlighting the need for location-
specific model development [6]. However, the
limitation of ARIMA is its assumption of
stationarity, requiring extensive preprocessing to
transform non-stationary data into a form suitable
for forecasting.

With the rise of deep learning, LSTM networks
have emerged as a powerful forecasting technique
capable of handling complex time-series data. The
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study by Fattah et al. (2018) applied LSTM for
demand forecasting and found that it significantly
outperformed traditional statistical models in
capturing long-term dependencies [1]. Similarly,
Munarsih et al. (2020) and Basri et al. (2019)
demonstrated the superiority of LSTM over ARIMA
in forecasting COVID-19 cases and production
demand, respectively [2, 5]. The primary
advantage of LSTM lies in its ability to recognize
intricate patterns in sequential data, making it
highly effective for non-linear time series.
However, these models require extensive
computational resources and large datasets for
training, making them less accessible for small-
scale applications.

A growing body of research suggests that hybrid
models combining statistical and deep learning
approaches yield superior forecasting accuracy.
Zhang (2003) explored the integration of ARIMA
and artificial neural networks, highlighting that
such models can leverage the strengths of both
techniques[4]. Basri et al. (2019) and Munarsih et
al. (2020) also experimented with hybrid models,
demonstrating improved performance over
standalone ARIMA or LSTM methods[2]. The main
challenge associated with hybrid models is their
complexity, requiring careful design and
optimization to ensure balanced contributions
from both statistical and machine learning
components.

In this study, the production demand of a pen
manufacturing company is forecasted by using five
previously mentioned forecasting methods and
evaluated their performance based on the value of
MAD, MSE, MAPE, and RMSE. This approach allows
for an objective assessment of the results and the
selection of the most suitable method for the
dataset, rather than limiting the comparison to
only two or three methods. Additionally, this study
applies a novel approach to Artificial Neural
Networks for medium-term datasets by reducing
the number of neural layers during data processing.

3. METHODOLOGY

3.1. Problem

From the data for this study, that were collected
from a local company specializing in office supplies
manufacturing, which is experiencing difficulties in
meeting customer demand. As shown in Figure 1,
the production volume fails to meet more than
90% of the required supply for customers from
2023 to 2024. The blue line and orange line
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demonstrate quantities that were forecasted and
actual customer demand, respectively, from
January 2023 toJune 2024.
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Figure 1. Quantities of forecasting and demand
from January 2023 to June 2024

According to available data and conducting to find
out the key reasons for this problem, Fishbone
Diagram points out that the company has not had
any systematic and effective method yet. Staff
members primarily rely on personal experience to
make predictions, while there are a lot of significant
changesinthe economy.

3.2. Forecasting technique
3.2.1. Moving average
A fixed number of data points is selected, and the
average is calculated based on the most recent
observations [7]. As new data arrives, the oldest
value is replaced, and the updated average is used
for forecasting. This method is known as Moving
Average (k-order MA(k)), is calculated as follows
Equation1:

?t+1 — Yt+yt—1+l;-+yt—k+1 (1)
Where:
17t+1: Forecasted value for the next period.
Y:: Actual observed value of the current period.

k: Number of periods.

3.2.2. Exponential smoothing

The Simple Exponential Smoothing method pro-
vides a weighted moving average of all previously
observed values, with exponentially decreasing
weights [7]. It continuously updates estimates
based on recent observations, smoothing past
values in a way that declines exponentially. The Ex-
ponential Smoothing function follows Equation 2:

f/t+1 =a¥e+(1- a)?t (2)
Where:

?Hl: The new smoothed value or the forecast
value for the next period.
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Y;: The new observation or the actual value of the
series in period t.

Y,: The old smoothed value or the forecast for
period t.

a: The smoothing constant (0 < a < 1).

3.2.3. Autoregressive integrated moving average
(ARIMA)

This method combines three components: the
AutoRegressive (AR) model, the Integrated (I)
property of the data series, and the Moving
Average (MA) model. AutoRegressive (AR) Model:
This component represents the autoregressive
process, incorporating lagged values of the current
variable [7]. Specifically, the AR(p) model (pth-
order autoregressive model) is expressed as
follows Equation 3:

Yt = d)o + (plyt—l + q)ZYC—Z-l-' ‘e +q)th_p + &t (3)

Where:

Y;: The response variable at time t.
Ye—1,Y:—2,...,Yi—p: The response variable at time
lagst — 1,t — 2,...,t — prespectively.

Do, D1, Py, ..., Ppy: The coefficients to be estimated.
&:: The error term at time ¢.

Moving Average ;MA, model: The moving average
process of order qqq, denoted as MA(q), is defined
as follows Equation 4:

YVi=ute —wig g —wrep = — we—q (4)

Where:

Y;: The response variable at time t.

&:: The error term at time t.

u: White noise error term at time t.

W1, W3, v, Wg' Coefficients of the moving average
terms.

Combine MA and AR, the ARMA (p,q) equation is
Equation 5:

Vi =@y + Y1 + QY o+ . +D)Y + 6 — (5)
W1E1 — Wr&r_p—... _(,l)qgt_q

3.2.4. Long-short term memory (LSTM)

A recurrent neural network (RNN), first defined by

Rumelhart, Hinton, and Williams (1986) [8], is a

deep learning model that is trained to process and

transform sequential data inputs into specific

sequential data outputs. Sequential data is data,

such as words, sentences, or time series data, in
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which the sequential components are correlated
based on complex semantics and syntactic rules.
An RNN is a software system composed of multiple
components that are interconnected in the same
way that humans perform sequential data
transformations, such as translating text from one
language to another. RNNs are largely being
replaced by artificial intelligence (Al) based on
transformation engines and large language mo-
dels, which are much more efficient at pro-cessing
sequential data.

Long-short-term memory (LSTM), developed by
Hochreiter and Schmidhuber (1997), is a variant of
RNN that allows the model to expand its memory
capacity to accommodate longer time horizons.
LSTM is designed to avoid the long-term de-
pendency problem. Remembering information
over a long period of time is their default property,
and we do not need to train them to remember it.
That is, they can remember it by nature without
any intervention. RNNs can only remember the

immediate recent input, but RNNs cannot use
input from some previous sequence to improve

predictions.

The LSTM model consists of 3 gates, stated in turn
through Equations 6, 7, 8:
- Input Gate:

iy = o(wilhi_q,x¢] + by) (6)

- Forget Gate:

fe = G(Wf[ht—l'xt] + bf) (7)
- Output Gate:
0 = o(Wo[he—q,x¢] + by) (8)

Where:

o: Sigmoid function.

w,: Weight for the respective gate (x) neurons.
h¢_1: Output of the previous LSTM block (at
timestamp t — 1).

x;: Input at current timestamp.

b,: Biases for the respective gates (x).

3.2.5. Forecasting error

We compare the effectiveness of forecasting
methods using the following four forecasting error
metrics (Equations 9, 10, 11, 12):

- Mean absolute deviation:

1 A
MAD =237, Y, =] (9)
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- Mean squared error:

1 A 2
MSE = n t=1(Y = 1) (10)
- Root mean squared error:
1 A 2
RMSE = V_-31,(Y; =¥, (11)
- Mean absolute percentage error:
_lyn Yl
MAPE anzl i (12)

4. RESULT
The study conducts forecasting and comparison
for the last 20 periods of the dataset, with the

results presented in Figures 2, 3, 4, and 5.
Comparing the Autocorrelation Function (ACF) of
three types of pens gives a brief overview for total
products in the company, illustrating the
appropriation of each method to the dataset.

4.1. Moving average

When fitting the autocorrelation function to the
residuals of the Moving Average model for pen A,
B, and C, most of the lags are within significant
limits. Although some of them are outside the
limitation, they do not strongly affect to effect of
this method (Figure 2).

i |
Mnocondation

ctttitersses

s bbdtéezzees
| |
Aiocorelation

I 4 & 1 W m W ow oW B om M s .
lag

P om @ oW oW oW @ on o B ]
Lag

ctttteezees
—_

®» u oW % W B o@: m
ug

Figure 2. Moving average autocorrelation function plot of pen A, B, and C

4.2. Exponential smoothing
The residuals are all within the limitations of the

ACF plot, which means that ARIMA works well and
is more appropriate for the dataset (Figure 3).
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Figure 3. Exponential smoothing autocorrelation function plot of Pen A, B, C

4.3. Autoregressive integrated moving average
This method gives the ACF Plot with quite small
residuals, and all of them are in the limitation.

Therefore, its forecasting errors for the 3 types
of pens are lower than 2 methods before (Fi-
gured).
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Figure 4. ARIMA autocorrelation function plot of pen A, B, C

4.4. Long-short term memory

All three plots show a decreasing trend in loss over
time, indicating that the model is learning and
improving as training progresses. The loss starts at a
relatively high value and gradually reduces, which is

Hong Bang International University Journal of Science

expected in most machine learning training
processes. Due to the low final loss, these plots
show that the models are learning well by detecting
non-linear patterns or hidden elements in
sequential data that traditional methods often miss.
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Figure 5. Loss function plot of pens A, B, and C

For a more obvious observation, the results can be
summarized in Table 1, which compares the
forecasting error metrics of the five methods. It
can be observed that the LSTM method yields the
most favorable error results compared to the
other methods. An ANN network is implemented
in Python to achieve the optimal results. The
forecasting process relies on the previous 16
weeks of data (e.g., to predict sales for week 17,
data from weeks 1 to 16 is used; for week 18, data
from weeks 2 to 17 is utilized). The core of the

model lies in the LSTM layer with 80 units. The
model is designed to predict a single output. The
Mean Squared Error (MSE) is used as the loss
function during training.

Assuming the production cost of one box of pens is
100,000 VND, the average savings for types A, B,
and C are 15,481,070 VND, 15,693,820 VND, and
11,642,130 VND, respectively. This appears to be
quite feasible, and if applied to all of the
company's products, it would result in significant
costsavings.

Table 1. Comparative table of three types of pens in terms of forecasting metrics

PEN A
Moving Average Exponential Smoothing ARIMA LSTM
MAD 191.775 173.8624 170.92 139.3938
MSE 51,950.7125 40,195.502 42,225.1 23,966.3428
MAPE 9.94% 9.41% 9.08% 7.41%
RMSE 227.927 200.4882 205.49 154.8107
PEN B
Moving Average Exponential Smoothing ARIMA LSTM
MAD 170.625 145.3838 147.71 122.2053
MSE 39,857.4125 28,739.9199 33,841.59 24,629.6053
MAPE 20.54% 16.49% 17.74% 13.88%
RMSE 199.6432 169.5285 183.96 156.9382
PEN C
Moving Average Exponential Smoothing ARIMA LSTM
MAD 136.55 117.0827 119.51 97.093
MSE 26,873.575 16,900.8302 18,600.27 13,553.9158
MAPE 9.86% 8.38% 8.69% 7.14%
RMSE 163.931617 130.0032 136.38 116.4213

5.CONCLUSION

This research has provided a comprehensive
comparison of traditional forecasting methods,
including Moving Average, Exponential Smoo-
thing, ARIMA, with a deep learning approach -
Long-Short Term Memory (LSTM) networks to
predict the production demand of a local pen
manufacturing company. The study describes
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strengths of classical techniques such as simplicity,
transparency, and ease of implementation in
stable conditions and demonstrates the difficulty
these methods face in some circumstances.
However, although LSTM gives strong ef-
fectiveness to research in unusual backgrounds, it
also comes with trade-offs for SMEs.

This study contributes a new approach to resolve
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with this problem by using LSTM, a strong
technique to forecast, combining with reducing
the layers of this network to bring a possible result
and then offering a feasible solution for resource-
constrained manufacturers. By emphasizing the
importance of selecting forecasting models that
align with specific production environments and
economic contexts, this research offers actionable
insights for SMEs seeking to improve operational
efficiency and responsiveness.

In the future, research will concentrate on developing

more interpretable deep learning models. This re-
commendation is crucial for SMEs to respond ef-
fectively to demand fluctuations and optimize their
production planning and cost savings in an ever-
changing economic landscape.
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Phwong phap duw bao hiéu qua trong xac dinh nhu cau
san xuat: Mot nghién ciru dién hinh
Nguyén Thj Thu Hao, Ha Trong Khoi, Lé Thi Diém Chau

TOM TAT

D bdo tir Idu dé la yéu té thiét yéu gitp doanh nghiép cdi thién hiéu sudt va tdng hiéu qud vé kinh té. Cdac
phuong phdp du bdo kinh dién nhw trung binh déng (Moving Average), lam min theo ham mii (Exponential
Smoothing), ARIMA cling véi phwong phdp bé nhé dai han ngdn han (LSTM) dé duorc st dung trong nghién
cttu nay véi muc dich so sénh va tim ra phuwong phdp hiéu qué nhdm gitp téi wu hod ké hoach va qudn ly sén
xudt hodic qudn ly ton kho, déng thoi gitip doanh nghiép tiét kiém chi phi. Cdc phwong phdp cé dién tuy dé
thue hién nhung khé ndm bat va khé ghi nhd xu hurdng thj trirong, trong khi phurong phdp hoc mdy cho ra
két qua rdt tét déi vdi tinh huéng ndy. B6 dit liéu duoc st dung duoc Iy tir mét céng ty sGn xudt but dia
phuwong, durgcxirly bdng cdch chudn hod va kiém tra tinh dirng. Hiéu qud cda mé hinh duoc ddnh gid théng
qua cdc chi sé nhw sai sé binh phwrong trung binh (MSE), cdn béc hai sai sé binh phwong trung binh (RMSE)
va sai s6 phdn trdm tuyét déi trung binh (MAPE). Theo két qud thi nghiém, cdc phurong phdp cé dién cung
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clp durdong co'sé bén ving. Tuy nhién, LSTM cho thdy dw bdo c6 d6 chinh xdc cao hon, c6 thé cdi thién sai sé
dwbdo va dé tin cdy, mang lailgi ich vé mdt ky thu@t va kinh té€ cho doanh nghiép. Nghién ciru nay déng gép
vao linh vire sén xudt béng cdch cung cdp phén tich so sdnh todan dién vé cdc phwong phdp dw bdo va hiéu
biét thuc té cho cdc céng ty céng nghiép dé ndng cao ndng luc dw bdo nhu cu san xudt hiéu qua.

Keywords: dw bdo, trung binh déng, Iam min theo ham md, arima, bé nhé dai han ngdn han, chudi thdi gian
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