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Abstract

Excess domestic waste generation during religious festivals has
adverse environmental impacts. The holy month of Ramadan provides
opportunity to study relationship between food consumption pattern and
waste generation. Therefore, the objective of this research is to
investigate the relationship between Ramadan fasting and the generation
of domestic solid waste in Bahrain for the period between 2019-2022.
Furthermore, this study develops accurate time-series models using deep
machine learning approaches to predict domestic waste generation for
pre-, during, and post-Ramadan periods. The research findings revealed
that during the month of Ramadan, the Bahraini’s generates the highest
amount of waste, with an average of 1,570 tons per day, compared to
1,450 tons per day during the rest of the year. The study conducted a
comparative analysis of three machine learning models: Long Short-Term
Memory (LSTM) Recurrent Neural Networks, Bidirectional LSTM
(BILSTM) Recurrent Neural Networks, and Gated Recurrent Unit
(GRU), along with three statistical models: Autoregressive Integrated
Moving Average (ARIMA), Seasonal Autoregressive Integrated Moving
Average (SARIMA), and Prophet. The prediction of BILSTM model
outperformed the others with MAE value of 28.120, RMSE value of
36.879, MAPE value of 0.020, and R? value of 0.78.



Acknowledgements

Thank God for guiding me to complete this project successfully. I
would like to express my sincere appreciation to the many people who
have supported me on this journey.

First and foremost, I am grateful to my supervisor, Dr. Majeed Safar,
for his invaluable guidance, support, and encouragement throughout this
research. I feel privileged and fortunate to finally have Dr. Majeed as my
project supervisor. His vast experience and inspiring personality always
motivated me to do my best. I would also like to express my gratitude to
Dr. Gulnur Coskuner for her guidance and great support and
encouragement during this research. I would also like to express my
gratitude to Dr. Sawsan Hilal for her encouragement and unwavering
support.

I would like to thank my supervisor and co-workers for their
continued support and motivation throughout this journey. Additionally, I
would like to thank the Ministry of Municipal Affairs and Agriculture for
their generosity in sharing their data, allowing me to conduct this study.
Their contribution was crucial to the success of my research, and I am
deeply grateful for their willingness to collaborate.

I would also like to express my sincere appreciation to my parents
for their unwavering love, prayers, and patience. Finally, I would like to

thank my friends for their continued encouragement and support.



Table of Contents

Defense Committee's APProval........covueuvecveieieioeeseeeereeeeeesees e eesee oo A
ADSITACE oottt et e s e es e, B
ACKNOWIEAZEMENLS ........ovmeviririiieiite et C
Table Of CONLENLS ...t es e e e D
LSt OF TADIES.......veeoiieccirieet et G
LSt OF FIGUIES ..ooeoiiiecit ettt ee s s H
List Of ABBIEVIations.........c.cveuriiuiiiueiirerieecteceeeeeeeeeee e e s J
Chapter One INrodUCHION ......c.ceuuiuiieeeeececceeeeeee e et e e e 2
1.1. Holy Month of RamMadan...........c.c.cueuiieieeieieceeeeeeeeeeeeeee oo 2
1.1.1. Food Waste and HUNGET .........cooveviviuieeieeeeeeeeee oo 3
1.1.2. Environmental Impacts of Domestic Waste ..........ocoevevevevereueeeeroeoeev, 4
.1.1.3 Economic impacts of DOmestic Waste............ooeevvveeeeeeeeeverererererereesrero, 6
1.2. Research Problem..........c.ocieiriniiiieecceeeee e 6
1.3, ReSEArch QUESHIONS ....evviviveuieieieceieceie et 7
1.4, Research ObJECHIVES .......uoceieieiieeececececceee ettt 8
1.5. Research Significance ...........ocoueueueriuiuiuieiceeeeeee e, 8
1.6. ThESES STIUCIULE ...ttt e e s, 10
Chapter TWo Literature REVIEW...........cuvvueveiecucveieeieeeeeeeeeeee e, 12
2.1, INEOAUCHION ...ttt et 12
2.1.1. Waste GENETAtION ...c.vvvereeriiierereseteec et eee e e s e e e e 12
2.2. Effects of Religious Events on Waste Generation .............coovweveveveverevevvnn.. 14
2.3. Application Domains in Machine Learning............cccocoeevveereeesrerersrrsnnn. 15
2.4. Solid Waste Generation Prediction Models ............cooeeeeeeeeeerererreeerererernn. 17
2.4.1. Artificial Neural Networks (ANN) ........cccovveeereeeeeeeeeeeeseeereeseseeeeeeee s 17
2.4.2. Support Vector Machines (SVM)..........ccoueuemevereeeeesseeeeeeeeeoeonon, 18

D



2.4.3. Linear Regression Analysis (LR) .........cooeeeemeeeeseeeeeeeeseoeeooooeooos 19

2.4.4. DeciSion TIees (DT) ..c.ceeeueueeriueeeeeeeeeeeeeeeeeee e eeee e es e 19
2.4.5. Genetic AIOTTRM (GA)..v.cvveieeeeieeeeeeeeeeeeee oo 20
2.5. Solid Wastes Generation Time-series Forecasting Models...............oovvvni.... 25
2.6. Implemented MethOdS.........ouevueueuieieieieeeeeeeeeee oo 27
2.6.1. Autoregressive Integrated Moving Average (ARIMA).......oovvvveevrenn.., 28
2.6.2. Seasonal Autoregressive Integrated Moving Average (SARIMA) .......... 31
2.6.3. Prophet AIOTIthIM «....cuevuruevieieercecteieee oo e 32
2.6.4. Long Short-Term Memory (LSTM) Recurrent Neural Networks.......... 33
2.6.5. Bidirectional LSTM (BILSTM) Recurrent Neural Networks .................. 36
2.6.6. Gated Recurrent Unit (GRU)........uveceeeeeeeeeeeeeeeeeseeeeeeeeeeeeooeoeoeeoee. 37
2.7, RESCAICH GAPS ......eevnnitieieeete e e ee s 38
Chapter Three Methods and Procedures .................veeeeeeeeeeeeemeosreeeeseeeceseeseoeoeooooooo 41
3.1. ReSEArch DIESIZN ...ttt e, 41
3.2. Research Data SOUICES ........c.ewuruuruiuiuieieeieeeeeeeeeeeeeee oo, 42
3.3. Data DESCIIPLON. ........cueuuereenririeiite ettt eeee e e s e, 43
3.4, Data Pre-ProCessing ..........coowvuieiuereemerceeieeeeeeeesee s e ses e s 43
3.5. Training APProaches .......cceueueeecueeieieiiieeeeeee e ee e ee e ee s 45
3.5.1. ARIMA and SARIMA Training Approach ...........ceeeevevevevemmeeeroeooon. 45
3.5.2. Prophet Training APProach ............o.coeueeveeeeeeeeeereseeceeeeeeeeeeeeeoeoeooeo, 46
3.5.3. LSTM, BILSTM, and GRU Training Approach ...........ceoeeevvevvemveernnon.. 47
3.6. EValuation MEtriCs ........c.cecomururireuirereeeieceseeee e oo s e, 48
3.6.1. Mean Absolute Error (MAE)..........cuoueeeeeeeeeeeeeeeeeeeeeeeeoeooeoeoooeo 49
3.6.2. Root Mean Square Error (RMSE) .........o.ouveeueeeeeeseeeeeeeeeeeeeeoeoeee, 49
3.6.3. Mean Absolute Percentage Error (MAPE) .........ovoveeoeeeeeeeoeooo, 50
3.6.4. Coefficient of Determination (R2) ...........oceeeveeeeereeceseeeeeeoeooeooon 50
Chapter Four Results, Discussion and COncluSion ............ooveveveeeoeeoosoooooooooooo 53

E



BT RESUILS ettt e 53

4.1.1. DESCIIPLIVE StALISTIC ...cvevverererreretere e eseeseseses s 53
4.1.2. Statistical ANALYSIS ....cocovrrierirerereiee e e 56
4.1.3. ARIMA Model Performance .............c.oueeeeecueeeeeeeeeeeseeeeceeeseseeeeresesevs 61
4.1.4. SARIMA Model Performance..............ocoveeueveemeeeereeeeeeseseseseseeeesessesoos 67
4.1.5. Prophet Model Performance...............couoeeveveoeeeeeeeeeeeeeeeereeeseeseeese 70
4.1.6. LSTM Model Performance..............c.ueevueireeeeeeereeeeeeeeeeereseseseseseeeseons 72
4.1.7. BILSTM Model Performance..............ooucueueeeeeeeeeeereeeseeeeeseseeeeeeeevssess 74
4.1.8. GRU Model Performance ............ouovvueuiueeeecuieeeeeeeeeeeeeeeeeeseseseseseeeeeeeessns 76
4.1.9. Overall Models Performance ReSUILS ..............ccovueveveeeeeeeresereereressrnnn 78
4.2, DISCUSSION ...ueeitieiiiiencieneierine ettt e e e ee e e senesesese s 80
Chapter Five Conclusion, Recommendations and Future Work ..............cocovvvvrvnnn.. 86
5.1, CONCIUSION. ..ottt ettt et e s res s 86
5.2. ReCOMMENALIONS ......cuveeeeeeiiieieieiietetete ettt se e e es s 88
5.3 FULUIE WOTK ..ottt vee e s s e e eees 89
RETEIENCES ..ottt s e e ee s e s s e s 90
APPENAICES ..ottt ettt s s e e s s 99
ARl Lot 101



List of Tables

Table (1): Selected food waste generation from Arabic countries..........oovovvevvvnooon, 3
Table (2): Analyses of ML models in the SWM [iterature ............ooovevvvevevvovoeeon, 21
Table (3): Domestic waste descriptive statistics from 2019 t0 2022 .....vovovoveeoonn 53
Table (4): Domestic waste descriptive statistics for the dataset .............oovvevvevnooon. 55
Table (5): Results of the Dickey-Fuller teSt........vevvveveveveeeeeeeeeeeeeeeeoeoeoeooeeeeoeoeeo, 61
Table (6): Results of the AUTOARIMA fUnction..........e.eeeeeeveeeemeeeeeeeoeooooon. 62
Table (7): ARIMA mOodel SUMMATY ..........cooeveeeereeeeeeeeeereeeeee oo 63
Table (8): ARIMA model prediction performance............oeeevewevemeeeeeeeeeooeeeoeon. 65
Table (9): SARIMA model prediction performance............eeweeveeeeeeeeeeoooooon. 69
Table (10): MAE for different changepoint prior scale using Prophet....................... 70
Table (11): Prophet model prediction performance............e.oeeeveeeemeeeeeveoeooooeooo, 71
Table (12): LSTM hyperparameters .............c.eveveeeceeveueeeeeeereeeeeseesseesesesesssessseseon. 72
Table (13): LSTM model prediction performance.............oeveveeveeeeeeeoreseosoonn 73
Table (14): BILSTM hyperparameters ..............ocoveeeeeeeeeeseresereereseeeeeoeeeeoeeeoee 74
Table (15): BILSTM model prediction performance..........cooowevveueeereeeerereooesonon. 75
Table (16): GRU hyperparameters...............cieeeeeeeeueueeereesreeeresseesseseseseseseseseeoeons 76
Table (17): GRU model prediction performance.............oeeeweeeeeeeeeeereresooosonoon. 77
Table (18): Overall models performance results ............ooveeeerevereeeeeeeeseoeeo, 78
Table (19): Waste type quantity (F0NS) .........veveeeeeemeeeeeeerererereseseseeeseses oo 99



List of Figures

Fig. 1: Projected waste generation, by region ............cooeeveeeeeveeeereereeeseseeeeoeeesa 13
Fig. 2: The percentage of global waste COMPOSItION ........eeerervreeeereeeerereeeoe, 13
Fig. 3: Number of studies according to publication, year, and application fields ....... 15
Fig. 4: Percentage of publications by ML model type ..........oc.oeeeeeererereereeerersrn, 17
Fig. 5: Flow chart for ARIMA model SElection..............oceeeeeeveereeeeeereoeeeseoeeoon, 30
Fig. 6: The addition of S€aSonal OTAETS ............c.cueveeeeeereeeseeesesee oo 31
Fig. 7: illustration of the architecture of an LSTM .........ooovevevvrrereeeeoeooeoeooo, 33
Fig. 8: LSTM hyperparameter tUning ..............coueveveeeeeeeeeeeeeeeseeeeeseseseeeeeesoeeoos 35
Fig. 9: The process of bidirectional LSTM ..........cocoeeeueeeereeeeseeeseereeeeeoeoeees e 36
Fig. 10: The difference between GRU and LSTM ...........ooeeveeveeeeeeeeesreeeeeeseereonns 38
Fig. 11: Ilustration of research methodology ..............cveeeeemeeeeeeseeereseeeeesesos 41
Fig. 12: Aggregation of the daily generation of Waste...........o.eveveeeeeereveeooeeooenn, 44
Fig. 13: The sliding windows algorithm ...............co.evueeeeeeneeeeeeeeeeeeesceeee oo 45
Fig. 14: Domestic waste frequency distribution for each individual year ................... 54
Fig. 15: Domestic waste frequency distribution for the dataset..............ooovvovovevovnnon. 55
Fig. 16: Waste type quantity (DEICENL)...........ovovuieeveeeereeceeeeeeeeeeeeeseeeesesseeesoeeoa, 56
Fig. 17: The trend of domestic waste for each individual year............oocooovvevvvrnn..... 57
Fig. 18: Average domestic waste per day in €ach MONth .........ovevveveveereeereee, 57

Fig. 19: Average quantities of waste generated during the period pre, during, and post-

RAMAAAN ..ottt 58
Fig. 20: The daily waste generation pre, during, and post Ramadan.......................... 60
Fig. 21: Autocorrelation function (ACF), and partial autocorrelation function (PACF)
PLOTS 1ottt ettt s st 62
Fig. 22: Prediction of daily domestic waste generation using ARIMA .................... 64
Fig. 23: Prediction of daily domestic waste generation pre, during and post-Ramadan
USING ARIMA ...t s e s seses s 64
Fig. 24: ARIMA diagnostics Plot.........c.eeveveeveeeeeeeeeeeeeeseseseeeseesesee oo seeeee e, 66
Fig. 25: Seasonal decomposition PlOts..............cueveeuevemerereeeeeeeeeeeeereseeeeeeees e 68
Fig. 26: Prediction of daily domestic waste generation using SARIMA................ 69

Fig. 27: Prediction of daily domestic waste generation pre, during and post-Ramadan

USING SARIMA L....oiiiiiiiitctrt ettt e et s e e e 69



Fig. 28: Prediction of daily domestic waste generation using Prophet.........cccueu.... 71

Fig. 29: Prediction of daily domestic waste generation pre, during and post-Ramadan

USING PTOPREL ..ot s e, 71
Fig. 30: LSTM model fitting and Test performance ..........oeveeereeveevemoreseeooeesooooo 72
Fig. 31: Prediction of daily domestic waste generation using LSTM..............oo......... 73

Fig. 32: Prediction of daily domestic waste generation pre, during and post-Ramadan

USING LSTM ..ottt s e e 73
Fig. 33: BILSTM model fitting and test performance ...........oooweweveveeeeoeeeeoovsnn. 74
Fig. 34: Prediction of daily domestic waste generation using BILSTM..................... 75
Fig. 35: Prediction of daily domestic waste generation pre, during and post-Ramadan
USING BILSTM ..ottt et s e 75
Fig. 36: GRU model fitting and validation performance...............oooweverevsreveoooron, 76
Fig. 37: Prediction of daily domestic waste generation using GRU..........cooeve........ 77
Fig. 38: Prediction of daily domestic waste generation pre, during and post-Ramadan
USING GRU .ttt s e e e s e 77
Fig. 39: Results of DIckey-FUuller test .............vueeeeeueeeeeeeeeeeseeresee oo 99
Fig. 40: ARIMA results for order (7,0,7).......ccveveeeeeeeeeeeeeeeeeeeeseeeeee oo 100



List of Abbreviations

Abbreviation Definition

ARIMA Autoregressive Integrated Moving Average
BILSTM Bidirectional Long Short-Term Memory
FAO Food And Agriculture Organization

GHG Greenhouses Gasses

GRU Gated Recurrent Unit

LST™M Long Short-Term Memory

MSW Municipal Solid Waste

SARIMA Seasonal Autoregressive Integrated Moving Average
SCE Supreme Council for The Environment
SWG Solid Waste Generation




Chapter One

Introduction

1.1. Holy Month of Ramadan
1.2. Research Problem

1.3. Research Questions

1.4. Research Objectives

1.5. Research Significance

1.6. Theses Structure



Chapter One

Introduction

1.1. Holy Month of Ramadan

Ramadan (cb=«) is the ninth month in the Hijri calendar, after the
month of Shaban (0l=£). It holds a special significance for the Muslims
and is considered distinct from other months in the Hijri calendar.
Ramadan is observed as the month of fasting, which is one of the
essential practices in Islam and one of the five pillars of Islam. During
this month, the Muslims abstain from consuming food and drinks, as well
as refrain from certain activities that can break their fast, from dawn until
sunset (SAKK, 1975).

Unfortunately, some people view Ramadan as a time for feasting
rather than fasting. As a result, they tend to overcompensate for their
daytime fasts by indulging in excessive eating and drinking after sunset.
This shift in behavior can detract from the spiritual and physical benefits
of the holy month, turning it into a month centered on gluttony rather than
worship and well-being (Al Sheikh, 2018).

Regrettably, it's unfortunate that a significant amount is wasted due
to social activities such as the high number of invitations and the increase
in feasts during this holy month. This monthly annual event has
significant implications for SWG, and hence managing solid waste has

become a crucial environmental challenge (Alzamora et al., 2022).



1.1.1. Food Waste and Hunger

According to the Food and Agriculture Organization of the United
Nations (FAO) (2018), food waste and hunger are interconnected issues
that majorly impact the nexus of the environment, economy, and human
health. When food is wasted, it not only results in environmental
degradation but also exacerbates hunger and malnutrition by diverting
resources away from food-insecure populations. According to the World
Bank (2018), approximately one-third of worldwide food is lost or wasted
on annual basis. This represents a significant amount of food that could
have been used to feed millions of people who suffer from hunger and
malnutrition. Table 1 shows the amount of domestic waste generated per
person in the Arab countries. The city of Karbala and Bahrain exhibit the

highest food waste generation.

Table (1): Selected food waste generation from Arabic countries

Country Reference Study area f:;i::::;;
Bahrain (Alayam, 2018) Nationwide 132
Saudi Arabia  (SAGO, 2019) Nationwide 105
Lebanon (Chalak et al., 2019) Beirut 105

(Al-Rawi & Al-Tayyar, 2013) Mosul 85
Iraq (Al-Mas'udi & Al-Haydari, 2015) Karbala 142
(Al-Maliky & ElKhayat, 2012) Baghdad 75

Food waste not only results in the loss of food but also leads to the
squandering of resources that were utilized in producing, transporting,
and storing processes. As a result, food waste exacerbates people's
difficulties in accessing the necessary sustenance to survive (Gustavsson
et al., 2011). This is a crucial issue, especially in developing countries
where food security is already a major challenge. The impact of food

waste perpetuates the cycle of poverty and hunger, which creates



inequality and deprivation in these countries. Therefore, reducing food
waste is essential to tackle the challenge of hunger and malnutrition,
providing nutritious food to those who urgently need it, and creating a
more sustainable and equitable world (FAO, 2019).

In addition to taking practical steps to reduce food waste and
increase access to nutritious foods, raising awareness of the relationship
between food waste and hunger is essential, hence promoting policies and
initiatives that comprehensively address these issues is also necessary

(Gustavsson et al., 2011).

1.1.2. Environmental Impacts of Domestic Waste

Domestic waste, consisting mainly of food waste, has a considerable
detrimental effect on the environment. Food waste is a significant
contributor to climate change, land degradation, and water scarcity, which
is a cause for concern. Wasting food leads to squandering all the
resources invested in its production, such as water, land, energy, and
labor. Food production requires a significant amount of water, and when
food is wasted, it exacerbates the problem of water scarcity. Studies
indicate that a third of the water utilized in agriculture is lost due to food
loss (NRDC, 2017).

The Ministry of Climate Change and Environment (MOCCAE) in
the UAE has reported that during Ramadan, there is a 50 percent surge in
food waste compared to other months. Based on the findings of a landfill
site survey, it was revealed that food waste makes up 38 percent of the
total waste generated in the country, which amounts to nearly two million
tons annually (MOCCAE, 2014).

Once food waste is disposed of in landfills, it undergoes anaerobic
decomposition, breaking down in an environment without oxygen and

generating methane. This potent Greenhouse Gas (GHG) has a global
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warming potential 28 times higher than carbon dioxide. Food waste is
responsible for around 8% of the world's GHG emissions. Aside from its
impact on climate change, food waste also contributes to land degradation
by occupying landfill space and releasing harmful chemicals into the soil
(FAO, 2013).

Plastic waste is a common component of domestic waste and
contributes to several environmental problems. Due to its slow
decomposition rate, plastic waste accumulates in landfills and natural
surroundings, leading to visual pollution and endangering wildlife. The
environmental impact of plastic waste is a multifaceted issue that
demands immediate attention and action to be resolved. When plastic
waste is not disposed of properly, it can find its way into waterways and
oceans, causing harm to marine life and disrupting ecosystems. The
contamination of seafood by plastic particles also poses a risk to human
health. Additionally, the disposal of plastic waste consumes substantial
resources and energy, leading to further environmental impacts
(Lebreton, et al., 2017).

Reducing domestic waste is crucial to minimize its adverse
environmental effects. Effective strategies such as composting, recycling,
and improving food management practices can aid in decreasing the
quantity of food waste sent to landfills. This approach not only minimizes
GHG emissions and preserves natural resources but also contributes to
building a sustainable and robust environment for both present and future

generations (UNEP, 2021).



1.1.3. Economic impacts of Domestic Waste

Food waste has a significant economic impact on different levels,
from households to national economies. The World Bank report (2018)
reveals that the costs of managing wasted food are equal to the value of
the food itself. Food waste greatly influences household budgets, as the
money spent on purchasing and preparing is wasted. For low-income
families, food waste makes up a large portion of their food budget.
Additionally, retail businesses lose profits when stockpiling perishable
and expired items (Buzby et al., 2014). The World Bank report estimates
that food waste costs the global economy $1.2 trillion each year.

Food waste can have a wider economic impact, affecting
employment and economic growth. Waste food decreases the demand for
labour in agriculture and food processing, leading to possible job losses.
As a result, the food supply decreases, which could lead to price increases
and impact economic growth in countries that rely heavily on agriculture.
Hence, reducing food waste has not only environmental and social

benefits but also significant economic advantages (WRAP, 2019).

1.2. Research Problem

The Supreme Council for the Environment (SCE) in Bahrain has
reported a significant issue of food waste, with approximately 400 tons of
organic food waste generated daily, increasing to nearly 600 tons during
the month of Ramadan (ClimateFaith, 2017). This puts a strain on
sanitation services and has negative environmental impacts. The SCE
estimates that during Ramadan, between 25-30 percent of purchased food
is wasted, amounting to roughly 0.3 kg per person per day, a 50 percent

increase compared to non-Ramadan periods.



Food waste in Bahrain contributes to approximately 2,700 tons of
greenhouse gas emissions per day and affects various aspects, including
social, economic, cultural, humanitarian, and religious matters (CFB,
2017). The generation of solid waste, particularly during festivals and
religious months, poses a significant environmental challenge. Accurate
prediction of domestic solid waste generation is crucial for effective

waste management systems.

The aim of this research is to investigate the relationship between
Ramadan fasting and domestic solid waste generation in Bahrain from
2019 to 2022 and develop accurate time-series models using deep
machine learning approaches to predict domestic solid waste generation
during holy month of Ramadan. To address the complex nature of waste
generation, the following models will be used: Autoregressive Integrated
Moving Average (ARIMA), Seasonal Autoregressive Integrated Moving
Average (SARIMA), Prophet algorithm, Long short-term memory
(LSTM), Bidirectional Long short-term memory (BILSTM), and Gated
Recurrent Unit (GRU).

1.3. Research Questions

This study aims to address the following research questions:

e Can machine learning models accurately and efficiently predict
domestic waste generation in Bahrain during different periods,
including pre, during, and post-Ramadan?

e Which machine learning model demonstrates the highest
effectiveness and optimal performance in predicting domestic
waste generation in Bahrain?

e What is the extent of the relationship between Ramadan fasting

and the generation of domestic waste in Bahrain?
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1.4. Research Objectives

The main objectives of this research are as follows:

» To investigate the relationship between the fasting of Ramadan and
the generation of domestic solid waste in Bahrain.

® To develop time-series models using deep machine learning
approaches to accurately predict domestic solid waste generation
(SWG) pre, during, and post-Ramadan periods.

® To compare the performance of the developed models in predicting
the generation of domestic solid waste and to know which models
are the most efficient.

* To analyze daily domestic SWG in the Kingdom of Bahrain during
the specified three-month period in the Islamic calendar for the
period 2019-2022.

* To provide recommendations for waste-related institutes to operate
effective domestic SWM systems during the fasting period of

Ramadan and other religious festivals.
1.5. Research Significance

The importance of this study significance is due to the use of deep
machine learning approaches in Bahrain as a case study because there are
a limited number of investigations about waste management. By applying
these advanced techniques to model SWG during the holy month of
Ramadan, this study can lead to the development of innovative and
effective approaches to SWM in Bahrain. The outcomes of this study can
also provide valuable insights to policymakers and waste-related
organizations in Bahrain on how to design and operate effective waste

management systems during religious festivals.



The research's impact on sustainable waste management practices
extends beyond Bahrain and is applicable to other regions grappling with
similar challenges. This is particularly relevant for Arab countries that
consistently experience an increase in waste generation during the holy
month of Ramadan. The designed predictive model can assist these
countries in forecasting waste generation, enabling them to proactively
plan and develop effective waste management systems. By leveraging the
model's predictions, they can adequately prepare for the surge in waste
and implement efficient waste management strategies tailored to their
specific needs.

The environmental significance of this study is rooted in the fact that
SWG is a major environmental challenge, and religious practices can
exacerbate this challenge. The improper management of domestic waste
has a significant negative impact on the environment, contributing to
climate change, land degradation, and water scarcity. Wasting food
squanders the resources invested in its production, exacerbates water
scarcity issues, and accounts for a substantial portion of greenhouse gas
emissions. Disposing of food waste in landfills leads to the production of
methane, a potent greenhouse gas. Furthermore, plastic waste, another
component of domestic waste, causes visual pollution, endangers
wildlife, and poses risks to marine ecosystems and human health.

The study investigates waste generation patterns during religious
festivals, providing valuable insights about behaviour patterns. By
identifying the specific factors that contribute to increased waste
production, such as cultural practices, consumption behaviour, it becomes
possible to design waste management practices that cater to these unique
circumstances. The study's findings can guide the development of
targeted strategies for waste reduction, recycling, and proper disposal
during religious celebrations, with the goal of mitigating the

9



environmental impact associated with waste generation. These strategies
may involve implementing awareness campaigns, encouraging
responsible consumption, and enhancing waste infrastructure and
collection systems. By adopting sustainable waste management practices,
it might be possible to minimize the environmental consequences of

waste generation during religious festivals.

1.6. Theses Structure

The thesis includes a comprehensive review of the existing literature
about time-series forecasting in the second chapter. The third chapter
outlines the methodology used to conduct various experiments, while the
fourth chapter provides a detailed discussion of the results obtained,

along with conclusions and recommendations.
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Chapter Two

Literature Review

2.1. Introduction

This chapter in detail reviews the literature related to this research.
First, the concept of SWM, its impact and its challenges are explained.
After that, the focus was on studies of SWM in religious events,
especially during Ramadan, and their impact on waste generation. Next,
the applications of different machine learning methods applied in SWM
are discussed. Finally, literature involving prediction methods and time-

series forecasting methods for SWG are discussed.

2.1.1. Waste Generation

Waste Generation and identification are essential aspects of the
SWM system. At the beginning of each process, waste is generated as
raw materials are converted into commodities for consumption. Based on
the source of waste generation, the quantity and characteristics of the
waste can be determined, as shown in Table 2. According to the World
Bank (2018), global waste is expected to grow to 3.40 billion tons by
2050, as shown in Fig. 1.
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Fig. 1: Projected waste generation, by region (World Bank, 2018)
Reports and studies indicate that the generation of domestic solid
waste globally exceeds two billion tons annually due to many factors,
such as the rapid growth of population, development of the economy, and
improvement of the standard of living, which may represent a threat to
environmental destruction. According to World Bank (2018), all regions
generate about 50 percent or more organic waste, as shown in Fig. 2. In
addition, it was found that the average per capita waste generation in
developed countries is usually 521.95 - 759.2 kg per year and 109.5 -
525.6 kg per year by developing countries (Karak et al., 2012).

Food and green m Other B Rubber and leather
Glass B Paper and cardboard B Wood
M Metal M Plastic

Fig. 2: The percentage of global waste composition (World Bank, 2018)
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Moreover, the impact of tourism activities on SWG in Madeira was
studied in the period from 1996-2018, where it was found that tourism
activities are responsible for 41.9% to 46.6% of SWG per resident
(Martins & Cro6, 2021).

2.2. Effects of Religious Events on Waste Generation

Religious events of spiritual significance are spread worldwide, such
as Hajj, Ramadan and Arbaeen. These events are attended by
approximately 300 million individuals in religious events around the
world on an annual basis. Therefore, huge amounts of MSW are
generated, which increases the potential for serious negative
environmental impacts (Abdulredha et al., 2020).

Large religious events significantly increase the amount of solid
waste generated. According to the authority's estimates, 48 kilotons of
MSW were generated during Arbaeen in 2015, and 3.69 million pilgrims
generated 17 kilotons over five days during the Hajj event (Alsebaei,
2014). It was found that the highest percentage of waste was for organic
waste with 56%, followed by plastic waste with 15%.

In Saudi Arabia, the holy city of Mecca hosts millions of Muslim
pilgrims every year. As a result, huge amounts of MSW are generated.
The city averages about 2.4 thousand tons of solid waste per day. It was
found that the quantities during Ramadan and Hajj are higher than the
average and reach 3.1 and 4.6 thousand tons per day, respectively
(Nizami, et al., 2017).

Food consumption and waste during the Ramadan were studied and
it was found that in some Arab countries such as the United Arab
Emirates, Saudi Arabia, and Egypt, spending on food and groceries

increased by 56%. In addition, the most critical wasted food products are

14



cooked meals (66.6%), bread (46.0%) and fruits (31.7%) (Ben Ismail et
al., 2022). Ali-Arous et al. (2017) evaluated the effects of food-related
behaviour, food management, barriers, and willingness to change
behaviour. It was found that 88% of people change their attitudes towards
wasting food, especially during Ramadan. The highest wasted food
category was also found to be fruits, vegetables, grains and bakery
products. In addition, about 15% of households throw away at least 250

grams of food that is still edible each week.
2.3. Application Domains in Machine Learning

Analysis of studies in SWM by Abdullah et al. (2020) revealed six
areas in which artificial intelligence is applied. These applications include
the areas of (1) waste bin level detection, (2) prediction of waste
characteristics, (3) prediction of process parameters, (4) prediction of the
process output, (5) vehicle routing, and (6) SWM planning. Fig. 3 shows
the number of publications conducted in the period (2004-2019) for the
six fields. Recently, it has been noted that artificial intelligence research
in SWM has increased; Because of its effectiveness in solving problems,

interest in the field of artificial intelligence has increased.

B Waste management planning B Vehicle routing B Waste characteristics prediction
H Process parameter prediction B Bin level detection B Process output prediction

No. of publications

Year

Fig. 3: Number of studies according to publication, year, and application fields (Abdullah et al., 2020)
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Bin level detection models are employed to predict waste container
fill levels, preventing overflow and ensuring timely emptying. According
to Hannan et al. (2012), MLP classifier achieved a high accuracy of
98.98% for bin-level classification and 90.19% for class and grade
classification.

Accurate prediction of waste characteristics is crucial for Municipal
Solid Waste Management (MSWM) and is influenced by various social,
economic, and environmental factors. Al studies in SWM predominantly
focus on predicting solid waste characteristics, with ANNs being the most
used approach, followed by SVMs (Abdallah et al., 2020).

ANN models have proven effective in predicting various aspects of
waste management. For instance, Ozkaya et al. (2007) utilized ANN to
predict biogas generation from bio-waste landfills, achieving an
impressive 99.8% accuracy with an MSE of 0.0025. Qdais et al. (2010)
applied ANN and GA to improve biogas production in a Jordanian biogas
plant, resulting in a correlation coefficient of 0.87 and an MSE of 6x10°.

Optimizing waste collection routing models has been effective in
reducing vehicle emissions and traffic congestion. The collection process
accounts for 85% of total SWM costs (Bi et al., 2022). Studies utilizing
Genetic Algorithms (GA) have demonstrated success in this area. For
example, Kroll et al. (2016) integrated GA with modern communication
channels to optimize route length and vehicle count, resulting in reduced
collection costs but longer average service times. These findings highlight
the effectiveness of GA-based approaches in optimizing waste collection

routing.
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2.4. Solid Waste Generation Prediction Models

The literature review indicated that the most frequently used
machine learning systems for waste generation prediction are ANN,

SVM, LR, DT and GA as shown in Fig. 4 (Abdullah et al., 2020).

= Artificial neural networks (ANN)
= Genetic algorithm (GA)

= Linear regression analysis (LR)

= Support vector machines (SVM)

= Decision trees (DT)

Fig. 4: Percentage of publications by ML model type (Abdullah et al., 2020)

ANN was the most commonly repeated machine learning method,

with 45%. GA is another widely used algorithm, followed by LR, SVM,
and DT.

2.4.1. Artificial Neural Networks (ANN)

Predictions of SWG processes with a nonlinear behaviour require
tackling complex and imprecise tasks requiring human intuition (Jassim
et al., 2022). In addition, it cannot be accessible due to the presence of
multiple variables. ANN are effective in simulating the interactions of the
biological nervous system. The essential components of neural networks
are an input layer, hidden layers, and an output layer. In predicting SWG,
ANNs have been widely used for their ability to depict multiple
relationships and their tolerance for errors (Noori et al., 2010).

Neural network models often provide higher results and better

performance compared to other models, as shown in Table 2. Kumar et al.
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(2018) studied the relationship between plastic waste generation rate and
specific socioeconomic groups using ANN, SVM and RF. The prediction
accuracy of the ANN (R? = 0.75) was better than that of the SVM (R? =
0.74) and the RF model (R* = 0.66). In addition, a study to estimate the
annual amount of household packaging waste showed the ability of ANN
to overcome MLR. The Predicted (R? = 0.98) value is higher for the ANN
model than for the MLR (R? = 0.73).

On the other hand, ANN lacks advantages, such as determining the
relative importance of multiple factors since it is impossible to know
which input characteristics have the most significant effect on the output.
In addition, ANN faces challenges in calculations requiring high accuracy

(Kannangara et al., 2018).
2.4.2. Support Vector Machines (SVM)

SVM is a practical supervised machine learning algorithm for data
analysis used for both classification and regression. The SVM algorithm
aims to find a hyperplane in N dimensions to classify the data points. In
addition, it relies on kernel functions to solve regression problems.
Moreover, it has been found to outperform many classic regression
techniques. Furthermore, it has been widely applied in container filling
level prediction, waste generation, and waste classification processes
(Noori et al., 2009).

Jasim et al. (2022) developed a model using ANN and SVR to
predict annual MSW generation. The results showed that the RBF-SVR
model achieved the best results with an R? value of 0.97% and AFE
values of 4.82% compared to the MLP-ANN model with an R? value of
0.94. Another study predicted SWG using the BPNN and SVR
algorithms. The BPNN method showed relative errors between 6% and
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16%, while the relative error for SVR ranges between 14% and 21%
(Oguz-Ekim, 2021).
2.4.3. Linear Regression Analysis (LR)

Linear regression (LR), or multiple linear regression (MLR), is a
supervised learning method that uses variables to predict the outcome of a
response. SWM models and prediction of SWG contain many parameters;
therefore, MLR is more suitable for simulating these processes. LR is
characterized by its simplicity, easy-to-interpret results, and low
computational costs. However, this method is generally not suitable for
modelling nonlinear data.

Chhay et al. (2018) investigated the socioeconomic factors
influencing the MSWG using LR, ANN and GM. The ranking of the
MSWG prediction model is ANN, followed by GM, followed by LR. In
addition, MLR showed poor prediction performance. On the other hand,
the ANN model has a higher predictive accuracy when predicting the
average rate of MSWG (Azadi & Karimi-Jashni, 2016). However, this
does not mean that LR does not give good results. Popli et al. (2021)

showed the effects of reliable urban solid waste statistics using LR.

2.4.4. Decision Trees (DT)

DTs have been used to predict waste generation, compaction, and
waste classification for their effectiveness in extracting rules from
unfamiliar data. This technique is effective in extracting a set of rules
from unknown data. Then, the values of the responses are predicted by
learning the decision rules derived from the features. DT is characterized
by its ability to process missing data and low computational costs. In
addition, the results and patterns can be easily interpreted and detected,
respectively. However, they suffer from overfitting data, as shown in

Table 2. The prediction accuracy for RF was the worst, with RMSE =
19



11.22 g/c/d, MAPE = 43.57%, and R? = 0.66 (Kumar, Samadder, Kumar,
& Singh, 2018).

A new study by Dunkel et al. (2022) used SVM, GB, and RF to
determine the quantities of solid waste types. RF shows high accuracy in
predicting municipal waste, with R? = 1 and MAPE = 4.31 and household
waste, with R? = 1 and MAPE = 3.03.

2.4.5. Genetic Algorithm (GA)

GAs have been widely applied in SWG prediction, waste
accumulation prediction, and facility location determination. A genetic
algorithm provides solutions to research and optimization problems in
machine learning by improving a set of explanations or hypotheses rather
than enhancing a single solution. It is a methodology that solves
unconstrained and constrained improvement problems based on natural
selection. There are three main components of GA: interception,
mutation, and selection of the fittest. The algorithm uses arrays of bits or
characters (binary strings) to represent the chromosomes. Then,
information is exchanged between the arrays in search of optimized
solutions. Finally, the solutions are evaluated to determine the overall
suitability of each solution. Its efficiency and ease of implementation
characterize GA. However, GAs requires careful construction to get good
results or else it will take its toll (Wu et al., 2015).

Shamshiry et al. (2014) used GA with ANN to predict SWG, and the
results showed that the ANN validation rate for testing and training was
94%. Another Study by Oliveira et al. (2019) developed an ANN model
using GA algorithms to estimate the annual amount of household
packaging waste. The results showed higher values for the GA-ANN
model with R?=0.98.
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2.5. Solid Wastes Generation Time-series Forecasting

Models

Time series forecasting is based on historical data using statistics
and modelling to make predictions and strategic decision-making. The
accurate forecast depends on what kind of variables they are and on
factors beyond our control. In addition, it depends on the nature of the
available data. The more comprehensive it is, the more accurate the
predictions will be (Younes et al., 2015). Time series have been applied
in the SWM process in various fields.

Marandi et al. (2016) analyzed, compared and selected the best time-
series model to predict the amount of SWG using monthly data for 2015
and 2016. ARIMA (2, 1, 0) was compared with ARIMA (1, 1, 1). The
results showed that ARIMA (2, 1, 0) excelled in terms of MAPE, MAE
and RMSE measures. (Marandi & Fatemi Ghomi, 2016). Another
predictive study by Mohamed et al. (2011) to predict monthly SWG using
data from the years 2005 to 2010. The results showed that ARIMA (1, 1,
1) was the best predictive model.

Navarro-Esbri et al. (2002) compared the nonlinear dynamics
technique with its performance against the automatic regression and
seasonal moving average (SARIMA) methodology. The results showed
better annual prediction performance for SARIMA with an accuracy level
of mean relative error of less than 5%. For the weekly forecast, the
relative error was less than 10%. For time series analysis, it was found
that the combination of ARIMA and seasonal exponential smoothing
(SES) techniques showed more accurate results with a mean absolute
ratio error equal to 6.5 and a significant value of predicting variance for
waste generation data R? above 0.87 (Rimaityte, Ruzgas, Denafas, Radys,

& Martuzevicius, 2012).
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Literature showed that LSTM has been used to solve SWM
problems. Niu et al. (2020) used LSTM, ARIMA and ANN models to
predict MSWG. The superiority of the LSTM neural network in MSW
predictions is proven. The results showed an accuracy of 0.92, 935.08,
and 114.36 in R?>, RMSE, and MAPE, respectively. Another study by
Teng et al. (2022) studied an industrial case for power generation from a
waste-to-energy cogeneration system. HTM, LSTM, ARIMA, and
Fourier transform extrapolation (FTE) were used. The results showed that
the best model is HTM, followed by LSTM then, ARIMA. The best MSE
for the HTM model was 0.08466%.

Moreover, the quantity and type of MSWG were investigated using
LSTM and a deep learning time series prediction network (DLTSF). The
dataset includes the amount of solid waste in each area, its type (e.g.,
plastic, glass, paper, cardboard, organic waste) and level patterns (e.g.,
poor, social, privileged areas). The models were built based on level
patterns, and it was found that the average solid waste amounted to 0.42,
0.65 and 0.86 kg/person/day for the poor, social and privileged areas,
respectively. In addition, the results showed a mean RMSE of 0.03371 for
predicting total MSW using DLTSF (Abdella et al., 2022).
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2.6. Implemented Methods

In this research, time-series forecasting methods were utilized. Time
series is defined as a series of data recorded at different intervals of equal
chronological order that may be daily, monthly, or yearly. Through the
previously observed values, it analyzes the series and predicts future
values. Time series prediction is generally divided into two types:
univariate time series prediction and multivariate time series prediction. If
the past values are used to predict future values, then it is called
univariate time series prediction. On the other hand, if the other external
variables are used for forecasting, then it is called multivariate time series
forecasting. Analyzing time series data helps plan for the future and
extract statistics that help understand past behaviour (Beyaztas & Shang,
2022).

In our research on univariate time series prediction, we implemented
several algorithms that are widely used in this domain. Two traditional
statistical models, ARIMA and SARIMA, were employed to capture the
linear dependencies and seasonality present in the data. Additionally,
Prophet, a robust forecasting model developed by Facebook, which
incorporates both trend and seasonality components. To harness the
power of deep learning in sequence data analysis, LSTM, BILSTM, and
GRU, which are advanced models specifically designed for handling
sequential data were employed.

On other hand, in multivariate time series prediction, the
implemented algorithms primarily centered around three widely used
models: Artificial neural Network (ANN), Support Vector Machine
(SVM), and Decision Trees (DT). These algorithms were chosen due to
their ability to effectively handle datasets with multiple variables and

capture the interactions between them within the time series data. Each
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algorithm brings its own distinct characteristics and strengths to the table,
enabling a thorough examination of the multivariate time series and

facilitating accurate predictions.

2.6.1. Autoregressive Integrated Moving Average (ARIMA)

ARIMA is a widely used statistical method for predicting future
values in a time series based on past data. The method assumes that only
historical time series data can be used to make predictions. It consists of
three main components: automatic regression (AR), integration (I), and
moving average (MA), which work together to capture patterns in time
series data. These components are used to determine the order of the
pattern represented by the coefficients (p, d, q).

Autoregression AR (p) uses past time steps to predict future values.
p denotes the number of delays in Y to be used as predictors. In addition,
it searches for a relationship or dependency between the current
observation and observations from previous periods (Box et al., 2015).
The regression model for AR is a function of the lags of Y;, is given by
the following equation:

v=a+p Y tB Yot +B, Yy +e

(1)
Vo= f (Yo, Y, Yeoss o ep)

Y.is a function representing the lags of the series
(Ye-1, Y2, Yi_p,...). The model estimates the coefficient B, for each lag

Y:_p,. Additionally, the model estimates both the intercept a and the error

term e;.

Moving Average MA (q) uses the differences between observed and
predicted values in an AR model applied to delayed observations to
investigate the presence of dependency. The model represents errors or
deviations as a collection of past errors. The number of prior errors to be
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considered is determined by the value q, which specifies the number of
terms included in the model. Likewise, the MA model relies on delayed
prediction errors (Contreras et al., 2003). The typical equation is given
below:
Vi=a+e+pe+@e ,+--- T Qg er—g
(2)

Ye = f(et»et—pet—z:---:et—q)

Where Y, depends only on the lagged forecast errors
(er,€r—1,€t-3,...,€,_4) and ¢, is the coefficient for each error €t—q-
Integration I (d) remove trends and patterns that recur over time (known
as seasonality) by subtracting the current values of a series from its
previous values "d". This results in a series with a constant mean and
variance over time, making it easier for the model to predict (Marandi &
Fatemi Ghomi, 2016).

The order of differencing (d) is determined by examining the
stability of the time series data. Stability is tested using statistical tests,
such as the Augmented Dickey-Fuller or KPSS tests. Depending on the
time series trends, the order of divergence is determined. For example, if
the time series shows a complex pattern or has a high degree of
seasonality, more diversions may be required to make it stable. In simpler
terms, the order of difference is the number of times the data needs to be
stabilized (Box et al., 2015). Fig.5 shows the flow chart for ARIMA

model selection.
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Fig. 5: Flow chart for ARIMA model selection

In time-series data, autocorrelation function (ACF) and partial

autocorrelation function (PACF) plots are used to identify potential

orders for AR and MA models. They help catch basic patterns and make

accurate predictions. The ACF represents the lag in the time series, while

the PACF represents the lag after controlling for the mean lags
(Benvenuto et al., 2020).
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2.6.2. Seasonal Autoregressive Integrated Moving Average

(SARIMA)

SARIMA is a model that builds upon the ARIMA model. It has the
same order parameters as ARIMA (AR, I, and MA) but with the addition
of seasonal orders. This addition makes the SARIMA model more robust
for handling data with seasonal patterns (Navarro-Esbri et al., 2002). It

represented as shown in Fig.6.

ARIMA (p,d,q) (P, D,@Q)m
\—V__/ A " _
T T

Non-seasonal part Seasonal part of
of the model of the model

Fig. 6: The addition of seasonal orders

Where m is the number of observations per year or the period, and P,
D and Q are values for the seasonal portions of the model, can be inferred
from the ACF and PACEF plots.

ARIMA models are easy to understand and implement for modelling
time series data. It can predict non-stationary time series data after
undergoing a differentiation process. In addition, it can capture various
patterns, such as linear trends, seasonal patterns, and irregular patterns.
On the other hand, the model follows some assumptions, such as the time
series data must be homogeneous, which means that the variance of errors
is constant over time (Box et al., 2015). Therefore, predictions from
ARIMA may be inaccurate if this assumption is violated.

ARIMA models have difficulty modelling time series data with
strong seasonal patterns. Therefore, SARIMA models are specifically
designed to deal with them as they provide more accurate predictions by

interpreting the correlation between observations during the season
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(Rimaityte et al, 2012). SARIMA models can be challenging to
understand and use, as they require a higher level of expertise in time
series analysis. Additionally, they need a more significant amount of data
to calculate the parameters, which can make the process more time-
consuming. Moreover, SARIMA models are not effective for analyzing

time series data that do not have seasonal patterns. (Korstanje, 2021)

2.6.3. Prophet Algorithm

Prophet is a time series prediction algorithm built by Facebook's
Core Data Science team using machine learning techniques. It has the
ability to handle trend changes and model seasonality. Additionally, its
user-friendly nature, flexibility, and power in handling missing data and
outliers make it a popular choice for data scientists and analysts working
on time-series forecasting tasks (Prophet, 2018).

Prophet is based on an additive model that fits nonlinear trends to
daily, weekly, and yearly seasonality, as well as holiday effects. The
model is highly flexible and can be customized with various parameters
to optimize it for specific time series forecasting tasks. When it comes to
forecasting time series data, an additive model is utilized. This model
type shows the observed data as a sum of various components. The
components may consist of trends, seasonality, and other factors that help
explain the data (Taylor & Letham, 2017). To express this concept in

terms of the Prophet, the equation used is as follows:
y() = g@® + s) + h(®) + (0 3)

In this equation, y(t)represents the time series data at time t, g(t)
represents the trend component of the model, s(t) represents the seasonal
component of the model, h(t) describes the effects of vacations and other

events in the time series, and £(t) represents the error or the remaining
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component of the model. The model assumes that each component's
effects are separate and can be combined to make a final forecast. This
simplifies the interpretation and comprehension of each component's
contributions to the overall behaviour of the time series (Hyndman &

Athanasopoulos, 2021).
2.6.4. Long Short-Term Memory (LSTM) Recurrent Neural

Networks

LSTM is a type of NN that is particularly useful for predicting future
values in a time series. It is part of a larger class of networks called
RNNs, but LSTMs are unique because they can hold important
information for longer than regular RNNs. This is important because
traditional RNNs suffer from a problem called vanishing gradients, in
which information from steps prior to time is lost or forgotten. LSTM is
designed to overcome this problem, making it a powerful tool for time
series forecasting (Niu et al., 2021). Fig.7 illustrates the architecture of an

LSTM technique.

Updated cell state to
help determine new
hidden state

LSTM Recurrent Unit

C aeead n C .‘-.
H t—1 : % t H
i3 m " P
Cell state @
Hidden state up
f Ry i) h
4 - ﬂ H
y L ...é..-' '-.-A..-
x’ Cand.idate
for cell state
update
Forget Input Output
gate gate gate

Fig. 7: illustration of the architecture of an LSTM
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A typical LSTM module has four main components: a cell, an input
gate, an output gate, and a forget gate. The cell is what allows the LSTM
to store and remember the information at different points in time. Each of
the three gates acts like an artificial neuron, calculating activation based
on a weighted sum of inputs. In addition, they control the flow of
information through the LSTM by regulating the values that pass through,
which is why they are called "gates".

The input gate (i) specifies what information is allowed into the
LSTM unit at the current point in time. Forgetting Gate (f) specifies
information from the previous point in time that should be forgotten. The
output gate (o) specifies what information from the current unit state will
be used as the final output (Teng, et al., 2022). The functions of LSTM

gates are described by the following equations:

ir = 0 Wilx, he] + by) 4)
fo = 0 Welxy, heq] + by) (%)
0 = 0 (Wolxe, he—q] + by) (6)

C. = tanh(Wox, + W,he_y + b,) (7)

Co = fi X Couq + iy XC, (8)

h, = tanh (C,) X o, )

The sigmoid activation function (o) is applied to regulate the flow of
information. The weight matrix (W) is used to determine the strength of
the connections between the different components of the unit. The input
data at time t (x;) is used to determine the information that needs to be

processed by the unit. The hidden state at time t (h;) is the unit output,
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which represents the filtered information. Bias (b) is added to the
calculations to adjust the overall behaviour of the unit. The previously
hidden layer (h;_,) is used to pass information from one point in time to
another. The filter cell state (C,) is the intermediate state used to calculate
the final cell memory state (C,_,). The activation (tanh) function is used
to introduce nonlinearity into the calculations.

Hyperparameter tuning of LSTM networks involves selecting the
best set of network parameters to predict time series data accurately. The
process typically involves specifying a range of values for each
hyperparameter, such as the number of layers, the number of internal
units per layer, batch size, dropout rate, and type of optimizer. Fig.8

shows the LSTM architecture design.
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Fig. 8: LSTM hyperparameter tuning

The Keras tuner function is used to build a series of LSTM networks
with different combinations of hyperparameters (TensorFlow, 2022).
Each network is trained and evaluated using a training and validation set,
and the results are recorded in a log. An optimal LSTM model is then

determined based on performance metrics, such as loss and MAE.
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2.6.5. Bidirectional LSTM (BILSTM) Recurrent Neural Networks

Bidirectional LSTMs are an evolution of traditional LSTMs that
consider the past and future context of the input data. In traditional
LSTMs, the hidden state is only updated based on the input data from the
previous time step. Either way, a bi-directional LSTM updates the hidden
state based on information from both previous and future steps. This
approach can improve the performance of time series forecasting tasks by
allowing the network to take advantage of past and future contexts in
making predictions (Siami-Namini et al., 2019). The illustration in Fig.9

depicts the process of Bidirectional LSTM.
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Fig. 9: The process of bidirectional LSTM

Two LSTMs are trained in parallel, one in the forward direction and

the other in the backward direction. The final hidden state is formed by

tracking the hidden state of each LSTM. The final prediction is then made
by combining the outputs from both LSTMs.
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2.6.6. Gated Recurrent Unit (GRU)

The GRU is a type of recurrent neural network (RNN) that's used to
analyze time-series data. The GRU is similar to LSTM in that it addresses
the issue of vanishing gradients, which is common in traditional RNNs,
by introducing two gate functions: the update gate and the reset gate.
These gates control the flow of information in the hidden state. The
update gate decides which information should be retained and which
should be discarded, similar to the forget-and-enter gate in LSTMs. The
reset gate determines the extent to which information should be forgotten
(Goodfellow et al., 2016). These functions of the GRU gates are

represented mathematically in the following equations:

ze = 0 (Wyxe + Uz hy_y + b,) (10)

r, = 0 Wx,+ U, hy_q + b,) (11)
he = tanh(Wyx, + Uy (rehe—y) + by) (12)
he = zthy1 + (1 —2z) h (13)

Where (h,) is the output vector and (k) is the candidate activation
vector, which is controlled by two gate vectors, the update gate vector
(z¢) and the reset gate vector (1;). Fig.10 shows the difference between
GRU and LSTM. LSTM has three gates (input, forget and output), while
GRU has only two (update and reset). Additionally, LSTM contains a
memory cell, while GRU does not have a separate memory cell.
Moreover, LSTM is computationally more expensive than GRU because
it requires more computations to update its gates and memory cell

(Raschka & Mirjalili, 2017).
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Fig. 10: The difference between GRU and LSTM

2.7. Research Gaps

A limited number of studies applied time-series models to predict
SWG. It was found that the application of the ARIMA regression model
and LSTM was limited to only 2% of the studies. In addition, studies
related to SWM in Bahrain are limited. Time series models showed
effective performance in predicting domestic waste generation rates.
However, the models are highly dependent on their hyperparameters,
including the number of delay feedback in the model, the number of
layers, the number of units in each layer, and the initial learning rate.
Therefore, all these hyperparameters must be tuned to develop the
optimal model.

Regarding Ramadan, statistics in Arab countries confirm that the
volume of spending during Ramadan, especially in the Gulf countries,
increases by 50 percent compared to the rest of the year. Food turns into a
treasure that must be obtained, and leftover bags and leftovers of various
types of food are spread after breakfast in huge quantities. There are only
a few studies that discuss Ramadan and waste generation, and these

studies only provide a general overview without delving into specifics.
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To address the environmental challenges related to waste in Bahrain, this
research will focus on developing time-series models to predict SWG
during Ramadan. Additionally, the study will investigate the relationship

between Ramadan and waste generation in greater detail.
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Chapter Three

Methods and Procedures

3.1. Research Design

This chapter presents a high-level overview of the methodology
applied in this research as shown in Fig. 11, starting with the planning,
and understanding phase. Then, moves on to the data collection and
processing phase, followed by the statistical data analysis stage. Finally,

the model building and evaluation phase.
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Fig. 11: Illustration of research methodology
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The first stage in this study involves planning and understanding the
objectives, needs, and challenges to be addressed in the research. A
comprehensive literature review is conducted for the previous studies in
the same field. Based on the results of this review, the appropriate
methods were determined and selected.

The data collection and processing stage involves collecting and
cleaning the data for the research. This stage ensures that missing or null
values are handled, and outliers are identified. Furthermore, it includes
verifying the data format and converting it into a usable format suitable
for analysis.

The third stage involves analyzing the collected data to uncover its
main characteristics and patterns of behaviour. This stage focuses
explicitly on understanding domestic waste generation behaviour during
pre-Ramadan, Ramadan and post-Ramadan, and whether there is a
relationship between Ramadan and waste generation.

The last step in the research process involves model building and
performance evaluation. The first step in this phase involves identifying
the optimal hyperparameters. Then, the algorithms are applied, and their

performance is evaluated to determine the most effective model.
3.2. Research Data Sources

The current study analyzed daily domestic waste deposited in the
Askar landfill in Bahrain from 2019 to 2022. The data was obtained from
the Ministry of Municipal Affairs and Agriculture, which manages the
Askar landfill, the sole landfill currently receiving municipal waste,
agricultural waste, and other types of waste (MUN, 2022). The study
datasets represent a univariate time series of the amount of waste

generated per day during the period of interest.
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3.3. Data Description

This dataset includes 725,095 daily observations of various waste
types. The dataset consists of time-series data related to waste generation
in Bahrain. The data includes information on daily waste generation and
the type of waste generated. There are 11 categories of waste which are
domestic waste, garden waste, animal waste, building waste, electronic
waste, blood waste, building recycling waste, commercial waste, liquid
waste, and tyres waste.

The dataset covers multiple years (2019 to 2020), allowing for a
comprehensive analysis of waste generation patterns and trends over
time. It includes data from both the Ramadan period and the rest of the
year, enabling a comparison of waste generation during these different

periods.
3.4. Data Pre-Processing

After the data collection process, the cleanliness of the data was
ensured by ensuring that there were no empty, zero, or negative values. In
addition, it was ensured that there were no outliers, and that all data were
in a normal state. This was done to ensure the data was accurate and
reliable for analysis. Four missing values were filled with the average
data value, and three negative values were discovered and corrected by
taking their absolute values to make them positive. Finally, the daily
waste readings for each type of waste were aggregated based on date and

type, as shown in Fig.12.
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Fig. 12: Aggregation of the daily generation of waste

The waste amount dataset was scaled using the MinMax Scaler
before training models. MinMax Scaler is a popular data scaling method
that transforms each feature by subtracting the minimum value and
dividing it by the range (maximum value - minimum value) for that
feature. This measurement method standardizes the data and helps the
model converge faster, making it useful for time series forecasting (Ahsan
et al.,, 2021).

The sliding windows algorithm was utilized in the time series
forecasting process. This algorithm determines the number of past time
steps (look back) used as input to make predictions for the subsequent
time step (Hota et al., 2017). For instance, if look back is set to 4, the
model will use information from the preceding 4-time points to predict
the next time point, as depicted in Fig. 13. The value of look back is
determined based on the size of the data set and the unique characteristics

of the problem being addressed.
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Fig. 13: The sliding windows algorithm

The data was split into two parts after pre-processing. The first part
consisted of 75% of the observations, ranging from 2019 to 2021, which
was used as the training set for the developed model. The other 25%,

from 2022, served as the test set to evaluate the model's performance.
3.5. Training Approaches

This section explores various training approaches employed in the
study, providing detailed insights into the selection rationale and

methodology.
3.5.1. ARIMA and SARIMA Training Approach

The training approach utilized for ARIMA and SARIMA in this
study involves three main components: automatic regression (AR),
integration (I), and moving average (MA). These components work
together to capture patterns within the time series data by determining the
order of the coefficients (p, d, q) that represent the patterns.

To 1dentify potential orders for the AR and MA models,
autocorrelation function (ACF) and partial autocorrelation function
(PACF) plots are employed. These plots help identify and capture the

underlying patterns and enable accurate predictions. The ACF represents
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the lag in the time series, while the PACF represents the lag after
controlling for mean lags.

In the case of the ARIMA model, two approaches are used to
determine the orders (p, d, q). The first approach involves analyzing
graphs such as ACF and PACF plots. The second approach utilizes the
auto ARIMA function. Additionally, the stationarity of the data is
confirmed through the Dickey-Fuller test, where the p-value is evaluated
to be less than 0.05.

For the SARIMA model, the auto ARIMA function is used to
determine the seasonal order. Furthermore, seasonal decompositions are
employed to confirm the presence of seasonal trends in the data.

These training approaches provide a robust framework for modeling
and analyzing time series data, enabling accurate predictions and

capturing underlying patterns.

3.5.2. Prophet Training Approach

The training approach of the Prophet model is known for its user-
friendly and flexible nature, making it accessible to users with varying
levels of expertise. The model requires minimal parameter tuning,
simplifying the forecasting process for time series data.

Prophet utilizes an additive model for time series forecasting. This
model represents the observed data as a combination of several
components, including trend, seasonality, holidays, and error. By
decomposing the time series into these components, Prophet captures the
underlying patterns and fluctuations, enabling accurate predictions.

In the training phase of the Prophet algorithm, one important
parameter to consider is the changepoint prior scale. This parameter
controls the flexibility of the model in capturing potential changes or

breakpoints in the time series. Different values of the changepoint prior
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scale, such as [0.0001, 0.01, 0.05, 0.1, 0.5, 1.0], can be tested to explore
their impact on the forecasting performance. This allows users to
optimize the model for their specific time series forecasting tasks,
providing flexibility and adaptability.

3.5.3. LSTM, BILSTM, and GRU Training Approach

The training approach for deep machine learning models involves
hyperparameter tuning to optimize their performance in predicting time
series data accurately. Hyperparameter tuning entails selecting the best
combination of network parameters to achieve optimal results. This
process includes specifying a range of values for each hyperparameter,
such as the number of layers, the number of neurons per layer, batch size,
dropout rate, and optimizer type.

Various hyperparameters were tested. These included the number of
hidden layers (1, 2, 3), the number of neurons (50, 100, 150), forecasted
windows (7, 14, 30, 40, 60, 90), and the type of optimizer (Adam,
RMSprop).

To explore different combinations of hyperparameters, the Keras
tuner function was employed. This function builds a series of LSTM
networks with varying hyperparameter configurations. Each network is
trained and evaluated using a training and validation set, and the results
are recorded in a log. Performance metrics such as loss and MAE are
used to assess the models' performance.

By iteratively testing different hyperparameter configurations and
evaluating their performance, an optimal LSTM model can be
determined. This approach allows for fine-tuning the models to achieve

the best possible accuracy in predicting time series data.
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3.6. Evaluation Metrics

In the study, multiple rating scales were used to assess the accuracy
of the models. This was done to ensure a comprehensive analysis of the
performance of the models. Therefore, four different measures of
performance evaluation were used: MAE, RMSE and MAPE and R2.

MAE and RMSE are widely used metrics for measuring the
accuracy and precision of predictions. They provide insights into the
average and overall magnitude of the errors between predicted values and
actual values. These metrics are valuable for assessing the model's ability
to minimize errors and evaluate its predictive performance.

MAPE is a valuable metric for understanding the relative error in
percentage terms. It makes the evaluation of the model's performance in a
more interpretable and meaningful way. In addition, it is particularly
useful when comparing the accuracy of different models across different
datasets or time periods.

R-squared, also known as the coefficient of determination, measures
the proportion of variance in the dependent variable (actual values) that is
explained by the independent variable (predicted values). It provides an
indication of how well the model fits the data and captures the variability
in the response variable.

By employing these performance metrics, the proposed system can
be thoroughly validated and compared with other models. The
combination of the metrics offers a comprehensive evaluation of
accuracy, precision, relative error, and explained variance, allowing for a
robust comparison of different models and enabling informed decision-
making in selecting the best-performing model for the specific

application.
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3.6.1. Mean Absolute Error (MAE)

MAE is a common evaluation metric used in regression and time
series forecasting problems. It measures the absolute difference between
the actual and predicted values in data. Then, finding the average of all

these differences set as shown in the following equation:
n
1 A
MAE == |y~ 9] (14)
i=1

Where (y;) is the actual values and () is the predicted value for (n)
the number of observations. A low MAE value indicates a high prediction
accuracy, as the difference between the actual and predicted values is

small.

3.6.2. Root Mean Square Error (RMSE)

RMSE is a measure of the average deviation between expected
values and actual values. It is calculated by taking the difference between
expected and actual values, squaring them to make them positive, finding
the mean squared differences, and taking the square root of the mean.

RMSE is calculated using the following formula:

n(y, — $)2
RMSE =\] L=1(y;l y) (15)

The resulting value indicates the average size of the differences, and
smaller RMSE values indicate better performance of the model. The
RMSE is suitable for comparing multiple models in a single dataset.

However, it is sensitive to outliers (Casella & L. Berger, 2002).
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3.6.3. Mean Absolute Percentage Error (MAPE)

MAPE is a commonly used method for evaluating prediction
accuracy as it can be easily interpreted. It is measured by taking the
absolute difference between the actual and predicted values, dividing it by
the actual value, and multiplying by 100. The lower the MAPE, the better
the predicted performance because it indicates a smaller difference
between the actual and predicted values (Hyndman & Athanasopoulos,
2021). The following equation is used to determine MAPE:

n
1 — 9
MAPE = [- E O 95 100 (16)
e n

MAPE is a useful method for comparing models and checking prediction
accuracy in absolute terms. However, MAPE is not defined when the
actual value equals zero and can be very sensitive to outliers. Despite
these limitations, it is still widely used due to its ease of interpretation and

size independence.

3.6.4. Coefficient of Determination (R?)

The coefficient of determination, known as R-squared (R?), is a
statistical metric that shows how much of the variance in the dependent
variable is explained by the independent variable in a regression model. It
is used to evaluate whether the model is a good fit for the observed data.
The R? value is a number that falls between 0 and 1, where higher values
indicate a better fit of the model to the data. It can be calculated using the

following equation:

RE=1-—— (18)
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Where (RSS) is the sum of the squared residuals, which is the
differences between the predicted values and the actual values. (TSS) is
the total sum of squares which is the difference between the actual values
and the mean value of the dependent variable. However, it is essential to
understand that R? only measures the percentage of variation in the
dependent variable and does not establish a cause-and-effect relationship
between the variables. Furthermore, R2 does not determine the accuracy
or reliability of the model's predictions. Therefore, it is necessary to use
additional statistical measures in combination with R? to obtain a

comprehensive interpretation of the regression model.
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Chapter Four

Results, Discussion and Conclusion

4.1. Results

This chapter presents comprehensive descriptive statistics on
domestic waste for the period between 2019 to 2022. In the statistical
analysis chapter, the study examines patterns and behaviours related to
domestic waste. The subsequent chapters report the performance
outcomes of the models and compare them to determine which one

achieved the highest level of accuracy.

4.1.1. Descriptive Statistic

Table 3 presents a statistical summary of domestic waste for the
dataset for each individual year from 2019 to 2022, while Figure 16
1llustrates the distribution of the data.

Table (3): Domestic waste descriptive statistics from 2019 to 2022

Domestic Waste (tons)
2019 2020 2021 2022
count 365 366 365 365
mean 1435.88 1422.72 1445.13 1449.11
std 93.60 70.32 76.21 85.59
min 1236.05 961.95 1104.41 1293.01
max 1920.43 1634.14 1717.85 1992.97

It presents the following information for each year: the count of
days, the mean value of waste generation, and the minimum and
maximum waste generation per day. It provides an overview of the
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distribution of waste generation across different years, allowing for a
comparison of the average waste generation, as well as the range of
variation for daily waste generation. Throughout the observed period, the
number of days per year was 365, with the exception of 2021, which
featured 366 days. The mean varied slightly over the four years, the
difference was relatively minor, ranging from 1422.72 to 1449.11,
approximately a variance of 27 tons. In 2022, the quantity of domestic
waste generated per day reached the highest value of 1992.97 tons/d,

whereas the lowest value was recorded in 2020 at 961.95 tons/d.
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Fig. 14: Domestic waste frequency distribution for each individual year
Comprehending skewness in a given dataset can prove beneficial in

the interpretation and analysis of the data. Such an understanding can
offer insights into the presence of any potential outliers that may impact
the statistical analyses validity. Moreover, knowing the skewness of a
dataset can aid in selecting suitable statistical models and tests for
analysis. Fig. 14 indicates that the data for 2019 and 2022 follow a
positively skewed distribution, whereas the data for 2020 has a negatively
skewed distribution. In contrast, the data for 2021 appears to be more

closely aligned with a normal distribution. Table 4 presents a statistical
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summary of domestic waste for the complete dataset, while Fig. 15 shows

the distribution of the data.

Table (4): Domestic waste descriptive statistics for the dataset

Domestic Waste (tons) 2019 -2022

count 1461

mean 1438.20
std 82.45

min 961 95
25% percentile 1384.46
50% percentile 1427.25
75% percentile 1483.76
max 1992.97

Distribution of Domestic Waste from 2019 to 2022

Domestic Waste

Fig. 15: Domestic waste frequency distribution for the dataset

The dataset consists of 1461 instances, with a mean value of
1438.20. Furthermore, the data exhibits a normal distribution. The
standard deviation (SD) of the data is 82.45, indicating that the data
points are relatively close to the mean value. The interquartile range
(IQR) of the data, which represents the range between the 25th and 75th

percentile, spans from 1384.46 to 1483.76, indicating a relatively narrow

range of values.
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4.1.2. Statistical Analysis

The dataset provided by the Ministry of Municipal Affairs and
Agriculture was utilized to study waste classifications and determine
which waste type constitutes the highest percentage. The following figure
illustrates the percentage and quantity of waste for each type from 2019
to 2020.

IND 0.1M (2.2%)

.\ ——DOM 2.1M (37.5%)

COM 1.1M (19.1%) —

BLD 1.5M (26.7%) .

Fig. 16: Waste type quantity (percent)

The largest proportion of waste, amounting to 37.5% or 2.1 million
tons, is attributed to domestic waste, followed by construction waste,
which represents 26.7% or 1.5 million tons of the total waste, followed by
commercial waste represents 19.1% or, 1.1 million tons. Concerning
other waste classifications, they do not exceed 10% and amount to less
than 1 million tons.

The trend of yearly domestic waste is depicted in Fig. 17. It is
observed that the data fluctuates around the mean value for all years.
Throughout the four years, only four data points were identified as being
significantly different from the mean value. Fig. 18 illustrates the average
domestic waste per day in each month where the orange color represents

the month of Ramadan.
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During the four years examined, there was a notable increase in the
daily amount of domestic waste generated, particularly during Ramadan,
except for the year 2020. This year was distinguished by a decrease in
food waste, especially during Ramadan where the waste was significantly
lower compared to other months. The decrease in food waste can be
attributed to the impact of the COVID-19 pandemic. The pandemic
resulted in various restrictions and changes in societal behavior, including
altered consumption patterns and reduced social gatherings. With fewer
large-scale Ramadan events, communal iftars, and gatherings, there was
likely a decrease in food waste generation during this period.

The study focused on waste trends pre, during, and post-Ramadan,
with the aim of identifying any fluctuations in the daily amount of waste
generated, as well as any changes that occurred annually during this
period. Fig. 19 presents the average quantities of waste generated during

the period pre, during, and post-Ramadan.
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Fig. 19: Average quantities of waste generated during the period pre, during, and post-Ramadan
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The data reveals a clear increase in the amount of domestic waste
generated during the month of Ramadan, in comparison to the periods
before and after it. For instance, in 2022, the waste generated during this
month increased from approximately 1480 to 1570 tons per day,
representing an increase of around 90 tons. Furthermore, when comparing
the four years, it can be observed that the amount of waste generated
during this period has been increasing annually. For instance, in 2021, the
average waste per day during this period was around 1500 tons, while in
2020, it was approximately 1510 tons, indicating an increase of 10 tons.

To investigate the daily variation in domestic waste generation
during the month of Ramadan, Fig. 20 displays the amount of waste
generated on a daily basis for each year. The black dots indicate the
weekend days, which are Friday and Saturday. It can be observed that, in

all years, waste generation is higher on weekends compared to other days.
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4.1.3. ARIMA Model Performance

For the ARIMA model to work efficiently, it requires stationarity
data. Therefore, before utilizing the ARIMA model, it is essential to
confirm the stationarity of the data by conducting the Dickey-Fuller test.
Table 5 displays the test outcomes.

Table (5): Results of the Dickey-Fuller test

Test Statistic -4.94
p-value 0.00138
#Lags Used 22.00
Number of Observations Used 1438.00
Critical Value (1%) -3.43
Critical Value (5%) -2.86
Critical Value (10%) -2.57

Based on the results presented in the table, there is strong evidence
to suggest that the time series being tested is stationary. This is indicated
by the test statistic being more extreme than any of the critical values and
the p-value being very small (i.e., less than 0.05). These findings provide

support against the null hypothesis of a non-stationary series.

To determine the appropriate order of the ARIMA model (p,q), the
ACF and PACF are utilized, as depicted in Fig. 21. The PACF at lag 7
was observed to be significantly higher than the significance line, hence
the value of p was fixed at 7. Similarly, the ACF at lag 7 was found to be
significantly higher than the significance line, thus the value of q was
fixed at 7. To ensure the validity of the results, another test was
conducted using the AUTOARIMA function, which selects the order of
the ARIMA model based on the lowest AIC value. Table 6 shows the
results of the AUTOARIMA function.
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Fig. 21: Autocorrelation function (ACF), and partial autocorrelation function (PACF) plots

Table (6): Results of the AUTOARIMA function

Order AIC

ARIMA (0,0,0) 25399018
ARIMA (1,0,1) 16716979
ARIMA (0,0,1) 23498.299
ARIMA (6,0,1) 16488.399
ARIMA (5,0,5) 16365.964
ARIMA (6,0,7) 16055.263
ARIMA (7,0,6) 16028.379
ARIMA (7,0,7) 16027.072

The lowest AIC value was found to be 16027.072 with an ARIMA
order of (7,0,7). Notably, this order corresponds to the one obtained from

the ACF and PACEF plots, signifying a suitable selection of the order.

Table 7 shows the summary of the ARIMA model with the order of
(7,0,7). The "coef" column shows the estimated value of each coefficient.
The "std err" column shows the standard error of each coefficient
estimate. The "z" column shows the value of the test statistic for the
hypothesis that the true value of the coefficient is zero. The "P>|z|"
column shows the corresponding p-value for this test. Typically, our
interest lies in coefficients with p-values less than 0.05, as they imply

statistical significance and make it improbable for the coefficient to be

zero in the population. The confidence interval provides an estimate of
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the likely range of values that the genuine value of the coefficient may

encompass.
Table (7): ARIMA model summary

Value Std Err V/ P>|Z)|
const 1438.20 46.303 31.061 0.000
AR (1) -0.1001 0.047 -2.145 0.032
AR (2) 0.2251 0.042 5.298 0.000
AR (3) -0.3294 0.034 -9.701 0.000
AR (4) 0.3436 0.027 12.734 0.000
AR (5) -0.3106 0.028 -11.210 0.000
AR (6) 0.1982 0.037 5.397 0.000
AR (7) 0.9261 0.043 21.367 0.000
MA (1) 0.3567 0.049 7.294 0.000
MA (2) -0.0121 0.033 -0.362 0.717
MA (3) 0.5194 0.034 15.415 0.000
MA (4) -0.1006 0.030 -3.320 0.001
MA (5) 0.4330 0.025 17.624 0.000
MA (6) 0.0520 0.041 1.262 0.207
MA (7) -0.7017 0.032 -21.712 0.000
sigma?2 3416.75 77.252 44.229 0.000

AIC: 16027.072 BIC: 16111.662

The statistical analysis shows that all the AR and MA coefficients
are statistically significant, with a T-statistic greater than 2 in magnitude
for most of the coefficients. Additionally, the P-values for most
coefficients are less than 0.05, indicating their significance in the model.
However, two MA coefficients, namely MA (2) and MA (6), have P-
values 0f 0.717 and 0.207 respectively.
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This study presents a performance comparison between the actual
and predicted data of daily domestic waste generation using the ARIMA
model as shown in Fig. 22. In addition, Fig. 23 shows the performance

comparison of the prediction during the period pre, during and post-

Ramadan.
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Fig. 22: Prediction of daily domestic waste generation using ARIMA
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Fig. 23: Prediction of daily domestic waste generation pre, during and post-Ramadan using ARIMA
Fig.22 and Fig.23 demonstrate that the model exhibits a good fit to

the daily data, as it tracks the fluctuations in the data accurately, both in
terms of the upward and downward trends. The model exhibits good
fitting for most of the peak values, but it is less accurate in predicting the
trough values. Furthermore, the model does not accurately predict values

that deviate significantly from the mean.

To gain a more comprehensive understanding of the model's

accuracy, Table 8 provides an overview of the prediction performance
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metrics for the ARIMA model in predicting daily domestic waste

generation.

Table (8): ARIMA model prediction performance
ARIMA Model MAE RMSE MAPE R?
Training 42.776 62.094 0.0293 0.474
Testing 41.763 55.973 0.0291 0.526

The MAE and RMSE values were 42.776 and 62.094 for the training
set, and 41.763 and 55.973 for the testing set, respectively. The MAPE
was 0.0293 for the training set and 0.0291 for the testing set. The R? was
0.474 for the training set and 0.526 for the testing set. Close training and
testing performance helps prevent overfitting and underfitting of the data
by the model. Overfitting occurs when a model becomes overly
specialized to the training data, performing well on it but failing to
generalize to new, unseen data. Underfitting, on the other hand, happens
when a model is too simplistic and cannot capture the underlying patterns
in the data during training, resulting in poor performance for both the

training and testing data.

The closer training and testing performance enables it to better
capture any temporal patterns in the time series. This familiarity with
similar patterns during training enhances the model's ability to make more
accurate predictions during the testing phase. Therefore, using a close
training and testing performance ensures that the model's performance
evaluation reflects its capability to handle real-world scenarios and make
precise predictions on unseen data that closely resembles the training

data.
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Fig. 24 displays an ARIMA diagnostics plot that is utilized to
evaluate the goodness of fit of an ARIMA model.
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Fig. 24: ARIMA diagnostics plot
The residuals over time graph shows whether there are any patterns
in the residual values over time. The more the random scatter of the
residues is around zero, the better the model. The residual errors seem to
fluctuate around an average of zero and have a uniform variance for most

points where several points have irregular variance.

The histogram graph shows that the distribution of residual values
has a normal residual distribution, which means that the model captures

basic patterns in the data.

The QQ plot is commonly used to determine the goodness of fit of a

model. A straight line of points on the plot indicates a good fit. As
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observed in the figure, the points in the middle of the line follow a

straight pattern, but on the sides, they deviate from the straight line.

Based on the Correlogram plot, it appears that the residual errors of
the ARIMA model are not autocorrelated. Additionally, there is no
observable pattern in the residual errors that can be attributed to the
model's inadequacy. Therefore, the plot suggests that the ARIMA model
1s a good fit for the data.

4.1.4. SARIMA Model Performance

Understanding the underlying patterns and fluctuations in a time
series is crucial for time forecasting using seasonal methods. Such an
analysis can help in forecasting, detecting deviations, and performing
other types of analyses. Fig. 25 presents the seasonal decomposition of
the daily domestic waste generated. This plot breaks down a time series
into its underlying components: trend, seasonal, and residual. It is noted
that the trend of the data is not fixed as the values are increasing or
decreasing in the series. As for seasonality, there is no clear recurrence in
the series or a specific pattern for the data. The plot line of the residual
component of a time series is flat and centered around the value of 1,
which means that the residual variation is consistent and does not show

any significant trends or patterns.
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Fig. 25: Seasonal decomposition plots

The study attempted to determine the seasonal order for the data
using the AUTOARIMA function. However, the results consistently
returned an order of (0,0,0), indicating no seasonality in the data. To
confirm this result, the traditional checking method was employed, which
also led to a linear prediction without any fluctuations. Various seasonal
orders were experimented with at different frequencies including
monthly, quarterly, and annually.

The resulting SARIMA model is shown in Fig. 26, depicting the
final prediction. The figure illustrates that the prediction produced by the
SARIMA model is a straight line that does not exhibit any fluctuations or
changes in the data. The line remains around the average of the data

throughout the prediction period as shown in Fig. 27.
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Fig. 26: Prediction of daily domestic waste generation using SARIMA
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Fig. 27: Prediction of daily domestic waste generation pre, during and post-Ramadan using SARIMA
Table 9 presents the performance evaluation of the SARIMA model

for predicting the daily domestic waste generation.

Table (9): SARIMA model prediction performance

SARIMA Model MAE RMSE MAPE R?

Training 64.051 83.573 0.0441 0.002

Testing 77.988 102.331 0.0536 -0.0024

The evaluation of the model's performance on both training and
testing data indicates that it has high MAE and RMSE values.
Specifically, the testing data shows even higher MAE and RMSE values,
which are 77.988 and 102.331 respectively. In this case, the SARIMA
model has an R* of 0.002 for training and -0.0024 for testing. A low R2
value suggests that the SARIMA model is not a good fit for the data.
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4.1.5. Prophet Model Performance

The Prophet model offers a user-friendly implementation and does
not demand numerous parameters. To explore the effect of changepoint
prior scale parameters, several values [0.0001, 0.01, 0.05, 0.1, 0.5, 1.0]

were tested, as presented in Table 10.

Table (10): MAE for different changepoint prior scale using Prophet

Changepoint_prior_scale MAE
0.0001 55.8279

0.01 48.073

0.05 59.107

0.1 51.921

0.5 77.263

1.0 86.537

It shows that the best performance was achieved with a change point
prior scale of 0.01, which resulted in MAE value of 48.073. Increasing or
decreasing the change point prior scale from this optimal value led to a
degradation in performance, with larger MAE values. This highlights the
importance of selecting an appropriate change point prior scale for
accurate forecasting using the Prophet model.

Fig. 28 and Fig. 29 depict the Prophet models' predictions for the
daily domestic waste generation and daily domestic waste generation pre,

during, and post-Ramadan, respectively.
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Fig. 28: Prediction of daily domestic waste generation using Prophet

2000 1 —— Actual Values 1 1
—— Predicted Values A :
1 |
1800 :
;
s MM |
|
1
/\ |
1400 i
'
!
]
]
1200 1
1 !
1 !
i i
1000 PRE RAMADAN 1 DURING RAMADAN 1 POST RAMADAN
2220315 2022-04.01 2022-04.15 2022.05.01 20220515

Fig. 29: Prediction of daily domestic waste generation pre, during and post-Ramadan using Prophet
The model exhibits a distinct pattern and endeavours to monitor the
fluctuation of the data. However, during the month of Ramadan, when the
trend of waste generation ascends, the model fails to accurately track the
data. Moreover, this model exhibits poor performance in accurately
forecasting values that deviate from the average by 150 tons. Table 11
presents the performance evaluation of the Prophet model for predicting

the daily domestic waste generation.

Table (11): Prophet model prediction performance

Prophet Model MAE RMSE MAPE R?
Training 44.763 61.146 0.032 0.431
Testing 47.505 70.569 0.031 0.318

On the testing data, the Prophet model achieved a higher MAE and
RMSE values of 47.505 and 70.569, respectively, indicating less accurate
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predictions compared to the training data. The MAPE value for testing
data was 0.031, and the R? value was 0.318, suggesting that the model
explains only 31.8% of the variability in the target variable in the testing
data.

4.1.6. LSTM Model Performance

For the NN models (LSTM, BILSTM and GRU) different set of
hyperparameters was tested for the number of hidden layers [1, 2, 3], the
number of neurons [50, 100, 150] and forecasted windows [7, 14, 30, 40,
60, 90]. Table 12 shows the best hyperparameters achieved the best
accuracy for the LSTM model.

Table (12): LSTM hyperparameters

Number of hidden layers 2
Number of neurons 100
Forecasted windows 40
Number of Epochs 50
Type of optimizer Adam

Fig. 30 depicts the LSTM model training and test loss function on

the domestic waste dataset.
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Fig. 30: LSTM model fitting and Test performance

Fig. 31 and Fig. 32 illustrate the LSTM model predictions for the
daily domestic waste generation and daily domestic waste generation pre,

during, and post-Ramadan, respectively.
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Fig. 31: Prediction of daily domestic waste generation using LSTM
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Fig. 32: Prediction of daily domestic waste generation pre, during and post-Ramadan using LSTM
As shown in the figure, the LSTM model exhibits a good level of
performance in terms of peak values. In addition, the predicted trend
closely follows the actual trend. However, its accuracy is comparatively
lower for trough values. Concerning the Ramadan period, it is noticed
that the trend of predicted values exhibited a slight shift towards the right-
hand side.
Table 13 presents the performance evaluation of the LSTM model

for predicting the daily domestic waste generation.

Table (13): LSTM model prediction performance

LSTM Model MAE RMSE MAPE R?
Training 40.19 54.90 0.027 055
Testing 36.76 49.89 0.025 0.59

The LSTM model achieved low MAE and RMSE values of 36.8 and
49.89, respectively, compared with the previous models. The MAPE

73



value for testing data was 0.025, and the R? value was 0.59, suggesting
that the model explains only 59% of the variability in the target variable
in the testing data.

4.1.7. BILSTM Model Performance

Table 14 shows the best hyperparameters achieved the best accuracy

for the BILSTM model.

Table (14): BILSTM hyperparameters

Number of hidden layers 2
Number of neurons 100
Forecasted windows 90
Number of Epochs 80
Type of optimizer Adam

Fig. 33 depicts the BILSTM model training and testing loss function

on the domestic waste dataset.
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Fig. 33: BILSTM model fitting and test performance

Fig. 34 and Fig. 35 illustrate the BILSTM model predictions for the
daily domestic waste generation and daily domestic waste generation pre,

during, and post-Ramadan, respectively.

74



— Expected Values
1700 = Predicted Values
§ 100 VA&
S EVLRTH
B et ‘ N q 1]
5 ! N AL 5 | I i
i u UM AL | MAMALA WA
o 4 WA K VM
' it 0y |
1300
0 50 100 150 200 0 300
Time
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Fig. 35: Prediction of daily domestic waste generation pre, during and post-Ramadan using BILSTM
The figure demonstrates that the LSTM model performs
exceptionally well, as the predicted trend aligns closely with the actual
trend. Furthermore, the analysis of the Ramadan period indicates a minor
rightward shift in the trend of the predicted values.
Table 15 presents the performance evaluation of the BILSTM model

for predicting the daily domestic waste generation.

Table (15): BILSTM model prediction performance

BILSTM Model MAE RMSE MAPE R?
Training 30.693 39.647 0.022 0.746
Testing 28.120 36.879 0.020 0.78

The model achieved MAE and RMSE values of 28.1 and 36.9,
respectively, indicating that the predicted values are on average 28.1
units away from the actual values, and the model has a deviation of 36.9

units from the actual values. The MAPE value of 0.02 indicates that the
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model's predictions have a low relative error. Additionally, the R? value
of 0.78 suggests that the model explains 78% of the variation in the given
dataset. Overall, the results of the BILSTM model perform better than the

LSTM model in predicting values for the given dataset.

4.1.8. GRU Model Performance

Table 16 shows the best hyperparameters achieved the best accuracy

for the GRU model.

Table (16): GRU hyperparameters

Number of hidden layers 3
Number of neurons 200
Forecasted windows 60
Number of Epochs 50
Type of optimizer Adam

Fig. 36 depicts the GRU model training and testing loss function on

the domestic waste dataset.
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Fig. 36: GRU model fitting and validation performance

Fig. 37 and Fig. 38 shows the GRU model predictions for the daily
domestic waste generation and daily domestic waste generation pre,

during, and post-Ramadan, respectively.
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Fig. 38: Prediction of daily domestic waste generation pre, during and post-Ramadan using GRU
The GRU model exhibits a satisfactory performance in tracking the
fluctuations of the actual data, although it shows relatively lower
accuracy in predicting the peak values. Table 17 presents the performance

evaluation of the GRU model for predicting the daily domestic waste

generation.

Table (17): GRU model prediction performance
GRU Model MAE RMSE MAPE R?
Training 40.164 55.484 0.028 0.545
Testing 38.452 51.462 0.026 0.568

The testing results of the GRU model show that the MAE value is
38.452 and the RMSE value is 35.11. The MAPE value is 0.026 and the
R? value is 0.568.
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4.1.9. Overall Models Performance Results

In this chapter, the outcomes of the experiments conducted on six
different models for domestic waste datasets will be showcased. Table 18

compares the performance evaluation metrics of the six models.

Table (18): Overall models performance results

Rank Model MAE RMSE MAPE R?

1 BILSTM 28.120 36.879  0.020 0.78

2 LSTM 36.76  49.89 0.025 0.59

3 GRU 38.452 51462  0.026 0.568

4 ARIMA 41.763 55.973 0.0291 0.526

5 Prophet 47.505 70.569  0.031 0.318
6 SARIMA 77988 102.331 0.0536  -0.0024

According to the results, BILSTM achieved the best performance,
while SARIMA obtained the lowest results among the six developed
models. Overall, the results suggest that BILSTM is a promising model
for forecasting domestic waste data and could be useful for waste

management and planning purposes.

The superior performance of the three machine learning models
(LSTM, BILSTM, and GRU) over the three statistical models (ARIMA,
SARIMA, and Prophet) can be attributed to several factors. Firstly, ML
models excel at capturing complex nonlinear relationships within the
data. Unlike traditional statistical models that make linear assumptions,
ML models can identify complex patterns and dependencies that may not

be easily detected by statistical methods.
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Secondly, ML models have the ability to automatically extract
relevant features from the data. By leveraging advanced algorithms, ML
models can reveal accurate information that enhances prediction
accuracy. ML models, especially LSTM, BILSTM, and GRU, are
specifically designed to deal with time dependencies effectively. They
excel at analyzing time series data by capturing long-term dependencies
and learning from sequences of data points. This is particularly important
for accurate prediction of waste generation over time. In contrast,
statistical models may not explicitly account for time dependencies,
which can hinder their performance in capturing the dynamics of waste

generation.

When comparing non-seasonal data, ARIMA models often
outperform Prophet and SARIMA models for several reasons. Prophet is
specifically designed to handle seasonal patterns and can automatically
detect and model various seasonal components without manual
specification. SARIMA also operates in a similar manner, making it less

suitable.

ARIMA models capture trend information by incorporating
autoregressive and moving average components. They are capable of
capturing linear or polynomial trends based on the order of differencing.
ARIMA models offer flexibility in capturing complex patterns and
dependencies in the data, allowing them to handle different types of
trends. Additionally, ARIMA models have a clear and interpretable
structure, making it easier to understand the underlying dynamics. On the
other hand, Prophet utilizes a piecewise linear model to capture abrupt
and smooth changes in trends. While it automates many steps in the
forecasting process, making it user-friendly for non-experts, the structure

of the underlying model may be less interpretable compared to ARIMA.
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4.2. Discussion

According to the data provided by the Askar landfill, domestic waste
constitutes the highest percentage of total waste with 37%. This type of
waste predominantly comprises food items that require safe disposal to
prevent health complications. These findings emphasize the significance
of researching domestic waste and its implications for designing and
implementing effective waste management systems.

The results indicate an overall increase in the mean waste generated
per year, except for the year 2020. The mean waste generated in 2020 was
lower than in the subsequent years, which can be attributed to the
outbreak of the COVID-19 pandemic. The pandemic led to widespread
lockdowns and reduced economic activity, resulting in a decrease in
waste generation. However, in the subsequent years, waste generation
increased, as economic activity resumed, and people returned to their
regular consumption patterns.

It has been observed that the quantity of domestic waste generated
on a daily basis shows an increase, particularly during Ramadan, except
for the year 2020. During Ramadan, people tend to prepare more food
than they can consume, particularly during the iftar and suhoor meals.
This is because Ramadan is considered a time of sharing meals with
loved ones, and inviting guests and serving food is customary. However,
creating awareness about reducing food waste and adopting proper
storage methods can aid in minimizing food waste during Ramadan.
Furthermore, it has been observed that food waste increases even further
during weekends, as people are on vacation, and social events like
invitations and banquets are more prevalent. Interestingly, in 2020, there

was a decrease in food waste compared to other months due to the

30



cessation of these activities due to the closures and the prevention of
gatherings due to the COVID-19 epidemic.

To address the limited research on the application of deep learning
in predicting daily waste generation, particularly in Bahrain, a
comprehensive study was conducted. The study aimed to evaluate and
compare the efficacy of three machine learning models, namely LSTM,
BILSTM, and GRU, along with three statistical models, ARIMA,
SARIMA, and Prophet.

The results of the experiment indicate that the ARIMA model had
MAE value of 41.763, RMSE value of 55.973, MAPE value of 0.0291,
and an R? value of 0.526. In this analysis, coefficients with p-values of
0.717 and 0.207 are considered statistically insignificant at the 5%
significance level. This implies that the null hypothesis (that the
coefficient is equal to zero) cannot be rejected, and it cannot be concluded
that these coefficients have a significant effect on the model. Conversely,
a high z-statistic indicates that a coefficient is significantly different from
zero. In this case, the constant term is found to be statistically significant
due to its low p-value of 0.000, which confirms that it has a significant
effect on the model. To summarize, the coefficients in the model are
statistically significant, as indicated by T-statistics greater than 2 in
magnitude and most P-values less than 0.05. These findings suggest that
the hyperparameters selected for the model are appropriate. These results
indicate that the model performs reasonably well in predicting daily
domestic waste generation, with a low MAPE indicating accurate
predictions on average. However, there is still room for improvement, as
the MAE and RMSE values are relatively high, indicating that the model
still makes some significant errors in predicting daily waste generation.

For the SARIMA model, the results of the experiment indicate MAE
value of 77.988, RMSE value of 102.331, and MAPE value of 0.0536. In
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this case, the model has an R? value of 0.002 for training and -0.0024 for
testing. A low R* value for both training and testing suggests that the
SARIMA model is not a good fit for the data. It means that the
independent variables (in this case, the time series data) are not able to
explain much of the variance in the dependent variable (the forecasted
values). Additionally, the negative R? value for testing indicates that the
model may be performing worse on new, unseen data than on the data it
was trained on, which is not desirable for a predictive model. Therefore,
the SARIMA model may need to be re-evaluated or revised to improve its
performance on the given data.

The results of the experiment indicate that the Prophet model had
MAE value of 47.505, RMSE value of 70.569, MAPE value of 0.03 1, and
an R? value of 0.318. Prophet assumes that the relationship between the
predictor variables and the target variable is linear or can be well
approximated by a linear function. This assumption may not hold for
some datasets, where more complex relationships exist between the
predictor and target variables. Furthermore, it assumes that the underlying
time series has a seasonal pattern that can be captured by Fourier terms.
This assumption may not hold for all-time series, particularly those with
irregular or non-periodic patterns, leading to inaccurate forecasts.

For the LSTM model, the results of the experiment indicate MAE
value of 36.76, RMSE value of 49.89, MAPE value of 0.025, and an R?
value of 0.59. LSTM models have a significant advantage in capturing
long-term dependencies and temporal relationships in sequential data.
This is due to their unique ability to maintain an internal state that retains
critical information, enabling them to identify patterns and trends over
extended time intervals. Additionally, LSTM models excel in handling
irregular and missing data. Their ability to learn and remember
dependencies over extended periods of time, coupled with their capacity
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to handle complex sequential data, leads to more accurate predictions
compared to other models.

The results of the experiment indicate that the BILSTM model had
MAE value of 28.120, RMSE value of 36.879, a MAPE of 0.020, and R?
value of 0.78. BILSTM is a model that enhances the performance of
traditional LSTM models by incorporating an additional layer of hidden
states in both forward and backward directions. This allows BILSTM to
capture both past and future context and identify long-term dependencies
in the data more effectively. By doing so, BILSTM can better integrate
past and future contexts and produce more accurate results compared to
traditional LSTM models. Additionally, BILSTM can help to reduce
overfitting, which further improves its accuracy. Therefore, the
experimental results suggest that BILSTM outperforms LSTM in terms of
accuracy.

For the GRU model, the results of the experiment indicate MAE
value of 38.452, RMSE value of 51.462, MAPE value of 0.026, and an R2
value of 0.57. In this particular case, LSTM outperforms GRU due to its
ability to maintain a dedicated memory cell that can store information for
extended periods. Additionally, LSTM has gateways that can selectively
add or remove information, which enhances its capacity to capture
complex long-term dependencies. On the other hand, GRU lacks a
dedicated memory cell and only has two gates, which limits its capacity
to handle complex long-term dependencies. Therefore, LSTM is better
suited for this task compared to GRU.

In comparison to other studies, Marandi et al. (2016) used monthly
data for 2015 and 2016 to find the ARIMA (2, 1, 1), while Mohamed et
al. (2011) used monthly data from 2005 to 2010 to determine the ARIMA
(1, 1, 1). However, our study achieved the best results using ARIMA (7,
0, 7). In terms of LSTM, Niu et al. (2020) reported R? value of 0.92, and
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RMSE and MAPE values of 935.08 and 114.36, respectively. Although
their R? accuracy was good, their RMSE and MAPE were very high. On
the other hand, our study achieved an accuracy of 49.89, with an RMSE
and MAPE value of 0.025, which indicates better performance. There is a
lack of research on time series analysis for predicting daily generated

waste, as most existing studies have focused on monthly or annual data.
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5.1. Conclusion

This study examined the link between Ramadan fasting and the
amount of solid waste produced by households in the Kingdom of
Bahrain. The results show a strong relationship between waste generation
and the month of Ramadan, as waste generation significantly increased
during this period. On average, the study found that Ramadan witnessed
the highest waste generation, with an average of 1570 tons per day, in
contrast to the average of 1450 tons per day observed during the rest of
the year. This finding emphasizes the impact of cultural and behavioral
factors associated with Ramadan, such as increased consumption and
food waste, on the overall waste generation patterns in Bahrain. This
increase in waste is attributed to various factors, primarily excessive food
preparations and social activities such as Ramadan Ghabga, particularly
during the weekends when food banquets are prevalent, resulting in a
daily waste amount ranging from 1600 to 1700 tons. Understanding and
addressing this relationship is crucial for developing targeted waste
management strategies and initiatives during Ramadan to effectively
manage and mitigate the environmental impact of waste generation
during this period.

In 2020, there was a decrease in the amount of waste generated
compared to previous and following years (2019, 2021, and 2022). This
decrease is possibly due to the COVID-19 pandemic, which caused
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lockdowns and less economic activity. However, in 2021, people resumed
their usual consumption habits, resulting in higher waste generation.
Furthermore, the waste generation rate rose significantly on weekends,
reaching around 1650 tons per day and this could be attributed to
numerous social gatherings and events.

Results from the experiments demonstrated that machine learning
models can accurately and efficiently predict domestic waste generation
in Bahrain. Among the models tested, the BILSTM model exhibited
superior performance compared to ARIMA, SARIMA, Prophet, LSTM,
and GRU. The BILSTM model achieved MAE value of 28.120, RMSE
value of 36.879, MAPE value of 0.020, and an R? value of 0.78.
Furthermore, the SARIMA model confirmed the absence of seasonal
patterns in the dataset. To ensure the BiLSTM model's generalization,
several considerations need to be considered. Firstly, training the model
on a diverse, representative, and larger dataset is crucial, encompassing
various patterns, trends, and variations encountered in real-world
scenarios. Secondly, adequate training data should cover different trends,
and other influences on the time series behavior. Thirdly, regularization
techniques like dropout and regularization penalties can be applied to
avoid overfitting and promote more robust representations. Fourthly,
optimizing hyperparameters through techniques like cross-validation can
strike a balance between the model's capacity to capture complexity and
avoiding overfitting.

By following these practices, the BiLSTM model can effectively
generalize for accurate predictions on unseen data. The diverse training
dataset, randomization, regularization techniques, and careful
hyperparameter tuning all contribute to the model's ability to capture and

understand underlying patterns and dynamics in time series data. This
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enables the model to perform well in real-world scenarios, making it a

reliable tool for time series prediction and analysis.
3.2. Recommendations

During peak times, effective waste management is crucial for
maintaining a clean and healthy environment. To achieve this, the
frequency of waste collection should be increased to prevent overflowing
bins and rubbish. In addition, it is important to schedule collection times,
ensuring timely waste collection and reducing the risk of littering and
attracting pests. Additional containers should be provided, particularly in
areas with high-density waste generation, to distribute waste and prevent
overflowing.

Educating the population on proper waste management practices,
including sorting waste and disposing of it correctly, is also essential in
reducing pollution and improving waste collection efficiency. It is
recommended to utilize smart waste management systems to ensure
timely waste collection through sensors that detect full bins and alert
waste management teams to empty them. The implementation of such
recommendations during peak times can effectively improve the
management of waste and maintain a clean and healthy environment.

In addition to landfill disposal, alternative waste management
methods, such as composting or recycling, should be considered for food
waste. Composting is an efficient method that can provide significant
environmental benefits, such as reducing GHG emissions and preserving
soil quality. By diverting food waste away from landfills and towards
these alternative methods, we can reduce our environmental impact and

create a more sustainable waste management system.
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5.3. Future Work

In future work, it is recommended that additional explanatory
variables be included in testing new algorithms. These variables can
include population, gross domestic product (GDP), and carbon dioxide
emissions. By considering these factors, a more comprehensive analysis
and evaluation of algorithms can be performed, which may ultimately
improve accuracy and effectiveness.

Population is an important variable to consider because it provides
insights into the size and distribution of the population in a given region
or country. Population can have a significant impact on various aspects of
a system or phenomenon under study. GDP, another important variable,
reflects the economic performance of a country or region. It measures the
total value of goods and services produced within a specified time frame.
GDP provides valuable information about the economic well-being,
productivity, and development of a nation. Carbon dioxide emissions
have a direct relationship with waste generation, and are a related
environmental impact variable, also worth considering. With the growing
concern about climate change and sustainability, understanding the

relationship between algorithms and carbon emissions can be beneficial.
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Appendices

Table (19): Waste type quantity (tons)

WASTE_TYPE Sum of tons
Domestic (DOM) 2101207
Building waste (BLD) 1497728
Commercial (COM) 1068017
Garden (GDN) 417941.9
Household bulky (HBW) 148122.6
Liquid waste (LIQU) 135326.3
Industrial waste (IND) 120906.6
Animal waste (ANM) 53677.6
TYRES 37178.22
SWAT 10072.59
WATER 8412.618
Expired food (FOD) 4687.57
BLOOD 2062.286

Rolling Mean & Standard Deviation
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Results of Dickey-Fuller Test:

Test Statistic -4.00
p-value 0.00
#Lags Used 22.00
Number of Observations Used 1073.00
Critical Value (1%) -3.44
Critical value (5%) -2.86

Critical Value (10%) -2.57
dtype: float6d

Fig. 39: Results of Dickey-Fuller test



Dep. Variable:

WEIGHT No. Observations:

1461

Model: ARIMA(7, @, 7) Log Likelihood -7997.535
Date: Tue, 07 Feb 2023 AIC 16027.070
Time: 12:44:32 BIC 16111.660
Sample: 01-01-2019  HQIC 16058.625
- 12-31-2022

Covariance Type: opg

coef std err z P>|z| [0.025 0.975]
const 1438.1978 46.321 31.048 0.000 1347.410 1528.986
ar.L1 -0.1001 0.047 -2.145 0.032 -90.192 -0.009
ar.L2 0.2251 0.042 5.297 0.000 0.142 0.308
ar.L3 -0.3295 0.034 -9.700 0.000 -0.396 -0.263
ar.L4 0.3437 0.027 12.734 0.000 9.291 0.397
ar:LS -0.3106 0.028 -11.208 0.000 -0.365 -0.256
ar.L6 0.1982 0.037 5.396 0.000 0.126 0.270
ar.L7 0.9261 0.043 21.363 0.000 0.841 1.011
ma.ll 0.3567 0.049 7.294 0.000 0.261 0.453
ma.lL2 -0.0121 0.033 -0.362 0.717 -0.077 2.053
ma.lL3 0.5194 0.034 15.414 0.000 9.453 0.585
ma.lL4 -0.1006 ©.030 -3.320 0.001 -0.160 -0.041
ma.L5 0.4330 9.025 17.625 0.000 0.385 0.481
ma.L6 0.0520 9.041 1.262 0.207 -0.029 0.133
ma.L7 -0.7017 9.032 -21.710 0.000 -0.765 -0.638
sigma2 3416.7516 77.251 44,229 0.000 3265.342 3568.161
Ljung-Box (L1) (Q): ©.15  Jarque-Bera (JB): 2714.17
Prob(Q): 8.70 Prob(JB): 0.00
Heteroskedasticity (H): 1.3  Skew: 0.32
Prob(H) (two-sided): 0.73  Kurtosis: 9.65

Fig.

40: ARIMA results for order (7,0,7)
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