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Chapter 1

Introduction

As the backbone of global economic growth, large-scale heavy manufacturing
industries must ensure that products are distributed to all customers at the de-
sired time and quantity. Upstream industries distribute raw materials to various
downstream industries and store them in various warehouses at di�erent points
in the region before they reach end users such as individuals, communities, pub-
lic institutions, o�ces, and government sectors. This relationship creates strong
interrelationships called the supply chain (SC). On the one hand, each link is
responsible for ensuring that the next receives the goods it needs at the exact
time. On the other hand, industries must avoid overproduction and massively
produce goods, resulting in wasteful quantity, and the quality of the remaining
products could be degraded due to prolonged storage in the warehouse (Sve-
tunkov and Boylan, 2020; Kilimci et al., 2019). This problem is even more crit-
ical for goods with short saleable, such as food or medicines. This phenomenon
represents a signi�cant challenge for the production and planning inventory con-
trol (PPIC) department to accurately analyse the demand for goods and project
future needs using forecasting techniques. The prediction then determines the
daily production to allocate to other related departments, such as production,
logistics, purchasing and quality control (QC) (Alberg and Last, 2018).

Forecasting models are frequently used as the �rst step in production plan-
ning (Bouktif et al., 2020). Forecasting forms the foundation of the produc-
tion planning hierarchy, which provides several important decisions, including
purchasing raw materials, scheduling machines, bills of materials, maintaining
production machinery, and scheduling delivery of goods. It is crucial to ensure
that the forecasting results are as accurate as possible unless it could lead to
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2 CHAPTER 1. INTRODUCTION

a shortage of demand and additional production time. On the contrary, ex-
cessive product yields overstocking in the warehouse. Rescheduling production
may lead to delivery delays, which can a�ect customer satisfaction levels, reduce
orders, and impact revenue.

In addition, it would be bene�cial for the purchasing department to use fore-
casting techniques to predict the prices of routine materials for the production
process. One such item is energy and heating resources, including coal, natural
gas, heating oil and crude oil. Purchasing should monitor the daily movement of
energy prices (Yu et al., 2016a) to avoid future signi�cant energy price shocks
(ENPS). They may also postpone purchases if future prices are predicted to
decrease. Therefore, forecasting results also serve as a reference for the right
time to purchase goods (Bollapragada et al., 2021) and consider supplier new
contracts for the following long term.

The next department in the industry to be considered is the quality con-
trol (QC) department, which is responsible for preventing product defects from
entering the next process. They also have the critical task of determining the
additional number of products to be produced (Liu et al., 2016). At this stage,
the QC employs various forecasting models to predict the number of product
defects produced by each batch of products. This information is then shared
with the production and planning inventory control (PPIC) department so that
potential adjustments to the daily production can be considered. In the case
of industries that produce various products, it may be bene�cial to consider
varying the additional number for each type. The other departments in indus-
trial areas also employ forecasting, such as marketing (Abolghasemi et al., 2020;
Pavlyshenko, 2019) and �nance (Streimikiene et al., 2018).

Some articles used forecasting in various cases within the manufacturing in-
dustry. Abolghasemi et al. (2020) explored the potential of demand prediction
in the food industry, aiming to ful�l more than 800 stock-keeping unit locations
(SKULs). This technique could enhance managerial decision-making on the 
ow
of SC to distributors. Komalawati et al. (2019) noted that price 
uctuations may
a�ect beef consumers emotionally. She observed that the slow response of beef
meat producers to high demand shocks led to high prices and a shift in meat
sourcing to overseas producers (imports). This could be anticipated by local
producers with more accurate forecasting techniques. Jaipuria and Mahapatra
(2021) conducted a study on the cement industry in eastern India and found
that poor production planning may have contributed to overstock in storage.
This can result in the bullwhip e�ect, where the demand level may contribute
to signi�cant 
uctuations at the manufacturer. This case of the bullwhip ef-
fect represents a challenge in the pharmaceutical industry, as demonstrated by
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Siddiqui et al. (2022). With numerous product variants, ensuring that the data
analysis between retailers and industries is well-connected is crucial. Rosien-
kiewicz (2021) studied three vital sectors in the industry that use forecasting:
PPIC, maintenance department, and QC. The accuracy of forecasting in these
three sectors could potentially contribute to reducing inventory and increasing
productivity. Some other articles which show the bene�ts of forecasting in the
manufacturing industry are shown in Table 1.1.

The dataset in some articles in Table 1.1 have di�erent characteristics. Fore-
casting methods require su�cient historical datasets to recognise data charac-
teristics (such as trend and seasonality) to predict the next value (Kilimci et al.,
2019; Gandhi, 2022). However, in several cases, big historical data is needed for
SC cases because the demand is in
uenced by internal factors and many other
external factors, such as promotions, competitors, and product innovation (Sve-
tunkov and Boylan, 2020). The movement of product demand time series values
are indeterminant and has high volatility (Bouktif et al., 2020; Yu et al., 2022);
this uncertainties may cause single forecasting techniques to have di�culty in
providing accurate predictions.

Although no single forecasting model provides the best results in all con-
ditions, the development of hybrid forecasting has provided some more satis-
factory results than single forecasting (Zhou et al., 2019; Shi et al., 2012; Shan
et al., 2015). Shi et al. (2012) combined linear model of autoregressive integrated
moving average (ARIMA) and non-linear model (combination of arti�cial neural
network (ANN) and support vector machine (SVM)), which showed more accur-
ate results than single forecasting models for wind speed forecasting. To con�rm
the advantages of hybrid forecasting, Wang et al. (2015) used the Ljung-Box Q-
test (LBQ test) on hybrid seasonal autoregressive integrated moving average
(SARIMA) model and nonlinear model, which shows satisfaction. Other art-
icles on hybrid linear-nonlinear forecasting (HLNF) are Song et al. (2014) for
municipal solid waste forecasting and Seo and Kim (2020) in the case of the
volatility of bitcoin.

Another hybrid forecasting model is hybrid decomposition forecasting
(HDF). This technique utilises decomposition techniques to perform time-scale
signal decomposition and feature extraction and then enter the forecasting mod-
els (Srinath and Gayathri, 2022). Several forecasters use this concept. Cheng
et al. (2021) used wavelet decomposition (WD) in the case of ground-level ozone
as an air pollutant. Empirical mode decomposition (EMD) technique is used
by Krishna and Singh (2023) with deep learning (DL) model, long short-term
memory (LSTM) model, in the case of day-ahead electricity price forecasting.
Several articles on hybrid forecasting development become a reference for us to
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Table 1.1: Studies related to industrial forecasting

No Author Type of
Industry

Dataset Analysis

1 Bhatnagar
et al.
(2020)

Pump
industry

Product
demand

Forecasting products can be
complicated because it can
be related to many external
factors.

2 Liu et al.
(2016)

Common
industry

Quality
Control

Big data analysis can ana-
lyse quality problems and
provide prevention for defect-
ive products.

3 Sharma
et al.
(2021)

Sugarcane
industry

Sugarcane
production

Demand, productivity, and
product prices are related.
Forecasting can equalise de-
mand, increase productivity,
and stabilise prices.

4 Kilimci
et al.
(2019)

Multi
products
industry

Product
demand

Forecasting models can help
reduce excess stock levels,
which can result in revenue
loss, insurance costs, and
quality loss.

5 Ramyar
and Kian-
far (2019)

Energy
industry

Crude oil
price

Many industries are a�ected
by the volatility of crude oil
price, forecasting techniques
can understand the direction
of oil price movement and
provide better decisions and
policies.

6 Sigauke
and
Chikobvu
(2011)

Electric
power
industry
(EPI)

Daily
demand
in South
Africa

The forecasting technique can
analyse the next best plan-
ning of each daily production
so that it becomes a reference
for strategic planning in pro-
duction capacity expansion.

7 Jaiswal
et al.
(2022)

Potato
markets
of India

Agriculture
commod-
ity price

This forecasting study is to
determine the regional price
benchmark in Asia and see
the export potential in the
global market.
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apply to several cases in the industrial sector.
To summarise, here are the bene�ts of using forecasting techniques that have

had a positive impact on the industrial sector:

a. Forecasting helps anticipate demand changes and reduce uncertainty

Forecasting will help business and industry anticipate quickly the e�ects
of uncertainty from internal and external factors, reduce risks, and create
a stable SC balance (SAFIO Solutions, 2020).

b. Provide cooperation between several departments

Forecasting for various cases in the industrial area will help strengthen
the cooperation between related departments. This technique utilises es-
tablished scienti�c analyses to ensure comprehensible and complementary
results.

c. Able to quickly see the opportunities, chances, and potentials that exist

Business managements have an opportunity to increase the industry's po-
tential to reach a higher demand and market based on forecasting results.
The industry can expand by adding production machines or expanding
branches in other regions to capture demand gaps that competitors have
not �lled.

d. Guides scheduling for the rest of the company

Machine scheduling planning, the number of raw materials, and employee
working hours will follow daily demand, which forecasting has determ-
ined. This concept becomes the standard for the overall planning of daily
production activities (Bollapragada et al., 2021).

e. Saving money by reducing inventories

With the help of forecasting, the amount of production will be close to the
demand value without overproduction (Bouktif et al., 2020). The 
ow of
goods in and out is more stable, so there is no more excessive accumulation
of products, which can save money.

f. Increases knowledge of the market and provides insights for new product
development

The predicted decline in demand value does not always negatively impact
the industry. The predictions can provide an analysis of the possibility of
changes in market or other external factors. Therefore, the industry can
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plan innovation or new development decisions, such as market expansion
or diversi�cation, before the decline signi�cantly reduces revenue.

1.1 Scope of dissertation

The dissertation will take cases in large-scale manufacturing and heavy indus-
tries. Heavy industries involve huge, heavy, and complex production machinery
and equipment, requiring vast product facility areas. Therefore, heavy indus-
tries involve higher capital and also a lot of employment. Heavy industries
sell products to companies, other industries, and governments, such as petro-
leum, chemicals, textiles, mining, paper rolls, vehicles, natural gas, and energy
(Ittianath, 2024; CFI Team, 2022).

From the various examples above, I provide two scope objects related to my
studies as follows:

1. Scope based on the product of the heavy industry

I use three categories of heavy industries: (1) the paper industry, (2) the
electric power industry (EPI), and (3) the energy industries.

2. Scope of the datasets

I use three types of datasets from each thesis that I describe in each
chapter: (1) the number of defective products, (2) demand products and
(3) product prices.

1.2 Contributions of dissertation

In this dissertation, I develop hybrid forecasting to the related datasets. Some
contribution points are

1. Thesis 1

I focus on industrial quality problems using Poisson and negative bino-
mial �rst-order integer-valued autoregressive (INAR(1)) models to �t and
predict the product defect dataset from paper machines containing dis-
crete numbers. I provide some statistical theories to detect which model
performs better than others. I also perform comparison tests of Poisson
and negative binomial models with and without INAR(1) model, where
adding INAR(1) model brings lower goodness-of-�t.
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2. Thesis 2

I draw attention to industrial demand forecasting by introducing a novel
SARIMA-SVR model, which belongs to the hybrid linear and nonlinear
model (HLNF). After preprocessing the daily electrical consumption data-
set, I leverage the SARIMA model to incorporate the seasonal relationship
inside the model. To address the residual SARIMA's non-normality and
heteroscedasticity properties, I enhance the model with SVR, which better
captures nonlinear relationships.

3. Thesis 3

I am concerned about price forecasting and have successfully applied a
novel combination of decomposition techniques and deep learning mod-
els to predict four datasets of daily energy prices. The decompositions
could split the datasets into several di�erent frequencies. I compare four
decomposition techniques and three deep learning models. I also perform
mid-level multi-step forecasting, where the prediction ranges from 30 to
90 days ahead.

1.3 Arrangement of the dissertation

I divide the three studies into the following chapters (2, 3, and 4). Each chapter
will explain the literature review, theory, and research methodology. The fore-
casting model's results and conclusions will be discussed at the end of each
chapter. Furthermore, the last chapter, chapter 5, summarises all chapters of
the dissertation.
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Chapter 2

Prediction of product
defects using Poisson and
negative binomial INAR(1)
models

2.1 Introduction

The �rst study in this chapter focuses on defective products, one of the press-
ing issues in the manufacturing industry. If not managed e�ectively, this issue
can cause delays in delivering goods to customers. Defective products are cat-
egorised into three treatments: [a] repair, [b] discard, or [c] downgrade (Palkhe,
2020). Repair requires time and cost for further handling, and at the end of
the process, it also requires retesting to determine if the product has met the
standard. Discard is throwing the product into scrap, while the downgraded
product can be sold to di�erent customers at a lower price. Another impact is
rescheduling production to compensate for the shortage of product quantities
that customers want; this also increases production costs and wastes time. This
results in delayed deliveries to customers, which can give negative sentiment to
customers (Sharma et al., 2019; Naikan et al., 2012).

All product quality problems arise from two main categories: controllable
and noise factors. Controllable factors are problems caused by industrial assets

9
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such as machines, machine operators, equipment, or raw materials. This factor
can be addressed directly by repairing and maintaining machines, retraining ma-
chine operators, and maintaining the quality of raw materials. In other words,
it can be solved immediately. Other factors are noise or uncontrollable factors
such as temperature, dirt, and humidity, which come from the environment and
are di�cult to avoid (Montgomery, 2017). This factor is also di�cult to identify,
but these defects can be analysed so that there is a product tolerance to avoid
shortages at the end of the process.

The constantly developing method of time series data analysis can help un-
derstand many occurrences of problems to make predictions with a high degree
of accuracy (Qin et al., 2022; Zhang et al., 2017a). Industry management usu-
ally underestimates this data analysis, which mainly uses intuition to determine
product tolerance, resulting in another problem, such as overproduction. In
addition, computerisation development is now increasingly sophisticated. Like-
wise, database processing is rapidly increasing, so processing large amounts of
data is no longer a problem; it helps in data analysis (Li, 2020). This disser-
tation aims to use historical defect data with the �rst method of forecasting
data. Next, I will �nd the best parameters for various forecasting methods
and compare them using error measurements to determine the best forecasting
model.

The particular case in this study compared to other common studies is that
the product defect data is in the form of integer or discrete values. This is
mainly for industries that produce countable products such as vehicles, paper
rolls, electronic devices, etc. Therefore, I use non-negative discrete forecasting
time series (NDFTS) analysis, which is also widely used for integer data such as
the number of infectious diseases (Bourguignon et al., 2016), number of tourists
(Atmanegara et al., 2019), population studies and others. NDFTS di�ers from
the solutions in the following study (chapters 3 and 4), which have other dataset
types.

2.2 Literature review

The development of forecasting models goes back to the concept of autoregress-
ive (AR) model by Yule (1927) and Walker (1931) in the 1920s and moving
average (MA) model by Yule and Slutsky, also in the 1920s and later. Moran
and Whittle (1951) introduced the combination of these two methods into the
autoregressive moving average (ARMA) model, which was popularised by Box
et al. (1974). These three models became one of the most important devel-
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opments in discrete forecasting techniques, by introducing the Integer-Valued
Autoregressive (INAR) model, introduced by McKenzie (1985). Subsequent
development is the addition of the Poisson distribution to the innovation dis-
tribution. Poisson model has equidispersion characteristics, while the negative
binomial model is used for overdispersion in innovation dispersion (Wei�, 2018).
In this �rst case study, I will use the INAR model and its two other extensions,
Poisson INAR (PINAR) model and negative binomial INAR (NBINAR) model.

Atmanegara et al. (2019) used NDFTS to predict the number of foreign
tourists visiting Indonesia from all countries. Compared to ARIMA model, the
prediction of tourists from Singapore and Bahrain using PINAR model gives
more accurate results. Yang et al. (2021) used PINAR model to observe the
increase in the number of accidents caused by elderly drivers in one of the cities
in Japan. This model can observe the monthly increase and the variability of the
case. In addition, Bourguignon et al. (2019) used this method on the number of
syphilis cases and its relationship with the number of domestic violence cases.
For studies with NBINAR model, Olakorede and Olanrewaju (2023) compared
this method with the �rst order INAR model in the case of COVID-19 in Nigeria,
where NBINAR model gave better short-term predictions.

Wamwea et al. (2023) also conducted COVID-19 forecasting in Nigeria with
NBINAR model, using the multi-stage daily forecasting technique with input
data on cumulative infected victims. Some of the above articles suggest that
developing INAR(1) model is needed for forecasting because there is still an in-
novation distribution that can be captured by adding Poisson model or negative
binomial distribution properties. To our knowledge, NDFTS research on cases
in heavy manufacturing industries has yet to be done. Hence, the novelty of
this study is the use of NDFTS methods, namely PINAR and NBINAR models,
in the case of product defects in manufacturing production.

In this study, let ( x t )t 2 N0 be a discrete, i.e.,N0-valued time series where
N0 denotes the non-negative integers. Alternatively, we may call (x t ) as count
process or count time series.

2.2.1 Autocorrelation function (ACF) and partial auto-
correlation function (PACF)

The orders of the autoregressive (AR(1)) model can be inferred from ACF and
PACF. The autocorrelation of stationary process (x t ) at lag k (� (k)) is de�ned
as

� (k) := Corr [x t ; x t � k ] =

 (k)

 (0)

=
Cov[x t ; x t � k ]
� (t) � � (t � k)

; (2.1)



12 CHAPTER 2. PRODUCT DEFECTS FORECASTING

where � 2(t) is variance ofx t and 
 (k) is the autocovariance at lagk that 
 (k) =
Cov[x t ; x t � k ] which does not depend ont. The range of � (k) is � 1 � � (k) � 1.

In addition, PACF of stationary process x t (� kk ) is the autocorrelation
between x t and x t � k after the linear dependence off x t � 1; x t � 2; : : : ; x t � k+1 g
removed. The partial autocorrelation can be calculated from

� 11 = Corr [x t ; x t � 1] = � (1) (2.2)

and
� kk = Corr [x t � x̂ t ; x t � k � x̂ t � k ]; k � 2; (2.3)

where x̂ t , for k � 2, is the regression ofx t � k on f x t � 1; x t � 2; : : : ; x t � k+1 g.

2.2.2 First order autoregressive model (AR(1))

The AR(1) model is a special case of the autoregressive model of orderp or
AR( p). AR( p) is a technique for understanding the value ofx t based on the
previous past values of the process. The AR(p) formula is

x t = � 1x t � 1 + � 2x t � 2 + : : : + � px t � p + wt ; (2.4)

where � 1; � 2; : : : ; � p are constants with � p 6= 0 and wt v WN(0; � 2
w ) is weak

white noise.
In casep=1, the formula (2.4) leads to AR(1) model equation:

x t = � 1x t � 1 + wt : (2.5)

AR(1) is a stationary model when j� 1j < 1.

2.2.3 First order integer-valued AR model (INAR(1))

Let the innovations (� t )t 2 N0 be an i.i.d. sequence of non-negative integer-valued
random variables, such that

E[� t ] = � � and Var [� t ] = � 2
� (2.6)

and � 2 (0; 1). INAR (1) model follows the recursion

x t = � � x t � 1 + � t ; (2.7)

where � denotes the thinning operator and� is the in
ation parameter.
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I use binomial thinning for the thinning operation. The random variable

� � X :=
XX

i =1

Z i (2.8)

arises fromX using binomial thinning, where (Z i ) denotes a counting sequence
of Bernoulli random variables with mean � . SinceZ i � Bin (1; � ) and the bino-
mial distribution satis�es the addition property, � � X has conditional binomial
distribution from X ; � � X jX � Bin (X; � ).

The equation (2.7) is said as INAR(1) model if all thinning operations are
independent of each other and of� t ; and if each t, all thinning operations and
� t are independent ofxs, where s < t .

If we have innovations' distribution, the mean and variance of x t using the
INAR(1) model are

� =
� �

1 � �
(2.9)

and

� 2 =
� 2

� + �� �

1 � � 2 (2.10)

with the assumption that the model is even stationary.

2.2.4 First order Poisson INAR model (PINAR(1))

The main characteristic of the PINAR model is the innovations (� t ) follow the
Poisson(� ) distribution; � � = � 2

� = � . In this case, the stationary distribution
follows Poisson distribution as well. As Poisson distribution's characteristic, the
index of dispersion (I ) is equal to 1, called equidispersion. We useI to analyse
equidispersion of a distribution using the formula of

I :=
� 2

�
2 (0; 1 ); (2.11)

where I 2 (0; 1 ). Since � = � 2 = � , the index of dispersion (I ) of PINAR
model is 1.

Using equations (2.9) and (2.10), we have the index of dispersion ofx t as

I =
I � + �
1 + �

; (2.12)

or we can write
I � = I(1 + � ) � �: (2.13)
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The dispersion behaviour ofx t can refer to the value ofI � .
One method for parameter estimation is using the method of moments

(MM ). I replace true moments with the corresponding sample moments. From
the theoretical autoregressive coe�cient � (1), the MM estimators for PINAR(1)
model with parameters � and � are as follows

�̂ MM := �̂ (1); (2.14)

�̂ MM := x; (2.15)

and
�̂ MM := �̂ � = x(1 � �̂ MM ); (2.16)

where x is sample mean of data.
Another Poisson distribution's characteristic is zero value probability (p0)

de�ned by
p0 := P(X = 0) = exp( � � ) (2.17)

and the zero index (I zero ) (Puig and Valero, 2007):

I zero := I zero (�; p 0) := 1 +
ln p0

�
2 (�1 ; 1): (2.18)

The value I zero < 0 shows zero de
ation (less zeros than Poison distribution),
while I zero > 0 refer to zero in
ation.

2.2.5 First order negative binomial INAR model
(NBINAR(1))

The data indicate NBINAR( �; n; p ) model if the innovations (� t ) follow the
negative binomial NB(n; p) distribution. The formula of mean ( � � ) and variance
(� 2

� ) of � t are

� � =
n � p

q
(2.19)

and
� 2

� =
n � p
q2 ; (2.20)

where q = 1 � p.
The NB model show overdispersion property (I > 1) from equation (2.11),

becauseI � is given by

I � =
1
p

(2.21)
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which cause the equation (2.12) becomes

I =
1
p + �

1 + �
: (2.22)

The MM estimators for NBINAR(1) model with parameters �; n and p are

�̂ MM := �̂ (1); (2.23)

�̂ � := x(1 � �̂ MM ); (2.24)

�̂ 2
MM :=

1
T

TX

t =1

(x t � x)2; (2.25)

Î MM :=
�̂ 2

MM

�̂ �
; (2.26)

Î � := Î MM (1 + �̂ MM ) � �̂ MM ; (2.27)

q̂MM :=
1

Î �
; (2.28)

n̂MM :=
�̂ � � q̂MM

1 � q̂MM
; (2.29)

and
p̂MM := 1 � q̂MM : (2.30)

2.2.6 Goodness-of-�t

In order to facilitate a comparative analysis of the models in question, I employ
the Akaike information criterion ( AIC ) and the Bayesian information criterion
(BIC ) as means of assessing the goodness of �t, utilising the following formulae:

AIC = � 2� max + 2p (2.31)

BIC = � 2� max + pln N; (2.32)

where � max is the maximized value of the log-likelihood function of the model,
N is the number of observations, andp is the number of parameters.
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2.3 The dataset

2.3.1 The dataset description

I take the object dataset from a paper industry in Banten, Indonesia. The
factory has operated since 1991 with several product types: brown paper pack-
aging, white and glossy paper, printed corrugating paper boxes, and printed
white paper boxes. The product area I will discuss is brown corrugating paper,
where the output is a jumbo paper roll with an average weight of 1.5 - 2 tonnes.
Raw material in the form of waste paper obtained from magazines, newspapers,
waste brown carton boxes or white paper, then mixed with 50% pulp. The raw
materials �rst enter through the headbox of the paper machine. After that, the
chemical and grinding process is carried out until it becomes a paper layer and
then dried in the machine until it comes out as dried paper. The �nal process
is to rewind to become a jumbo paper roll.

The type of quality I observe is sheet brake, which arises when small dirt,
pebbles or sharp objects enter the machine, which causes damage to the paper
layer during the process. The problem creates sheet break in the paper roll
that requires rework. The dirt that caused the damage is di�cult to identify;
it could have been wind, gravel mixed inside the raw material, or small parts of
the machine that came loose during the process. This incident does not cause
the machine to stop; it is just that the product in progress will be marginalised
and categorised as rejected.

Sheet break data is taken daily on three di�erent paper machines with the
exact speci�cations and product types. The QC department collects the data,
which describes the number of paper roll defects caused by sheet break events.
Therefore, the data in this study is discrete because it contains the count of
defective paper rolls. The reject value can be zero if no sheet break occurs in
one day. The type of cause of this defect is the noise factor because the cause
of this material is most likely from environmental factors that are di�cult to
detect.

2.3.2 The plot of the dataset

Data was taken daily by eliminating the paper machine's maintenance schedule
(Gandhi and Isp�any, 2025). All three machines operate non-stop, 24 hours and
seven days a week. The line plot of the dataset for the three machines can be
seen in Figure 2.1, 2.2, and 2.3.
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Figure 2.1: Line plot of daily defect product from machine 1

Figure 2.2: Line plot of daily defect product from machine 2

Figure 2.3: Line plot of daily defect product from machine 3
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2.3.3 PACF analysis

The PACFs are illustrated in the Figure 2.4, 2.5, and 2.6.

Figure 2.4: PACF plot of machine 1

Figure 2.5: PACF plot of machine 2

Figure 2.6: PACF plot of machine 3
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Machine 1 and 3 show signi�cant spike in lag 1, while machine 2 shows weak
autocorrelation in both lags 1 and 5. Only the partial autocorrelation values at
lag k = 1 with j� kk j are greater than the critical values. Therefore, the three
datasets can be categorised as �rst-order autoregressive models.

2.4 Results and discussion

From Figure 2.1, 2.2, and 2.3, the three datasets are count processes ranging
from 0 to 11. The sizes of datasets have di�erent values ofn1 = 315, n2 = 287,
and n3 = 343. The initial data statistic can be seen in Table 2.1.

Table 2.1: Data preliminary statistics

machine 1 machine 2 machine 3
x 3.2 3.746 1.437
s2 6.097 3.575 1.34
� 1 0.307 0.125 0.148

From Table 2.1, it can be seen that machine 1 (x = 3 :2) and machine 2
(3.746) indicate larger numbers of product defects than machine 3 (1,437). In
addition, the variance (s2) of machine 1 data has a very large value (6.097)
compared to other machines (3.575 and 1.34). Comparisonx and s2 between
machine 2 (3.746 and 3.575) and machine 3 (1.437 and 1.34) indicate equid-
ispersion in these two datasets. Meanwhile, machine 1 (3.2 and 6.097) allows
for overdispersion in the dataset.

The value � 1 estimates the value ^� according to the formula 2.14 and 2.23.
The in
ation parameter is used in the INAR(1) model in formula 2.7. All
calculations and visualisations in this study were done using Python software
via Jupyter notebook.

2.4.1 Analysis of Index of Dispersion

Table 2.2 shows the index of dispersion (I ) values and other related parameters.
Based on a normal distribution approximation, I construct upper and lower
bounds at the 95% signi�cance level:Î � z�= 2SÎ � I � Î + z�= 2SÎ . I see that I
in machine 1 is 1.899 (I > 1), which indicates overdispersion, while in machine 2
and machine 3 (I � 1) indicates equidispersion. Determination of overdispersion
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can also be seen from the value ofI , which is outside the upper and lower bound
[0 - 1.138]. The value ofp0 on machine 1 is much larger than the Poisson Value
(0.133>> 0.041), so the model on machine 1 cannot be categorised as a Poisson
model; instead, this dataset can be modelled by negative binomial model.

Table 2.2: Index of dispersion preliminary parameter

machine 1 machine 2 machine 3

I 1.899 0.951 0.930

Upper Bound 1.138 1.135 1.125

Lower Bound 0 0.7 0.802

p0 0.133 0.024 0.224

Poisson Value 0.041 0.024 0.237

Machine 2 and 3 haveI values of 0.951 and 0.930, where these two values are
within the range bound of [0.7 - 1.135] and [0.802 - 1.125], so this can strengthen
the equidispersion property. Likewise, machine 2 and machine 3 have values of
p0 close to the Poisson value. Machines 2 and 3 can be modelled by Poisson
model.

2.4.2 Model results

After I get the distribution indication from the index of dispersion analysis
above, I can estimate the parameters of the PINAR(1) and NBINAR(1) models
using MM estimators as in the formulas (2.14-2.16) and (2.23-2.30). Likewise,
I can compare these INAR(1) models to the i.i.d Poisson and negative binomial
models. These results are shown in table 2.3.

For machine 1, the negative binomial n and p are 3.559 and 0.526, while
NBINAR(1) parameters nest , pest , and �̂ are 2.033, 0.46, and 0.254. Machines
2 and 3 use Poisson's� = 3.746 and 1.437. Using PINAR(1) model, I have
estimation of mean (�� ) and in
ation ( �̂ ) = [0.133, 0.125] for machine 2 and
[0.133, 0.148] for machine 3. This is the� estimation for PINAR(1) model.
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Table 2.3: Model parameters

machine 1 machine 2 machine 3

Model: Neg Binomial Model: Poisson Model: Poisson

n = 3 :559 � = 3 :746 � = 1 :437

p = 0 :526

Model: NBINAR(1) Model: PINAR(1) Model: PINAR(1)

nest = 2 :033 �� = 0 :133 �� = 0 :133

pest = 0 :46 �̂ = 0 :125 �̂ = 0 :148

�̂ = 0 :254

2.4.3 Probability integral transform (PIT) model compar-
ison

In this section, I compare the model �t according to the PIT shapes of PINAR(1)
and NBINAR(1) models for all machines. Ronald Fisher introduced the PIT in
1932. In this dissertation, the PIT establishes the basis for evaluating whether
the dataset can be reasonably modelled as a speci�ed model. In particular, the
PIT is used to create an equivalent set of values and a test is subsequently con-
ducted to ascertain the suitability of a uniform distribution for the constructed
dataset (David and Johnson, 1948).

Figure 2.7: PIT on machine 1 (a) PINAR(1) model and (b) NBINAR(1) model

PINAR(1) model in Figure 2.7(a) has a probability that it is far from uni-
formity and gives u shape, thus showing a far result for the PINAR(1) model
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�t. The PIT for the NBINAR(1) model gives close to a 
at shape (Figure
2.7(b)) and shows that NBINAR(1) model of machine 1 gives a better �t than
PINAR(1) model.

Figure 2.8: PIT of PINAR(1) model on machine 2

Figure 2.9: PIT of PINAR(1) model on machine 3

The �gures 2.8 and 2.9 show 
at shape which we can conclude that the
PINAR(1) model is �t for machines 2 and 3.

2.4.4 Model selection

I use AIC and BIC as goodness-of-�t with lower better (LB) properties. I have
classi�ed the machines using the recommended models discussed above. It can
be seen in Table 2.4 that for machine 1, NBINAR(1) model gives a lower error
rate than the ordinary negative binomial distribution, while for machines 2 and
3, PINAR(1) models give better results than the original Poisson distribution.
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The table shows that changing the models into the PINAR(1) and NBINAR(1)
models than Poisson and negative binomial models provide higher accuracies.

Table 2.4: Goodness-of-�t

Machine 1 Machine 2 Machine 3
Neg Binomial NBINAR(1) Poisson PINAR(1) Poisson PINAR(1)

AIC 1401 1377 1163 1160 1027 1019
BIC 1409 1388 1167 1162 1031 1026

2.4.5 Model �tting

At this stage, I �t the selection models with the proportion data from the relative
frequency distribution of the sample. In Figure 2.10, NBINAR(1) model has a
peak proportion at event 2 (18.89%), whereas the actual data shows the highest
percentage at event 1 (17.14%).

Figure 2.10: Model �tting of machine 1

Overall, the movement of the NBINAR(1) model graph with the proportion
data is similar, indicating positive skewness, where all percentage values are at
less than 20%.

In machine 2 (Figure 2.11), the highest percentage is in event 3, with 24.04%
in actual data and 20.7% in PINAR(1) model. All events have close numbers
except events 3 and 7. Likewise, machine 3 has close percentages in all events.



24 CHAPTER 2. PRODUCT DEFECTS FORECASTING

The event with the largest percentage between PINAR(1) model and the bar
chart is in the same event, event 1. The largest event has a percentage of 0.35%.

Figure 2.11: Model �tting of machine 2

Figure 2.12: Model �tting of machine 3

Figure 2.13 compares three models. The green line chart represents machine
1 (NBINAR(1) model), the blue line chart machine 2 (PINAR(1) model), and
the red bar chart machine 3 (PINAR(1) model). The �gure shows that machine
3 has a lower probability of defect occurrence. The comparison is also supported
by the probability of zero occurrences (p0) = 23.75%, the highest compared to
the other machines (9.93% and 2.36%).




	Introduction
	Scope of dissertation
	Contributions of dissertation
	Arrangement of the dissertation

	Prediction of product defects using Poisson and negative binomial INAR(1) models
	Introduction
	Literature review
	Autocorrelation function (ACF) and partial autocorrelation function (PACF)
	First order autoregressive model (AR(1))
	First order integer-valued AR model (INAR(1))
	First order Poisson INAR model (PINAR(1))
	First order negative binomial INAR model (NBINAR(1))
	Goodness-of-fit

	The dataset
	The dataset description
	The plot of the dataset
	PACF analysis

	Results and discussion
	Analysis of Index of Dispersion
	Model results
	Probability integral transform (PIT) model comparison
	Model selection
	Model fitting

	Conclusion

	Forecasting of daily energy consumption using hybrid linear nonlinear model: SARIMA-SVR
	Introduction
	Literature review
	ARIMA and SARIMA models
	Support vector regression (SVR)
	Hybrid forecasting by SARIMA-SVR model
	SARIMA-ARCH and SARIMA-GARCH models
	Shapiro-Wilk test (SW test)
	Jarque-Bera test (JB test)
	Ljung-Box Q test (LBQ test)
	Engle ARCH test (EARCH test)
	Diebold-Mariano test (DM test)
	Error measurement

	Dataset
	Results and discussion
	SARIMA model
	Normality check
	Homoscedasticity check
	Residual dependency test
	Applying SVR after SARIMA
	Error measurement test
	DM test
	N-step horizon forecasting

	Conclusion

	Energy price forecasting using hybrid decomposition and deep learning models
	Introduction
	Crude Oil (CO)
	Natural Gas (NG)
	Heating Oil (HO)

	Literature review
	Decomposition methods
	Hodrick-Prescott decomposition (HPD)
	Wavelet decomposition (WD)
	Empirical mode decomposition (EMD)
	Complete ensemble EMD (CEEMD)

	Deep learning (DL) models
	Artificial neural network (ANN) model
	Long short-term memory (LSTM) model
	Convolutional neural network-LSTM (CNN-LSTM) model
	Proposed hybrid decomposition model

	Datasets
	Data description
	Descriptive statistics
	Decomposition results
	Multi-step forecasting

	Results and discussion
	Analysis BCOP
	Analysis WCOP
	Analysis NGP
	Analysis HOP

	Conclusion

	Conclusions
	Acknowledgement
	List of publications
	Bibliography
	Residual dependency check using LB test
	N-step energy consumption forecasting results
	Decomposition results for three datasets
	Percentage decreasing MAE between decompositions
	RMSE from 30 simulations of the best model in every step

