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reduction 

Greenhouse gas (GHG) emissions are one of the main contributors to climate change.  

Several mitigation measures such as carbon tax, carbon budgets and sectoral emissions targets 

(SETs) are used to reduce GHG emissions. These mitigation measures require long-term plans, 

detailing how reduction outcomes or targets will be achieved. 

Carbon emissions forecasting is vital to ensure effective carbon mitigation measures. Forecasted 

emissions give a good indication of whether a facility’s emissions targets will be met and if more 

stringent mitigation measures are required.  

Several forecasting models have been developed to predict emissions at a country-specific level. 

However, mitigation policies aim to reduce carbon emissions at a facility level. Thus, a forecasting 

model is required to predict carbon emissions for South African facilities. 

An emissions forecasting model was developed based on the basic forecasting model 

development steps; focussing on problem definition, data identification, preliminary analysis, 

choosing and fitting models, and using and evaluating the model.  

Different forecasting models were evaluated, whereafter the models best suited for the data were 

used. The time-series variables, material input and production data, were estimated using the 

error-trend-seasonality (ETS) forecasting model, the activity data was calculated using 

multivariable linear regression, and carbon emissions were predicted using linear regression. The 

developed forecasting model is then validated and tested on an industrial facility in South Africa.  

After testing and validating the model, the model is used to predict the baseline material input, 

production, activity data and ultimately the emissions. The developed model forecasted the fuel 

combustion and process emissions within a 6% error. The fugitive emissions were forecasted 

within a 23% error. 
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Using the baseline forecast, the facility’s emission roadmap was incorporated into the forecast to 

predict the emissions when mitigation measures are implemented. Next, the forecasted emissions 

are compared to the allowable emissions to determine whether the facility is likely to meet its 

emission targets. 

The chosen facility aims to reduce its Scope 1 and Scope 2 emissions by 30% by 2030. To 

achieve this target, an emissions reduction of 18.5% is required by 2025. By only implementing a 

10% reduction in material input, a 9% reduction in Scope 1 emissions is forecasted. Thus, the 

implementation of additional mitigation measures are required to ensure the facility meet its 

emission reduction targets. 

In addition to using long-term forecasts to determine if a facility will meet its emission targets, 

short-term forecasting can be used for setting up carbon budgets. During the first carbon tax 

phase, companies can receive an additional 5% allowance on their carbon tax liability when 

participating in the carbon budget system. This amounts to a combined total of about R 2.3-billion 

in avoided carbon tax liability when considering six South African industries. 

Ultimately, the developed forecasting models can be used to develop accurate mitigation plans 

for any South African industrial facility. 
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CHAPTER 1 – INTRODUCTION AND LITERATURE 

1.1 Preamble 

Climate change is one of the most significant environmental challenges that threaten the 

earth's sustainability. One of the main contributors to climate change is anthropogenic 

greenhouse gas (GHG) emissions [1]. Since the start of the industrial era, carbon dioxide 

(CO2) concentrations in the atmosphere have increased over 30%, resulting in an approximate 

0.6 °C rise in the global surface temperature [3].  

As the surface temperature increases, rainfall patterns become more variable and 

unpredictable. These changes in rainfall patterns impact water sources and the production of 

crops and increase the vulnerability of impoverished communities [2]. As a developing country, 

South Africa is very vulnerable to the effects of climate change [4]. 

According to Climate Watch Dataa, the global GHG emissions increased from 3.26 GtCO2eb 

emissions to 4.89 GtCO2e between 1990 and 2018.  In 2018, South Africa was ranked as the 

13th highest carbon dioxide emitter globally, emitting 0.46 Gt carbon dioxide emissions 

annuallyc. 

The energy sector is the largest contributor to South Africa’s total annual emissions (excluding 

emissions from Forestry and Other Land Use), with a contribution of 79% in 2017 [5]. South 

Africa has a high dependency on fossil fuels for energy generation with about 86% of the 

electricity generated in South Africa originating from coal-fired stations [6]. 

To mitigate GHG emissions and adapt to the effects of climate change, several protocols and 

policies were implemented. 

1.2 Protocols and policies 

Several international policies and agreements have been developed at a global level to 

prevent and alleviate the risks associated with global climate change. These policies include 

 

a https://www.climatewatchdata.org/data-explorer/historical-emissions 

b The carbon dioxide equivalent (CO2e) is the number of metric tonnes of CO2 emissions with the same global 
warming potential as one metric ton of another greenhouse gas 

c https://www.ucsusa.org/resources/each-countrys-share-co2-emissions 
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the United Nations Framework Convention on Climate Change (UNFCCC), the Kyoto 

Protocol, and the Paris Agreement which ensure that all countries play their part in reducing 

GHG emissions.  

South Africa’s commitments under the Paris Agreement necessitated the development of its 

Low Emissions Development Strategy (LEDS), which outlines a set of actions up to 2050 [2]. 

To realise the goals outlined in LEDS, several additional policies were developed focussing 

on growth, climate change response, climate change legislation as well as current and 

updated emissions results. Practical execution realised from the mitigation measures 

introduced under the policies include price on carbon (Carbon Tax), emissions management 

that places limits on sectors, and plans on how to achieve the mitigation measures at a facility 

level.  

The goals and outcomes of these levels (as illustrated in Figure 1-1) will be discussed in further 

detail. 

 

Figure 1-1: National and international climate change protocols and policies. 

1.2.1 International protocols and policies 

In March 1994, the UNFCCC came into effect [7]. The UNFCCC mandates that member 

nations stabilise GHG concentrations in the atmosphere at a level that will not cause 

environmental harm [1]. The UNFCCC established the following steps to reduce GHG 

emissions [8]:  

1. Reduce GHG emissions below 1990 levels by means of an agreement (Kyoto 

Protocol), 

2. Establish a market for trading carbon credits (a permit that allows a company to emit 

a specified amount of GHG emissions), and 
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3. Enable developing countries to move towards a low-carbon economy by means of 

financial aid from developed countries.  

The UNFCCC did not identify any specific environmental change initially; however, it 

established a process through which agreements could be made to control GHG emissions 

[8]. One of these subsequent agreements to the UNFCCC is the Kyoto Protocol [9]. 

The Kyoto Protocol was adopted in December 1997. The aim of this protocol is to legally 

obligate developed countries to reduce their GHG emissions by setting internationally binding 

emissions reduction targets [10]. During the first commitment period (2008 – 2012), countries 

committed to reduce their GHG emissions to an average of 18% against 1990 levels [9]. 

During the second commitment period (2013 – 2020), countries committed to reduce their 

GHG emissions by at least 18% below 1990 [11].  

South Africa ratified the Kyoto Protocol in 2002 pledging to reduce its GHG emissions by 34% 

by 2020, and 42% by 2025 compared to “business-as-usual” [12]. South Africa’s commitments 

under the Kyoto Protocol form the basis of its national emissions reduction targets submitted 

to the Paris Agreement [2]. 

The Paris Agreement governs emission reductions following the second commitment period 

of the Kyoto Protocol. The agreement states that a more than 2°C increase in the global 

average temperature (compared to the pre-industrial era), poses a significant threat to 

sustainable development [1]. Unlike the Kyoto Protocol, which only requires developed 

countries to reduce their emissions, the Paris Agreement encourages all countries to set 

emission reduction targets [1, 9]. 

1.2.2 National strategies 

The Paris Agreement encourages countries to submit long-term low greenhouse gas emission 

development strategies (LT-LEDS), to better frame what actions are required to limit the global 

surface temperature increase at 1.5 °C. LT-LEDS are submitted voluntarily [1]. 

Countries under the Paris Agreement are required to submit Nationally Determined 

Contributions (NDCs) on a 5-year basis. NDCs enable countries to define their own pledges 

regarding emissions targets based on the circumstance, resources, and abilities of the 

country. NDCs express actions taken by each country to reduce their national emissions and 

adapt to the effects of climate change [1]. These actions include, but are not limited to the 

development of an early warning, vulnerability, and adaptation monitoring system, and the 

development of a National Adaptation Plan [2]. 
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1.2.3 National protocols and policies 

As a member of the Paris Agreement, South Africa is required to submit its NDC every five 

years [1]. On 25 September 2015, South Africa submitted its intended nationally determined 

contribution (INDC) which became their first NDC upon the ratification of the Paris Agreement. 

The NDC outlines how South Africa intend to reduce its GHG emissions and adapt to the 

impacts of climate change while ensuring sustainable development [13]. 

The NDC consists of two components: a mitigation component, and an adaptation component 

[13]. The mitigation component focusses on the country’s commitments towards reducing 

GHG emissions (to reduce annual GHG emissions to the range of 398-510 MtCO2e by 2025, 

and 398-440 MtCO2e by 2030). The adaptation component, however, explains South Africa’s 

goals for adaptation towards mitigating the impact of climate change [14].   

In 2019, the South African government published the National Climate Change Adaptation 

Strategy (NCCAS), which supports the country’s obligations in terms of the Paris Agreement 

[15]. The NCCAS serves as South Africa’s National Adaptation Plan and forms the basis for 

meeting the adaptation objectives as outlined in the NDC. While the NCCAS focusses 

primarily on the adaptation of climate change, it acknowledges that mitigation and adaptation 

have an impact on each other [2]. 

The NCCAS is derived from several of South Africa’s adaptation policies which include the 

National Climate Change Response Policy (NCCRP), published in 2011. Unlike the NCCAS, 

the NCCRP prioritises both climate change mitigation and adaptation. The NCCRP envisions 

an effective climate change response and a transition to a climate resilient carbon economy 

and just society [2].  

The objectives and interventions regarding climate change mitigation and adaptation, 

specifically focussing on carbon pricing, water, agriculture and commercial forestry, health, 

biodiversity and ecosystems, human settlements, disaster risk reduction and management are 

summarised in Table 1-1 [15]. 

Table 1-1: Adaptation and mitigation objectives and interventions of SA’s NCCRP. 

Component Objective Intervention 

Adaptation 

Offset South 
Africa’s 
vulnerability to 
climate change. 

Extend health protection and health promotion 
measures. 
Manage water resources and plan for contingencies. 
Adapt rangeland practices. 
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Component Objective Intervention 

Adaptation in agriculture. 
Implement changes in forestry practices. 
Protect plant biodiversity. 
Protect animal biodiversity. 
Develop actions that will offset South Africa’s economic 
vulnerability to climate change response measures. 

Mitigation 

Create a national 
GHG mitigation 
plan that promote 
sustainable 
development in 
South Africa. 

Promote a sustainable development path through 
coordinated government policy. 
Control exhaust emissions from road-going vehicles 
through a joint implementation strategy. 
Implement a transport sector mitigation programme. 
Develop and implement a mitigation programme aimed 
at the coal-mining sector. 
Implement sustainable development through 
coordinated policies, strategies, and incentives. 
Reduce GHG emissions in the agricultural sector. 
Facilitate the establishment and extension of forest 
schemes. 
Optimise waste management practice to minimise the 
emissions of GHGs and develop a government position 
to implement a waste sector mitigation programme. 

The mitigation components of the NCCRP are further captured in the Climate Change Bill 

which forms the legislative foundation for climate change adaptation and mitigation response 

in South Africa [2].  

The Climate Change Bill introduces several mitigation measures to meet the mitigation targets 

as stipulated in South Africa’s updated NDC. These mitigation measures include carbon 

budgets, sectorial emission targets and the phase down and phase out of synthetic GHG 

emissions [2, 16]. 

The mitigation measures mentioned in the Climate Change Bill are also mentioned as cross-

cutting measure in South Africa’s Low Emissions Development Strategy (LEDS), which was 

published in February 2020 (in accordance with Article 4 of the Paris Agreement). 

LEDS is developed based on three key climate policy documents: The National Development 

Plan, the National Climate Change Response Policy, and the Climate Change Bill. The 

strategy focuses primarily on GHG mitigation; however, the strategy also considers South 

Africa’s vulnerability to the impacts of climate change and the need to build resilience to these 

impacts. [2].  
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1.2.4 National mitigation measures 

To support South Africa’s transition towards a low carbon economy, national mitigation 

measures such as carbon tax, sectoral emissions targets (SETs), carbon budgets, and 

mitigation plans were implemented, or are in the process of being implemented [2]. 

South Africa’s Carbon Tax Act came into effect on 1 June 2019. The Act is based on the 

“polluter pays principle” and aims to put a price on carbon, adopting the negative costs of 

emitting GHG emissions. The 2021 tax rate is set at R134 per tonne CO2e. The objective of 

the Carbon Tax Act is to encourage companies towards adopting cleaner technologies in the 

future [17]. 

Carbon tax consists of two phases: the first phase spans from 1 June 2019 to 31 December 

2022, and the second phase from 2023 to 2030 [18]. The impact of carbon tax will be reviewed 

before the commencement of the second phase. The review will account for the progress 

made in GHG emissions reduction as stated in the NDC [19]. 

In terms of the first carbon tax phase, taxpayers that participate in the voluntary carbon budget 

system are eligible for a 5% carbon budget allowance [17]. The voluntary carbon budgets are 

only applicable until 31 December 2020 [18]. Upon the promulgation of the Climate Change 

Bill, carbon budgets will become mandatory, and penalties will be imposed if a company 

exceeds its allocated carbon budget [16]. 

1.3 GHG mitigation and sustainability strategies 

1.3.1 Carbon budgets 

Reduction in GHG emissions is crucial to mitigating climate change. One way to limit future 

GHG emissions is by the adoption of carbon budgets [20]. The global carbon budget 

represents the maximum amount of GHG emissions that humankind can emit to keep the rise 

in global temperatures to 2°C, or preferably well below 1.5°C, compared to pre-industrial 

temperatures [20].  

A 1.5°C increase in global temperatures will impact health, livelihoods, food security, water 

supply, human security and economic growth [21]. Some of the risks associated with climate 

change can be found in Table 1-2 [21]. 
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Table 1-2: Risks associated with an increase in global temperatures. 

Impacted area Associated impacts 

Coastline 

Due to thermal expansion of oceans, sea-levels can rise in the range 
of 20 and 80 cm during the next century. The increase in sea-levels 
decreases the effectiveness of coastal defences against floods and 
storms which in turn impacts the instability of beaches and cliffs. 

Storms and floods 

Storms and floods are some of the leading natural hazards. During 
periods of accelerated climate change, weather patterns are more 
erratic and an increase in the number of storms can be observed. An 
increase in global temperatures can also result in an increase in 
heavy rainfall in specific geographic location resulting in floods. 

Drinking water 

Rising temperatures can impact the access to fresh drinking water. 
An increase in evaporation has an impact on water supplies and can 
also contribute to the salinisation of irrigated agricultural lands. 
Groundwater supplies as well as yields of rivers and reservoirs are 
affected by changes in river run-offs.  

Health 
The transmission of infectious disease is directly affected by climatic 
factors such as an increase in temperatures.  

Biodiversity 

A threat to certain fauna and flora is posed due to these species’ 
inability to migrate in response to climate change. This could be due 
to the species’ geographical location or due to human activity such as 
farming and urbanisation.  

Agriculture 
Increased temperatures can result in a decrease in food production 
in both developed and developing countries. 

Table 1-2 clearly describes the immense threat climate change is to society. To limit the 

increase in global temperatures to 1.5°C, it is important to stay within the total global carbon 

budget [21]. GHG mitigation mechanisms are mostly implemented at country level, thus it is 

necessary that carbon budgets are also divided into country carbon budgets [20]. 

In September 2020, carbon budgets and SETs were approved by the South African 

Government to meet its absolute reductions in terms of the LEDs [2]. The Minister of the 

Department of Forestry, Fisheries, and the Environment (DFFE) is responsible for allocating 

carbon budgets at facility level [16].  

Carbon budgets are aligned with the national GHG emissions trajectory and are allocated to 

any person that conducts an activity listed in terms of section 24(2) of the Climate Change Bill 

[16]. A carbon budget must span three successive five-year periods and specify the maximum 

amount of GHG emissions that a person may emit during the first five-year period [16]. 

Companies to whom carbon budgets are allocated are required to submit a GHG mitigation 

plan (previously known as pollution prevention plans), detailing what mitigation actions are 
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required to ensure compliance with the carbon budget. Companies that do not comply with 

their allocated carbon budget are required to provide a description on the mitigation measures 

required to achieve compliance [16]. For emissions exceeding the carbon budget, a higher tax 

rate will apply which can be up to five times the carbon tax rated. 

The first phase of carbon budgets (under the Carbon Tax Act) came to an end on 

31 December 2020. During this first phase, companies submitted carbon budgets on a 

voluntary basis [17]. However, upon the promulgation of the Climate Change Bill, participation 

in the second and subsequent carbon budget phases will become mandatory [16]. 

Carbon emissions are divided into three categories also known as scopes [22]. Currently, 

carbon budgets are only applicable to Scope 1 emissions [17]. The scopes are categorised as 

follows [22]: 

 Scope 1: Scope 1 emissions are the direct emissions resulting from activities over 

which the company has operational control. These emissions are further subdivided 

into combustion, process, fugitive, and waste emissions. 

o Combustion emissions: Emissions resulting from the combustion of fuels in 

stationary source such as turbines, boilers, and furnaces. 

o Process emissions: Emissions resulting from the processing of materials and 

chemicals such as ammonia production. 

o Fugitive emissions: Emissions resulting from intentional or unintentional 

releases such as equipment leaks. 

o Waste emissions: Emissions resulting from waste processing. 

 Scope 2:  Scope 2 emissions include all indirect emissions from electricity and/or heat 

purchased by the company. 

 Scope 3: Scope 3 emissions include all other indirect emissions resulting from activities 

over which the company has no operational control. Scope 3 emissions are therefore 

emissions resulting from business travel, procurement etc. and form the greatest share 

of a company’s total emissions. 

An overview of scope and emissions in the value chain can be found in Figure 1-2 [22]. 

 

d https://static.pmg.org.za/210302CarbTax_Sys_in_South_Africa..pdf 
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Figure 1-2: Overview of carbon emission categories across the value chain (adapted 

from the Greenhouse Gas Protocol). 

Figure 1-2 illustrates the different emission scopes as well as the seven main GHG emissions 

resulting from the indicated activities. The global standard for the measuring and management 

of GHG emissions is known as the Greenhouse Gas Protocol. To ensure compliance with the 

Greenhouse Gas Protocol, companies are required to report both Scope 1 and Scope 2 

emissions [22]. However, carbon tax and carbon budgets are currently only applicable to 

Scope 1 emissions (emissions owned by the company). Thus, this study only focusses on 

developing a forecasting model based on Scope 1 emissions.  

It is important to note that carbon emissions are generally calculated using emission factors. 

The GHG Protocol defines an emission factor as “a factor allowing GHG emissions to be 

estimated from a unit of available activity data (e.g. tonnes of fuel consumed, tonnes of product 

produced) and absolute GHG emissions” [22]. Emission factors are usually expressed as the 

weight of the pollutant divided by a volume, weight, distance, or duration of the emission 

source. In most cases, emission factors are taken as averages of available data and is 

assumed to represent a long-term average for all facilities in the source category. 

The IPCC Guidelines use a tiered approach to describe the different methods for calculating 

GHG emissions. There are three levels (referred to as tiers) available to calculate emissions: 

Tier 1, Tier 2, and Tier 3. Each tier level is associated with and increasing level of accuracy. 

The three levels of tiers are known as Tier 1, Tier 2, and Tier 3 and is each associated with 
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an increasing level of detail and accuracy, with Tier 3 calculations being the most accurate. 

The tiers can be described as follows [23, 24]: 

 Tier 1: This method is the simplest method and has the highest uncertainty. IPCC 

default emission factors are used for most of the activities and based on international 

standards or estimates. 

 Tier 2: This method is similar to the Tier 1 method; however, country specific emissions 

factors are used for most activities. Tier 2 calculations have a lower uncertainty than 

Tier 1 calculation but a higher uncertainty than Tier 3 calculations. 

 Tier 3: Emissions are calculated using process models, direct measurements, mass 

balances etc. Tier 3 calculations have the lowest level of uncertainty. 

To reduce these GHG emissions and ensure companies are within their carbon budgets, 

emissions mitigation measures are required [20]. Two climate change mitigation approaches 

investigated by the Intergovernmental Panel on Climate Change (IPCC) are conventional 

mitigation technologies such as renewable energy, and negative emission technologies such 

as afforestation and reforestation [21, 25]. 

1.3.2 Carbon mitigation strategies 

As of 2017, renewable energy accounted for 18% of the total final energy consumption and, 

as of 2018, 26% of the global electricity purchased originated from renewable energy sources 

[26]. Decarbonisation efforts through renewables include thermal and photovoltaic solar 

energy and can be deployed in the industry, transportation and building sectors [25].  

A potential decarbonisation approach that can be applied in the power and industrial sectors 

is carbon capture, storage, and utilisation. During carbon capture, storage and utilisation, CO2 

gases are separated and captured from processes that are reliant on fossil fuels such as coal, 

oil, or gas. The main objective of carbon capture, storage, and utilisations is to reduce 

emissions levels while utilising fossil fuel sources [25].  

For fossil fuel dependant countries such as South Africa, switching from coal to gas can pave 

the way to a low carbon and potentially zero-carbon economy and is applicable to the power, 

industry, transportation and building sectors [27-29]. Fuel efficiency gains also play a 

prominent role in emissions mitigation efforts. Efficiency gains in the power sector can be 

achieved by enhancing fuel combustion efficiency and by improving turbine generator 

efficiencies [26]. 
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Where conventional mitigation strategies are not effective enough to remove all emissions, 

negative emissions technologies can be used to remove the remainder of emissions [30]. One 

of the most prominent negative emission technologies is bioenergy carbon capture and 

storage (BECCS) [21]. During BECCS, biomass captures CO2 via photosynthesis which is 

used for energy production through combustion. The resulting CO2 emissions are then 

captured and stored in geological reservoirs [31, 32]. BECCS can result in a significant 

reduction in GHG emissions due to the removal of CO2 emissions from the atmosphere [25]. 

Another negative emissions technology is afforestation and reforestation. Afforestation 

involves introducing trees and trees seedlings in an area with no previous tree growth, while 

reforestation consists of replanting deforested areas. During tree growth, atmospheric CO2 is 

captured and stored in biomass, organic matter, and soil where it can remain for a long period 

[25]. 

For carbon capture on a permanent basis, biochar can be used. Biochar is produced from 

biomass during pyrolysis [33-36]. Carbon is captured by biomass through CO2 uptake during 

plant growth. The carbon is then processed into char which can be applied to soils for extended 

periods. During the conversion process, biomass carbon is stored in a stable form which is 

resistant to decomposition [37, 38]. 

The reduction of GHG emissions through emissions mitigation can result in increased 

efficiency and cost effectiveness. The successful management and mitigation of a company’s 

exposure to climate change related risks, while ensuring the company remains profitable, can 

provide a competitive advantage over rival companies. The reduction of GHG emissions is 

also seen as a form of intangible value. Thus, if a company can successfully reduce its GHG 

emissions, it could reflect in the company’s stock market performance [39]. 

1.4 Emissions forecasting and forecasting models 

The reduction of GHG emissions is important to mitigate the effects of climate change. To 

ensure a company’s emissions do not exceed its carbon budget, emissions forecasting can 

be used. Emissions forecasting can also be used for setting up GHG mitigation plans and to 

explain trends in GHG emissions as required during the validation and verification process 

[40]. 

Emissions forecasting is vital for decision making regarding climate change policies and the 

development of medium- and long-term emissions reduction strategies [41]. According to 

Auffhammer and Carson [42], emissions forecasting can be used for future global warming 
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predictions, for estimating the costs of emission reductions and for predicting the expected 

benefits of climate change mitigation. The latter is especially important when setting up 

mitigation plans. 

There are several types of forecasting models available in literature. Abdullah and Pauzi [43] 

reviewed literature on forecasting methods as well as the estimation of CO2 emissions. 

According to their research, the most popular forecasting methods are neural networks, grey 

models, computer-based models, and optimal growth models. Seventeen studies related to 

the topic were considered. A summary of these studies can be found in Table 1-3. 
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Table 1-3: Summary of emissions forecasting models available in literature. 

Literature model Forecasting model Purpose of model 
Emissions 

forecasting level 
Input variables 

Literature model 1: 
Radojevic et al [44] 

Neural network To estimate the CO2 
emissions of Serbia for 
predicting environmental 
indicators of sustainable 
development. 

Country  Share of renewable energy 
sources 

 Gross Domestic Product 
(GDP) 

 Gross energy consumption 
 Energy intensity 

Literature model 2: 
Liu et al [45] 

Neural network To forecast CO2 emissions 
in China. 

Country  GDP 
 Exports 
 Consumer price index 
 Investment in fixed assets 
 Population 

Literature model 3: 
Yap and Karri [46] 

Feedforward neural 
networks 

To predict vehicle 
emissions using a two-
stage emissions predictive 
model. 

Sectoral  Engine forces 
 Attractive forces 

Literature model 4: 
Behrang et al [47] 

Integrated multi-layer 
perceptron neural network 
and Bees Algorithm 

Forecast global CO2 
emissions. 

Global  Population 
 GDP 
 Oil trade movements 
 Natural gas trade 

movements 
 Demand for fossil fuels 
 Primary energy demand 
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Literature model Forecasting model Purpose of model 
Emissions 

forecasting level 
Input variables 

Literature model 5: 
Li et al [48] 

Radial Basis Function 
neural network combined 
with time series 

Predict CO2 emissions in 
China. 

Country  Energy consumption 

Literature model 6: 
Sözen et al [49] 

Artificial neural networks Predict GHG emissions in 
Turkey. 

Country  Energy consumption 

Literature model 7: 
Pao et al [50] 

Nonlinear Grey Bernoulli Predict three indicators: 
carbon emissions, energy 
consumption, and real 
output in China. 

Country  Energy consumption 
 CO2 emissions 
 Energy intensity 
 GDP data 

Literature model 8: 
Pau and Tsai [51] 

Grey prediction model Forecast CO2 emissions, 
energy consumption, and 
real GDP to investigate the 
dynamic between variables 
for Brazil. 

Country  CO2 emissions 
 Energy consumption 
 Real GDP 

Literature model 9: 
Lin et al [52] 
 

Grey forecasting model Estimate future CO2 
emissions in Taiwan. 

Country CO2 emissions related to 
consumption of: 
 Coal 
 Petroleum 
 Natural gas 

Literature model 10: 
Lu et al [53] 

Grey model Capture the development 
trends of the number of 
vehicles, vehicular energy 
consumption, and CO2 
emissions in Taiwan. 

Country  Fuel consumption 
 Fuel density 
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Literature model Forecasting model Purpose of model 
Emissions 

forecasting level 
Input variables 

Literature model 11: 
Feng et al [54] 

Dynamics based computer 
simulation model 

Estimate and predict urban 
energy consumption trends 
and CO2 emissions for 
Beijing. 

City 
 

 Energy demand 
 Carbon emission factors 

Literature model 12: 
Hui-ya et al [55] 

Optimal economic growth 
model 

Predict net carbon 
emissions of Yunnan, 
China, from 2007 to 2050. 

City  Energy consumption 

Literature model 13: 
Huang and Wang 
[56] 

Optimal growth model Investigate Shanghai’s 
energy consumption and 
carbon emissions. 

City  Economic growth 
 GDP 
 Energy consumption 

Literature model 14: 
Wu et al [57] 

Novel multi-variable grey 
model 

Examine the relationship 
between energy 
consumption, urban 
population, economic 
growth, and CO2 emissions 
in BRICS countries. 

Country  Energy consumption 
 Urban population 
 Economic growth 
 CO2 emissions 

Literature model 15: 
Ma et al [58] 

Multivariate grey model, 
firefly algorithm, and the 
association rule algorithm 

Develop a hybrid-carbon 
emissions forecasting 
model to be used in the 
formulation of emissions 
reduction policies of China. 

Country  Energy consumption 
 Economic growth 
 Industrial structure 
 Foreign direct investment 
 Urbanisation 

Literature model 16: 
Wang et al [59] 

Metabolic non-linear grey 
model, Autoregressive 
Integrated Moving Average, 
and Back Propagation 
Neural Network (BPNN) 

Develop more effective 
carbon mitigation strategies 
for the forecasting of carbon 
emissions in China, US, 
and India. 

Country  Energy consumption 
 Population 
 GDP 
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Literature model Forecasting model Purpose of model 
Emissions 

forecasting level 
Input variables 

Literature model 17: 
Nong [60] 

Global computable general 
equilibrium model 

Enhance the capacity and 
accuracy for climate change 
and energy policy 
assessment by analysing 
the impacts of the carbon 
tax policy on the economy 
of South Africa. 

Facility  Carbon price 
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As seen in Table 1-3, out of the seventeen studies considered, sixteen of the studies focussed 

on predicting CO2 emissions. Most of the studies developed emissions forecasting models 

using neural networks (six out of seventeen). A breakdown of the forecasting models used 

can be found in Figure 1-3. 

 

Figure 1-3: Breakdown of forecasting models used in literature. 

Only one of the studies listed in Table 1-3 mentions the development of a forecasting model 

at facility level. However, the model focusses on analysing the impacts of carbon tax on the 

economy and not on emissions forecasting. Eleven of the studies focus on emissions 

forecasting at a country level. Three studies focus on the development of an emissions 

forecasting model at a city level, and one study considers emissions forecasting model at 

sectoral, global, and facility level, respectively. Thus, currently emissions forecasting is rarely 

done at facility level. This makes it difficult for facilities to ensure that they will remain within 

their carbon budget. 

1.5 Significance of the study 

In this section, the significance of the study is highlighted by evaluating the carbon tax liability 

of six South African industries that participate in the carbon budget system. The industries 

include electricity generation, petrochemical production, mining and minerals, iron and steel 

production, ferrochrome production, and cement production. 
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During the first phase of carbon tax, the forecasting of GHG emissions enables facilities to set 

up their carbon budgets. By participating in the carbon budget system, taxpayers can receive 

a 5% tax free allowance on their total carbon tax liability. The total liability as well as the 

avoided liability for the six industries are summarised in Table 1-4 [61]. 

Table 1-4: Impact of carbon budget allowances on the total carbon tax liability. 

Industry 
Total 

emissions 
Total liability 

5% of total 
emissions 

Liability of 
5% of total 
emissions 

MtCO2e R (million) MtCO2e R (million) 
Electricity generation 223.00 R 29 882 11.15 R 1 494 
Petrochemical 
production 

59.23 R 7 937 2.96 R 397 

Mining and minerals 30.91 R 4 142 1.55 R 207 
Iron and steel 
production 

11.56 R 1 549 0.58 R 77 

Ferrochrome 
production 

6.99 R 937 0.35 R 47 

Cement production 3.75 R 503 0.19 R 25 
Total 335.44 R 44 949 16.77 R 2 247 

*Carbon tax liability calculated at R 134 per tonne CO2e emissions 

A total of 16.77 MtCO2e emissions of the six reported entities are exempted from carbon tax 

due to the facilities’ participation in the carbon budget system. This amounts to a R 2.3-billion 

avoided carbon tax liability. 

In the second phase of carbon tax, carbon budgets will become mandatory and will be 

allocated by the governmental structures. For emissions exceeding the carbon budget during 

the second carbon tax phase, a higher tax rate, which is proposed as R 600 per tonne CO2e 

emissions, will be applied. GHG emissions forecasting can then be used to ensure that the 

facilities’ emissions are within their carbon budget. 

1.6 Problem statement and research objective 

GHG emissions are one of the main contributors to climate change. To reduce emissions and 

minimise the risks associated with climate change, several national and international policies 

were implemented. 

Carbon budgets are one of the mitigation measures implemented by the South African 

government to reduce GHG emissions. Based on the reported emissions of six South African 
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entities, the participation in the carbon budget system could result in an avoided carbon tax 

liability of R 2.3-billion.  

With the promulgation of the Climate Change Bill, carbon budgets will become mandatory. 

Facilities to which carbon budgets were allocated are required to submit a GHG mitigation 

plan detailing how they intend to reduce their emissions.  

South African facilities need to forecast their emissions at a facility level to ensure that effective 

carbon mitigation measures are in place. No facility-level forecasting models are currently 

available in literature. Most models focus on national or global emissions predictions. Thus, 

there is a need for facility-based emissions forecasting models.  

The objective of this study is to outline the development of forecasting models that can be 

used to predict the carbon emissions for South African facilities. The developed forecasting 

models can then be used to: 

 Identify potential emissions reduction opportunities, 

 Determine the effect of different mitigation measures on the company’s total GHG 

emissions, and 

 Determine whether emissions targets will be met with the mitigation measures already 

in place. 

1.7 Scope of investigation 

This study specifically focusses on the process to develop emissions forecasting models for 

South African facilities. Emissions will be forecasted at facility level and only Scope 1 

emissions will be considered when developing the models. 

Some of the forecasting models considered in this study include neural networks, grey models, 

linear regression as well as multivariable linear regression which are further investigated in 

Chapter 2. 

1.8 Dissertation layout 

Chapter 1: Introduction and literature 

Chapter 1 presents a brief introduction to the study and introduces relevant literature regarding 

existing emissions forecasting models. This chapter further highlights potential gaps in 

literature and emphasises the need for the study which is presented in the form of a problem 

statement. Objectives to be met throughout this study are also discussed in Chapter 1. 
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Chapter 2: Methodology 

Chapter 2 presents a brief overview on the different forecasting models available in literature. 

This chapter also presents the model development steps, focussing on data preparation, 

model development, and model validation. 

Chapter 3: Results and discussion 

Chapter 3 presents the development and verification of the emissions forecasting model using 

an actual case study. The three different emissions categories (combustion, process, and 

fugitive) were considered for the case study. 

Chapter 4: Conclusion 

Chapter 4 presents the conclusions made regarding the study. The chapter also serves as 

proof that all objectives stated in Chapter 1 are met and proposes recommendations for further 

studies regarding the study topic.  
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CHAPTER 2 - METHODOLOGY 

2.1 Preamble 

The literature in this chapter is used to identify the steps needed to develop an emissions 

forecasting model for South African facilities. According to Hyndman and Athanasopoulos [62], 

the basic steps for forecasting development are: problem definition, gathering information, 

preliminary (exploratory) analysis, choosing and fitting models, and using and evaluating the 

forecasting as illustrated in Figure 2-1. 

 

Figure 2-1: Basic steps for forecasting model development. 

Problem definition is often regarded as one of the most difficult steps in the development of a 

forecasting model. The reason for this is because it requires the understanding of the following 

[62]: 

 The way in which the forecasts will be used. 

 The people requiring the forecasts. 

 The way in which the forecast will be incorporated in the organisation. 

 

The first step (problem definition) has already been addressed in Chapter 1. The problem 

definition is as follows: South African facilities need to forecast their emissions at facility level; 

however, no facility-level forecasts are available in literature. This chapter will focus on the 

last four steps. 

During the gathering information step, the desired data is identified, collected, and inspected 

for any missing or incorrect values. Next, the data is analysed to identify any patterns or 

outliers in the data which will have an influence on the type of forecasting model used. Based 

on information gathered in the preliminary analysis, a suitable forecasting model is chosen 

and fitted to the available information. After developing the model, the desired data is 

forecasted, and the model is evaluated to determine the accuracy of the forecasted data. 
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2.2 Gathering information 

The first step in forecasting model development, after problem definition, is data gathering. 

For this step, the following information is required: statistical data, and the accumulated 

expertise of people who collect and forecast the data [62]. During the data gathering step, 

data is identified, collected, and inspected to ensure there are no missing or incorrect values. 

These sub-steps are illustrated in Figure 2-2.  

 

Figure 2-2: Sub-steps for the gathering information step. 

The following paragraphs discuss each sub-section in detail and explain how it will be utilised 

in the development of the forecasting models.  

2.2.1 Data identification 

Data identification is defined as the process that highlights the data sets required as well as 

their desired properties. These properties include sample period, data format, and accuracy 

[63]. 

Before looking at the properties mentioned above, the type of data required to forecast the 

GHG emissions needs to be identified. GHG emissions are calculated using activity data. 

However, it is not always possible to estimate the activity data for all emissions. Hence, the 

relationship between emissions and influencing factors such as production data etc. needs to 

be determined. This further allows for estimating how changes in the influencing factors will 

affect the carbon emissions. 

Next, the desired sample period for the data needs to be determined. The sample period can 

be daily, weekly, monthly, or annually. Time series data is usually available in daily intervals, 

which can be aggregated to a monthly basis, while emissions data is calculated annually 

according to the National Greenhouse Gas Emissions Reporting Regulations (NGER) [64]. 

The data format should also be considered during data identification. Data format plays a 

fundamental role in understanding the data, representing the data, and determining the 
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storage space needed for the data [65]. Examples of different data formats include comma 

separated values (CSV), tab separated values (TSV), text format, and extensible markup 

language (XML) [65]. 

The format in which the data is stored should [65]: 

 Be compact enough to store large data sets, 

 Be readable by various software and tools, 

 Represent categorical and numerical features, 

 Be local, to transfer data independently, and 

 Not be changed by tools and software. 

 

All the data used in this study is available in an XLSX format (a zip compressed XLM 

spreadsheet file) which is the current default extension used for a Microsoft Excel file. 

The quality of data used in forecasting model development has a significant impact on the 

forecasting accuracy. The forecasting model can only be as good, in terms of accuracy, as 

the quality of data provided to the model. It is important to prepare a consistent data set to 

ensure high quality data is used in model development [66]. Data quality depends on the type 

of data used, where the data is obtained from, as well as what is included and excluded from 

the data set [67]. 

Some of the data quality characteristics to consider during data gathering are summarised in 

Table 2-1. 

Table 2-1: Data quality dimensions. 

Data quality 
dimensions 

Description 

Accessibility 
Data should be available to be used by anyone. Data that cannot be 
accessed serves no purpose [68]. 

Accuracy 
Data should give a true representation of reality [69]. The two most 
important characteristics of data accuracy are form and content [70].  

Trustworthiness 

Data should originate from a trustworthy source [68]. The 
trustworthiness of data is dependent on four key components: 
credibility, transferability, dependability, and conformability [71]. Data 
needs to be obtained from a reliable source to ensure good quality data 
[72]. 

Timeliness 

Indicates the time expectation for the accessibility of data (is the data 
available when needed and expected?). Timeliness is an important 
aspect in database management and refers to the availability and 
accessibility of data [68]. 
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Data quality 
dimensions 

Description 

Reliability 
Data conveys the right information and can be traced and connected to 
other data [38].  

Consistency Data is equivalent across different data table sources or systems [68]. 

Completeness 
Data is comprehensive and all the required data is available. 
Data considered complete given that all expectations are met [68]. 

Relevance 
Collected data should be relevant to its intended purpose and meet 
current as well as potential future needs. Is the collected data relevant 
to its intended purpose and can the objective be met [68]?  

Representability 
Data should be representable as it gives assurance of all properties 
included. 

 

From Table 2-1 it is evident that there are several characteristics that determine the quality of 

data. To ensure the collected data is of a high quality, data should be easy to access, the 

available data should be accurate, and data should be obtained from a trustworthy source. It 

is also important to ensure that the data conveys the correct information, and that the data is 

consistent over different sources and systems. Lastly, it is important to ensure that the data 

set is representable and complete, and that only relevant data is collected. 

2.2.2 Data collection 

After the data required is identified, the identified data needs to be collected. According to 

Robertson [69], data collection is a crucial stage in the model development process. Data 

collection is based on the GIGO (Garbage In, Garbage Out) principle, i.e. the output of the 

system is only as good as the data that is put into the system [73-76]. 

2.2.3 Data inspection 

Once a complete data set is collected, data should be inspected to ensure that no missing or 

incorrect values are used and that it reflects the truth [77].  

Missing data 

Missing data is defined as the data value that is not stored for a variable in the observation of 

interest [78]. Missing data is a common occurrence in research and has a significant effect on 

the results of the study since data processing and data analysis require a complete data set 

[79, 80]. Missing data in a time series is illustrated in Figure 2-3. 
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Figure 2-3: Missing data in a time series. 

From Figure 2-3 it is evident that missing data has a significant impact on model development 

since no information on data patterns, trends, increasing and decreasing values etc. are 

available. 

To ensure a data set is complete, the missing values need to be replaced with reasonable 

values which can be determined using interpolation [81]. Interpolation is known as the process 

of estimating and inserting an unknown value between known values [82]. Statistical 

interpolation techniques include mean, median, and mode interpolation [81]. These 

techniques are illustrated in Figure 2-4 (a to c). 

 

(a) Mean interpolation 
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(b) Median interpolation 

 

(c) Mode interpolation 
 

Figure 2-4: Statistical interpolation techniques. 

When using mean interpolation, Figure 2-4 (a), the missing values are filled with the mean of 

the observed values. The same is true for median and mode interpolation; however, the mean 

is replaced by the median and mode respectively (Figure 2-4 (b) and (c)). 

From Figure 2-4 it is evident that the mean, median, and mode interpolation have a significant 

impact on the trend, cyclical, and seasonal components of the time series. To prevent 

influencing these occurrences, linear and spline interpolation is more suitable [83]. 

For linear interpolation, a straight line is created between the two points around the missing 

values and the point midway between these two values is used to fill the missing values. The 

last interpolation technique is spline interpolation. Spline interpolation is defined by piecewise 

polynomials [83]. The linear (a) and spline (b) interpolation techniques are illustrated in 

Figure 2-5. 
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(a) Linear interpolation 

 

(b) Spline interpolation 

 

Figure 2-5: Time series interpolation techniques. 

From Figure 2-5 it is evident that linear or spline interpolation give a more reasonable value 

for time series data with strong trend, cyclical, or seasonal components. Thus, for this study, 

missing values will be filled using linear interpolation. 

Outlier investigation 

Another important pre-processing step is the detection and/or removal of outliers to ensure 

the correct data is used [84]. An outlier (also known as an anomaly) is defined as a datapoint 

that does not conform with the normal patterns in the data set [85]. Outlier identification is 

used for cleaning data by removing noisy or erroneous data [86]. By removing noisy and 

erroneous values, the performance of the forecasting model can be greatly improved [84]. 

There are various outlier detection methods available that can efficiently detect outliers [87]. 

However, to ensure successful outlier removal, it is necessary to recognise why outliers are 

identified and how they deviate from the normal data [86]. 
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According to Santoyo [88], some of the most popular outlier detections methods are: 

 Z-Score or Extreme Value Analysis, 

 Probabilistic and Statistical Modelling, 

 Linear regression models, 

 Proximity based models, 

 Information theory models, 

 High dimensional outlier detection methods, and 

 Interquartile range method [89]. 

 

The interquartile range (IQR) method is simple to use, has a low sensitivity to distortion due 

to outliers, and can be used for normal and non-normal distributed data. Thus, this outlier 

detection method will be used in this study. 

The IQR method considers the range between the 25th (Q1) and 75th (Q3) percentiles of the 

sample data and covers the central 50% of the data. Two types of outliers can be defined by 

the IQR method: mild outliers and extreme outliers. Mild outliers are described as values 

beyond the inner limits described in Equation (2-1) and Equation (2-2), while extreme outliers 

are described as values beyond the outer limits as described by Equation (2-3) and 

Equation (2-4). 

 𝑙𝑜𝑤𝑒𝑟 𝑖𝑛𝑛𝑒𝑟 𝑙𝑖𝑚𝑖𝑡 = 𝑄 − 1.5 × 𝐼𝑄𝑅 (2-1) 
   
 𝑢𝑝𝑝𝑒𝑟 𝑖𝑛𝑛𝑒𝑟 𝑙𝑖𝑚𝑖𝑡 = 𝑄 + 1.5 × 𝐼𝑄𝑅 (2-2) 
   
 𝑙𝑜𝑤𝑒𝑟 𝑜𝑢𝑡𝑒𝑟 𝑙𝑖𝑚𝑖𝑡 = 𝑄 − 3 × 𝐼𝑄𝑅 (2-3) 
   
 𝑢𝑝𝑝𝑒𝑟 𝑜𝑢𝑡𝑒𝑟 𝑙𝑖𝑚𝑖𝑡 = 𝑄 + 3 × 𝐼𝑄𝑅 (2-4) 

 

One of the disadvantages of the IQR method is that it does not consider sample size; thus, 

legitimate values are discarded in large data sets. However, a modified IQR method can be 

used where sample size is accounted for [89]. 

Sample size 

Other than inspecting the data set for missing or erroneous data, the data sample needs to be 

of a representative size to ensure the data set is complete [90]. For time series data, Hanke 

et al [91] suggests a minimum sample size of double the seasonality of the data. For 

regression and multiple linear regression, Green’s method can be used [92]. This method is 

based on the number of predictable variables. The sample size can be calculated using 

Equation (2-5). 
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 𝑛 = 50 + 8𝑝 (2-5) 

Where: 

 𝑛 is the sample size, 

 𝑝 is the number of predictors. 
 
Another method for calculating the required sample size is the Cornish method. The Cornish 

method is a precision-based approach where the precision is known, and the formula is used 

to solve the standard error [93]. The formula for calculating the standard error contains the 

sample size as one of the variables; thus it can be used to calculate the sample size, should 

the standard error be available. The Cornish method is not an easy method to use since 

various assumptions are required during the calculation process [93]. 

After gathering a complete set of good quality data, the initial analysis can now be done. 

2.3 Preliminary analysis 

During the preliminary analysis stage of the forecasting model development process, patterns 

in the data can be identified by graphing the data [62]. For data where multiple patterns are 

observed, time series decomposition and trend removal can be used to highlight specific 

patterns in the data. Thus, the preliminary analysis step consists of the identification of data 

patterns, time series decomposition, and trend removal as illustrated in Figure 2-6. 

 

Figure 2-6: Sub-steps in the preliminary analysis step. 

The following paragraphs discuss each sub-section in detail and explain how it will be utilised 

in the development of the forecasting models.  

2.3.1 Data pattern identification 

Patterns in time series data include horizontal, trend, seasonal, and cyclic patterns [62]. These 

patterns are illustrated in Figure 2-7, Figure 2-8, Figure 2-9, and Figure 2-10 respectively. 
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Figure 2-7: Horizontal pattern. 

 

Figure 2-8: Trend pattern. 

 

Figure 2-9: Seasonal pattern. 

 

Figure 2-10: Cyclic pattern. 

 

A horizontal pattern is observed in Figure 2-7, where the data fluctuates around a constant 

mean which is illustrated by the straight, horizontal trendline. In Figure 2-8, a constant increase 

in the time series data can be observed. This is known as a trend pattern. Trend patterns are 

defined as a long-term increase or decrease in the observed data. 

In Figure 2-9, a spike and dip in the data can be observed which are followed by another dip 

and spike at roughly the same interval. This is known as seasonality. A seasonal pattern can 

be observed when a time series is influenced by factors such as the time of year or day or 

week. It is important to note that seasonality occurs at a known and fixed frequency. 
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In Figure 2-10, fluctuations in the data can be observed without a discernible pattern. This is 

known as a cyclic pattern. Cyclic patterns display infrequent falls and rises in the observed 

data. This is usually due to economic conditions. 

It is important to identify time series patterns in data before deciding which forecasting model 

to use [62]. 

2.3.2 Time series decomposition 

Because time series data can exhibit a variety of patterns, it is helpful to split time series into 

several components. This process is known as time series decomposition. The two types of 

time series decompositions are known as additive and multiplicative decomposition. Additive 

decomposition is generally used when there are changes in magnitude of seasonal 

fluctuations. Multiplicative decomposition is used when there is a variation in seasonal patterns 

proportional to the level of time series [62, 94]. This is illustrated in Figure 2-11 (a and b). 

  
a) Additive seasonality b) Multiplicative seasonality 

  
Figure 2-11: Additive and multiplicative seasonality. 

In Figure 2-11 (a and b), the blue line represents the level of the time series. For the additive 

time series, the difference between the maximum point and the level of the time series is 

relatively constant. However, for the multiplicative time series the magnitude of the seasonal 

components grows as time goes on. 

Additive and multiplicative decompositions can also be described by Equation (2-6) and 

Equation (2-7) respectively. 

 𝑦 = 𝑆 + 𝑇 + 𝑅  (2-6) 
 

 𝑦 = 𝑆 × 𝑇 × 𝑅  (2-7) 
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Where: 

 𝑦  is the times series value at time 𝑡, 

 𝑆  is the seasonal component at time 𝑡, 

 𝑇  is the trend component at time 𝑡, 

 𝑅  is the remainder component (error) at time. 

 

The decomposition of a time series allows for a better understanding of the data and helps to 

explore different ways to model the data. After separating the data into the different time series 

components, the trend can now be removed from the data. 

2.3.3 Trend removal 

According to Chan [95], trend removal, also known as detrending, is often desirable in time 

series analysis. Trend removal renders a time series stationary, allows for the identification of 

cyclic and other patterns, highlights potential sub-trends, and places the focus on fluctuations 

in the time series and other important factors [96]. 

There are several methods available for detrending a time series. One of these methods is 

known as the least squares linear trendline method [97]. With this method, a trendline is 

constructed in the form of Equation (2-8).  

 𝑇 = 𝑚𝑥 + 𝐶  (2-8) 

 

Where: 

 𝑚 is the slope, 

 𝑥  is the independent variable, 

 𝐶  is the intercept. 

The data is then detrended by dividing or subtracting with the trend component for 

multiplicative and additive decomposition, respectively. This is calculated with Equation (2-9) 

and Equation (2-10). 

 𝑦 = 𝑦 − 𝑇 = 𝑆 + 𝑅  (2-9) 
 

 𝑦 =
𝑦

𝑇
= 𝑆 × 𝑅  (2-10) 
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The trendline of the resulting time series should consist of a horizontal line as illustrated in 

Figure 2-12. 

  

(a) Before trend removal (b) After trend removal 

  

Figure 2-12: Trend removal. 

In Figure 2-12 (a), time series data with a constant increase in the data can be observed. After 

removing the trend, the data still follows the original pattern; however, a horizontal trendline 

can now be observed (Figure 2-12 (b)).  

Once the preliminary analysis for the data has been done, it is time to choose the best-suited 

forecasting model and fit the data to the model. 

2.4 Choosing and fitting models 

Three things should be considered when choosing and fitting forecasting models. The first is 

the availability of historic data, the second is the strength of relationships between forecasting 

and explanatory variables, and the last is how the forecasted data will be used [62]. 

There are several different forecasting models available in literature. It is important to consider 

the advantages and disadvantages of the different models to choose the model(s) best suited 

for the data. After the model(s) is selected, the forecasting model needs to be developed. The 

sub-steps in choosing and fitting models as described are illustrated in Figure 2-13. 
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Figure 2-13: Sub-steps when choosing and fitting models. 

2.4.1 Model options 

As mentioned before, there are several different forecasting models available in literature. 

These models include, but are not limited to, artificial neural networks, Grey predictive models, 

Autoregressive Integrated Moving Average (ARIMA) models, and exponential smoothing. 

The advantages and disadvantages of some of the different forecasting models available in 

literature are summarised in Table 2-2. 

Most of the models discussed in Table 2-2 are relatively easy to implement and do not require 

a high skill level to apply. However, there are some exceptions. ANNs require great 

computational resources and the reliability of the ARIMA model is dependent on the skill level 

of the forecaster. Although a small sample size is sufficient for the Grey predictive model, the 

model does not consider new information and cannot reflect the characteristics of the current 

situation.  

 

For models such as linear regression, and the Holt-Winters method, outliers can have a 

significant effect on the forecasted results; thus outlier detection/removal is crucial for these 

models. Autoregressive models, exponential smoothing, and the Holt-Winters method can all 

be used where trend, seasonality or any other recurring patterns are visible in the data. All 

these advantages and disadvantages should be considered when determining which 

forecasting model(s) to use for model development. 
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Table 2-2: Advantages and disadvantages of different forecasting models. 
Model Description Advantages Disadvantages 

Artificial Neural 
Networks 
(ANNs) [98, 99] 

ANNs are mathematical tools or 
physical devices that function 
similarly to biological neural 
systems.  

 Less formal statistical training is 
required to develop 

 Can implicitly detect complex non-linear 
relationships between dependent and 
independent variables 

 Can detect all possible interactions 
between predictor variables 

 Can be developed using multiple 
different training algorithms 

 “Black box” model, thus their ability to 
explicitly identify casual relationships 
are limited 

 Modelling requires greater 
computational resources 

 Prone to overfitting 

 Model development is empirical, and 
there are still methodological issues to 
resolve 

Grey predictive 
model [100] 

A model where some of the 
information is known and some of 
the information is unknown. 

 A small sample size is sufficient for using 
the Grey predictive model 

 Model is simpler and more suitable to use 
than the general econometric models 

 Can be used for short-term prediction 
activities 

 Model ignores new information and cannot 
accurately reflect the characteristics of the 
current situation 

ARIMA model 
[101] 

The ARIMA model consist of two 
components: an autoregressive 
component (time series is 
expressed in terms of past values 
of itself) as well as a moving 
average component (the current 
and lagged values of ‘white noise’ 
error term (the moving average 
component).  
 

 When creating short-term forecasts, the 
model is relatively robust 

 ARIMA models can usually outperform more 
sophisticated structural models in short-term 
forecasting ability [101] 

 The reliability of the ARIMA model is 
dependent on the skill and experience of 
the forecaster 

 The ARIMA is a “backward looking” model. 
“Backward looking” models are poor at 
predicting turning points unless turning 
point represents a return to a long-run 
equilibrium [101] 
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Model Description Advantages Disadvantages 

Linear 
regression 

Models the relationship between 
two variables by fitting a linear 
equation to the observed data5. 

 Simple to implement and easy to interpret 
 Susceptible to over-fitting. This can be 

avoided using dimensionality reduction 
techniques, regularization techniques and 
cross validation 

 Outliers can have an impact on the 
forecasted results 

 Assumes there is a linear relationship 
between the dependent and independent 
variable. Thus, independence between 
attributes is assumed 

Multiple linear 
regression 
analysis 
(MVRA) [102] 

MVRA is used to examine the 
relationship between various 
independent variables and a 
dependent variable. 

 MVRA enables the determination of the 
relative influence of one or more predictor 
variables to the criterion variable 

 Can be used to identify outliers, or 
anomalies 

 Incomplete or erroneous data can result in 
a false conclusion that a correlation is a 
causation 

 

Autoregressive 
model [62], 
[103] 

A statistical model that predicts 
future values based on past 
values. 

 Can identify if there is a lack of randomness 
in the data 

 Can forecast recurring data patterns 
 Less information required 

 An autocorrelation coefficient that cannot 
be less than 0.5 is required to ensure 
accurate results 

Moving average 
[104] 

Uses averages of different 
subsets of the data set. 

 Can be used for measuring the trend of any 
series 

 Appliable to linear as well as non-linear 
trends 

 The trend can neither be described by a 
straight line nor a standard curve 

 The model cannot extend the trend to 
forecast future values 

 Not applicable to short time series6 

Exponential 
smoothing [105] 

Exponentially decreasing weights 
are assigned for newest to oldest 
observations. 

 Fully automatic forecasting method 

 Low level of skill required from the 
forecaster, and it is quick to implement 

 Not based on a formal theory or statistical 
model 

 Modelling process less informative than 
that of linear regression 

 

5 http://www.stat.yale.edu/Courses/1997-98/101/linreg.htm 

6 https://www.emathzone.com/tutorials/basic-statistics/merits-and-demerits-of-moving-average-method.html 
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Model Description Advantages Disadvantages 
 Can model seasonal variations, trend as 

well as autoregressive, and moving average 
processes 

 Effective to use when model parameters 
change over time 

 Provides less accurate forecasts when 
strong seasonal or cyclic variations are 
present 

Holt-Winters 
Method (Triple 
exponential 
smoothing) 
[106] 

An exponential smoothing method 
for handling seasonal data. 

 Effective for short-term forecasts 

 Forecasted results are easy to interpret 

 Easy to implement 

 Can adapt to changes in trend and seasonal 
patterns 

 Outliers can significantly distort forecasted 
results 

 Cannot be used in a multivariate approach 

 Can only account for a single seasonal 
pattern 

 Only forecast the past information of the 
forecasting variable 
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2.4.2 Model selection 

Forecasting emissions are dependent on multiple steps. This requires input or activity data 

that determines the trend. This trend should then be converted into emissions by determining 

the relationship between the emissions and the input/activity data. This is illustrated in 

Figure 2-14. 

 

Figure 2-14: Forecasting model selection. 

Based on the readily available data, two different forecasting models are required: one to 

forecast time series data such as production and material input, and another to forecast the 

emissions based on the activity data. 

To forecast the production and material input data, a model is required that is easy to 

implement and can predict seasonality. Thus, based on the information from Table 2-2, 

exponential smoothing can be used to predict the time series data. This study will focus on a 

specific type of exponential smoothing known as the Error-Trend-Seasonality (ETS) model 

which is also known as triple exponential smoothing.  

As with all forecasting models, the ETS model has a few limitations. In order to use this model, 

the data must have both trend and seasonality elements. It should also be noted that the 

model relies heavily on historic data and does not consider any elements that could influence 

future production data. Although, the ETS model can be used accurately for relatively short-
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term forecasts, long-term forecast using this model is not advised [62]. For carbon emissions, 

a short-term forecasting period can be considered as five-years or less [107]. Further 

information on this model can be found in Appendix A. 

To forecast the emissions, a model that predicts the relationship between the time series 

variables and the emissions is required. Linear regression and multivariable linear regression 

are both suitable forecasting models to use.  It should be noted that the five assumption of 

linear regression analysis need to be considered before the regression models can be 

considered valid. The five assumptions are [108]: 

1. Linear relationship: Described a straight-line relationship between two variables.  

2. Multivariate normality:  Any linear combination of multiple normally distributed 

variables is also normally distributed. A quick test for multivariate normality is 

distribution graphs. 

3. No or little multicollinearity: Multicollinearity can be defined as the occurrence of 

high intercorrelations among two or more independent variables in a multiple 

regression model.  

4. No autocorrelation or independence: The residuals are independent of each other; 

thus there is no correlation between consecutive terms in the time series data. 

5. Homoscedasticity:  The variance of the residual in a regression model is constant. 

Thus, the error term does not vary much as the value of the predictor variable 

change 

Further information on the regression models can be found in Appendix A. 

2.4.3 Model development 

After the correct and accurate data is obtained and the type of forecasting model has been 

decided on, the actual model can be developed. The model development steps are as follows: 

split data into modelling and testing data, fit the data, forecast the training data, determine the 

forecasting accuracy of the fitted data, and use and evaluate the model. These steps are 

illustrated in Figure 2-15. 
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Figure 2-15: Model development steps. 

When developing the forecasting model, data is separated into two sets: training and testing 

data. Training data is used to estimate the parameters of the chosen forecasting method while 

test data is used to evaluate the accuracy of the forecasting model. This is important to ensure 

that imported data can be validated since the same data cannot be used for both modelling 

and validation [62]. The total sample typically consists of 80% training data and 20% testing 

data.  

The approach of splitting data into training (modelling) and testing data is known as cross-

validation [109, 110]. One of the disadvantages of cross-validation is that a larger training set 

will result in a smaller testing set and vice versa. To overcome this disadvantage, an improved 

version of cross-validation known as k-fold cross-validation (illustrated in Figure 2-16) can be 

used [111-114]. 

 

Figure 2-16: Illustration if k-fold cross-validation. 

In k-fold cross-validation, the data is split into k equally sized data sets after undergoing a 

random shuffling. In Figure 2-16, a k-value of 5 is used thus the iterative process will have 5 
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repetitions. Each iteration uses a different set of testing data with the remaining data sets 

combined to form the training set. A chosen error metric is then calculated for each iteration 

which is ultimately averaged for all iterations in the end.  

Common practice suggests a k-value of 5 or 10 should be used [115] resulting in 20% and 

10% testing data, respectively. Seeing as the data is split into 80% modelling data and 20% 

testing data, a k-value of 5 is chosen. 

Next, the training (modelling) data needs to be fitted to the selected forecasting models. This 

is done by minimising the mean absolute error. After the training data has been fitted to the 

forecasting model, the resulting model is used to forecast the training data.  

Thereafter, the accuracy of the fitted data is determined by comparing the actual and 

forecasted training data. If the accuracy of the predicted training data is deemed inaccurate, 

the data needs to be refitted until a sufficient accuracy is obtained. 

Once the forecasting accuracy of the fitted data is deemed sufficient, the model can be used 

and evaluated. 

2.5 Using and evaluating the forecasting model 

After choosing and fitting the forecasting model, it is necessary to forecast emissions and 

evaluate the model. To determine whether the study objective from Chapter 1 is met, it is 

necessary to validate the model, test the forecasting accuracy and to validate if the emissions 

targets are met. The sub-steps of this final step in the methodology are illustrated in Figure 

2-17. 

 

Figure 2-17: Sub-steps in using and evaluating the forecasting model. 

As illustrated in Figure 2-17, the model first needs to be validated, whereafter the forecasting 

accuracy needs to be tested using the validation data. Next, the requirement for the emissions 

Using and evaluating 
the forecasting model

Validate whether 
emissions targets are 

met

Test forecasting 
accuracy

Model validation
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targets needs to be established, whereafter the forecasted emissions are used to determine 

if these targets are met and if adequate mitigation measures are in place to ensure that the 

target emissions are met. 

2.5.1 Model validation 

After developing the model and determining the forecasting accuracy, the developed models 

need to be validated. Machine learning can be used as an alternative to Excel for forecasting 

values using exponential smoothing as well as linear and multivariable linear regressions.  

Machine learning is a branch of artificial intelligence and computer science that allows 

software applications to become more accurate at predicting outcomes without being explicitly 

programmed to do so7. Machine learning algorithms require historical data as input to predict 

new output values. There are four types of machine learning; supervised learning, 

unsupervised learning, semi-supervised learning, and reinforcement learning. A short 

description of each machine learning type are as follows [116]: 

 Supervised learning: The use of labelled data sets to train algorithms to accurately 

predict outcomes. 

 Unsupervised learning: Algorithms are used to analyse and cluster unlabelled data 

sets without the need for human intervention. 

 Semi-supervised learning: A mixture of supervised and unsupervised learning where 

a small amount of labelled data and a large amount of unlabelled data is used. 

 Reinforcement learning: Machine learning models are trained to make a sequence of 

decisions. 

 Some of the programming languages used for machine learning are listed below. 

 Python 

 R Programming 

 JavaScript/Java 

 C/C++ 

 

7 https://www.ibm.com/cloud/learn/machine-learning 
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In this study, the programming language, Python, will be used due to its simplicity. Some of 

the advantages and disadvantages of Python is summarised in Table 2-3 8 9. 

Table 2-3:Advantages and disadvantages of Python. 

Advantages Disadvantages 
The language is easy to learn and to use. Python has a low execution speed. 
Python is a productive language due to the 
simple nature of the programming 
language. 

Python has a high memory consumption, 
thus it is not recommended if the user 
wants to optimise memory. 

The Python language is flexible and does 
not restrict the user like other programming 
languages. 

Although Python provides easy 
programming, the database access layer of 
Python is primitive and underdeveloped. 

Python has an extensive library. Python is dynamically typed, thus changes 
in the data type of a variable can occur at 
any time which can result in run time errors. 

The Python community is very supportive; 
thus guides, tutorials, and documentation 
are freely available. 

Due to the simplicity of Python, users have 
difficulty in learning ither programming 
languages. 

The Python models will be developed using the ETSModel class and LinearRegression class 

for the ETS and the regression models, respectively. More details on the classes used can be 

found in Appendix A.  

2.5.2 Forecasting accuracy 

To ensure that the target year emissions are not under- or over-predicted to a great extent, it 

is important to evaluate the accuracy of the forecasting model.  

Forecasting accuracy can be measured using four tests: the mean absolute error, the mean 

square error, the mean absolute percentage error, and the root mean squared error. 

The mean squared error (MSE) takes the average of the sum of squared errors [117] as 

described in Equation (2-11). By squaring the errors, all negative signs are removed, and 

larger differences are given more weight. To improve the forecasting accuracy, the MSE needs 

to be minimised. The MSE is often used with regression models [118]. 

 
𝑀𝑆𝐸 =

∑ (𝑥 − 𝑥 )

𝑛
 

(2-11) 

Where: 

 𝑛 is the number of data points, 

 
8 https://www.aplustopper.com/advantages-and-disadvantages-of-python/ 
9 https://understandingdata.com/advantages-and-disadvantages-of-python/ 
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 𝑥  is the observed value, and 

 𝑥  is the forecasted value. 

 

The mean absolute error (MAE) is another model evaluation generally used for regression 

models to measure the variability of the model [119]. The MAE is computed by averaging all 

the absolute errors [75], as illustrated in Equation (2-12). 

 
𝑀𝐴𝐸 =  

∑ |𝑥 − 𝑥 |

𝑛
 

(2-12) 

 

To better interpret the MAE of the forecasting model, it can be divided by the average to get a 

%MAE as illustrated in Equation (2-13). 

 
%𝑀𝐴𝐸 =

𝑀𝐴𝐸

1
𝑛

∑ 𝑥
  (2-13) 

 

The MAE between the actual and forecasted values is illustrated in Figure 2-18. The closer 

the dots are to the line, the more accurate the forecasting model is. 

 

Figure 2-18: Mean absolute error for testing forecasting accuracy. 

The mean absolute percentage error (MAPE) is frequently used to compare the forecasting 

performance between data sets [62]. The MAPE takes the average of the absolute values of 

the percentage forecasts as illustrated in Equation (2-14). 

 
𝑀𝐴𝑃𝐸 =

1

𝑛

𝑥 − 𝑥

𝑥
 

(2-14) 

 



Development of an emissions forecasting model for South African industrial facilities 

 Chapter 2 - Methodology 45 

 

The MAPE is the most common measure used to evaluate the forecasting accuracy, and 

usually works best when no extremes or zeros are present in the data [105]. 

The root mean squared error (RMSE) measures the standard deviation of the residuals. Thus, 

the RMSE gives an indication of how spread out these residuals are. The RMSE and %RMSE 

can be calculated using Equation (2-15) and Equation (2-16) respectively. 

 

𝑅𝑀𝑆𝐸 =
(𝑥 − 𝑥 )

𝑛
 

(2-15) 

   
 

%𝑅𝑀𝑆𝐸 =
𝑅𝑀𝑆𝐸

1
𝑛

∑ 𝑥
  

(2-16) 

 

According to Willmott and Matsuura [40], the RMSE is not a good indicator of average model 

performance as it might indicate a misleading average error. A better metric to use is the MAE. 

For GHG emissions validation and verification, a materiality threshold of 5% is considered 

based on the total GHG inventory. Thus, if the reported emissions differ by 5% of the actual 

emissions, the error is seen as materially misleading [120]. The same rule of thumb will be 

used for the %MAE and %MAPE. If the calculated %MAE and %MAPE are less than 5%, the 

forecasting model is deemed suitable to be used in industry. 

After determining the accuracy of the forecasting model, the baseline emissions can now be 

forecasted, and the facility’s emissions roadmap can be incorporated into the forecasting 

model. The resulting forecasts can then be used to validate whether the facility will meet its 

emission reduction targets. 

2.5.3 Validate whether emissions targets will be met 

To forecast the change in emissions over time, the emissions roadmap first needs to be 

determined. An emissions roadmap can be defined as a flexible plan that sets out the 

emissions reduction targets of a company. The emissions roadmap also includes the actions 

and financing instruments needed to reach the target emissions10. 

To determine if the emissions targets are met, the accountable emissions should be less or 

equal to the allowable emissions. If the accountable emissions are more than the allowable 

 

10 https://architecture2030.org/publications-2/roadmap-to-zero/ 
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emissions, the emissions targets are not met, and more stringent mitigation measures are 

required [121]. This occurrence is visually illustrated in Figure 2-19. 

 

Figure 2-19: Allowable emissions in the target year. 

Figure 2-19 presents two bar charts each indicating a respective amount of GHG emissions. 

The base year is the period used as a baseline while the target year represents the period at 

which the goal is predicted to be met. If the actual emissions in the target year are the same 

as the allowable emissions, it indicates that the emissions target is met. If the target year 

emissions are greater than the goal level emissions, the emissions target is not met (the actual 

emissions are greater than the allowable emissions), and more rigorous mitigation measures 

are required. A practical example is illustrated in Figure 2-20. 

 

Figure 2-20: Validate whether emissions targets will be met. 
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The baseline emissions (orange dotted line) indicate the estimated emissions when no 

mitigation measures have been implemented. From Figure 2-20 it is evident that the emissions 

target (shaded area) will not be met if no mitigation measures are implemented. If mitigation 

measures are implemented (solid orange line), the emission target will be met. If this was not 

the case, more stringent measures are required to ensure that the actual emissions are well 

below the target emissions.  

2.6 Conclusion 

In this chapter, the steps required to develop an emissions forecasting model were discussed. 

The basic steps in the development are problem definition, gathering information, preliminary 

analysis, choosing and fitting the model, and using and evaluating the forecasting model.  

The problem definition for the forecasting model was defined in Chapter 1 and is as follows: 

South African facilities need to forecast their emissions at facility level; however, only a few 

facility-level forecasts are currently available in literature (seventeen studies were identified). 

The rest of the steps applicable to Chapter 2 are illustrated in Figure 2-21. 

 

Figure 2-21: Steps and sub-steps for forecasting model development. 

In the information gathering step, good quality data is identified, sufficient data is collected, 

and data is inspected to check for missing or incomplete data. 

During the preliminary analysis, data is graphed to identify horizontal, trend, seasonal, and 

cyclic patterns. These patterns need to be considered when deciding which forecasting model 

or models to use. It is also important to identify and remove outliers to increase the 

performance of the developed forecasting model. 
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Various forecasting models are considered. Based on the advantages and disadvantages of 

the different models, the forecasting model(s) best suited for the data is determined. 

After developing the models in Excel, the models need to be validated using alternative 

programming languages. For this study’s model validation, the programming language, 

Python was used. 

The forecasting accuracy of the chosen model is determined using tests such as MAE, MAPE, 

MSE, and RMSE. To validate whether the emissions target is met, the accountable emissions 

should be less or equal to the allowable emissions. If the accountable emissions are more 

than the allowable emissions, the emissions target is not met, and more stringent mitigation 

measures are required. 
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CHAPTER 3 – RESULTS AND DISCUSSION 

3.1 Preamble 

A general approach for the development of an emissions forecasting model was established 

in Chapter 2. The approach is based on five steps, namely: problem definition, gathering 

information, preliminary analysis, choosing and fitting models, and using and evaluating the 

forecasting model. The five main steps are illustrated in Figure 3-1. 

 

Figure 3-1: Steps for forecasting model development (repeat of Figure 2-1). 

The first step was addressed in Chapter 1 as the objective of the study. The purpose was 

defined as the development of an emission forecasting model for South African industrial 

facilities. In the second step, the type and quality of the data required are identified whereafter 

the data is collected and inspected to ensure there are no missing or incomplete values. Next, 

the data is analysed to identify any recurring patterns or trends in the data and the trend is 

removed.  

In the choosing and fitting models’ step, specifically the model development sub-step, data is 

divided into modelling and validation data. The modelling data is used to develop a 

representable model which is then validated using the validation data. Model validation is 

necessary to ensure that the model can estimate future emissions. 

To verify the forecasting model development approach, the model is applied to the Scope 1 

emissions of an industrial facility based in South Africa. The Scope 1 emissions of the facility 

consist of fuel combustion, process, and fugitive emissions; hence the specific facility was 

chosen. 

To validate the models developed in Excel, the programming language, Python is used. 
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3.1 Case study selection 

A large industrial facility that consists of various energy intensive activities was selected as 

the case study. The facility produces a variety of products through integrated plants and 

manufacturing processes. The facility also produces electricity and steam for on-site 

consumption and support of the manufacturing processes. 

The chosen industrial facility forms part of a large South African company with various facilities 

located nationally and internationally. The company is committed to reducing its carbon 

footprint by pursuing gas as an energy source, renewables, and energy efficiency (EE) 

projects. The company has set a global EE improvement target of 30% by 2030 (compared to 

their 2017 performance). Thus, to ensure the company reaches its target, an emissions 

reduction of 18.5% is required by 2025 (assuming a reduction of 2.3% per year). Each facility 

of the company is expected to contribute to achieving the emissions reduction target. 

Emissions that contribute to the facility’s carbon footprint include fuel combustion, process, 

and fugitive emissions. The fuel combustion emissions further consist of 6 fuel combustion 

activities while the process and fugitive emissions consist of 5 and 1 activity for the respective 

emissions. The contribution of the various emissions is illustrated in Figure 3-2. 

 

Figure 3-2: Contribution of the facility's emissions. 

Fuel combustion emissions (emissions from the combustion of fossil fuels for energy 

generation) contribute to approximately 49% of the facility’s emissions. The fuel combustion 
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emissions further consist of emissions from 6 different activities where fuel combustion 

emission 1 has the largest contribution (approximately 91%). 

Process emissions (emissions from the unintended release of gases during the production 

process) contribute to about 47% of the facility’s emissions. The process emissions further 

consist of emissions from 5 different activities where process emission 1 has the largest 

contribution (approximately 83%). 

Fugitive emissions (emissions emitted to maintain process stability and safety) have the 

smallest contribution, contributing to about 4% of the total emissions. The fugitive emissions 

consist of emissions from only one activity. 

3.2 Application of emissions forecasting model on industrial facility 

3.2.1 Gathering information 

The sub-steps included in the gathering information step are data identification, data 

collection, and data inspection. These sub-steps are illustrated in Figure 3-3. 

 

Figure 3-3: Sub-steps for the gathering information step. 

During data identification, variables that have an influence on the carbon emissions were 

identified. The data was then collected from reliable and trustworthy sources whereafter the 

data was inspected to ensure there are no missing or incomplete data. 

Data identification 

To determine potential GHG emissions, activity data is required. However, it is not always 

possible to estimate the activity data for all emissions. Thus, the relationship between 

emissions and influencing factors is required.  
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Two factors were identified which influence the carbon emissions of the case study facility. 

These factors are the raw material input data and production data.  

Once the influencing factors have been identified, the desired sample period is determined. 

The chosen facility’s carbon emissions are calculated monthly while the time series data is 

available daily, which is then aggregated to a monthly total. A summary of the data variables 

is presented in Table 3-1. 

Table 3-1: Summary of data variables. 

Variable 
Material input 
Production data 
Activity data 1 
Activity data 2 
Fuel combustion emissions 
Process emissions 
Fugitive emissions 

The Scope 1 emissions of the chosen facility consist of fuel combustion, process, and fugitive 

emissions. To determine the values of these emissions, activity data is required. The activity 

data is calculated using material input and production data. Generic names and descriptions 

are provided to protect the privacy and anonymity of the facility. 

Data should be obtained from trustworthy sources to ensure that only high-quality data is 

collected. All time-series data can be obtained from the facility’s Environmental Performance 

Indicator (EPI) spreadsheets that can be tracked back to calibrated measurement points. 

Emissions data can be obtained from the Annexure 3 submissions to the Department of 

Forestry, Fisheries, and the Environment (DFFE). These data usually undergo stringent 

evaluations and various audits which increase their reliability. 

Data collection 

After identifying the desired data, the data needs to be collected. A total of 11 723 data points 

were collected over a three-year period (January 2017 to December 2019). The breakdown of 

the data points is provided in Table 3-2. 

Table 3-2: Breakdown of data points collected. 

Variable Data frequency Data points 
Material input Daily 2 190 
Production data Daily 1 095 
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Variable Data frequency Data points 
Activity data 1 Daily 5 846 
Activity data 2 Daily 2 190 
Fuel combustion emissions Monthly 186 
Process emissions Monthly 180 
Fugitive emissions Monthly 36 

The material input consists of two data tags, the production data of one and activity data 2 of 

two tags where each tag consist of about 1 095 data points, over the three-year period. Activity 

data 1 consists of 5 data tags with approximately 390 data points for each tag for the same 

period. The fuel combustion, process, and fugitive emissions consist of 6, 5, and 1 activity 

respectively with 36 data points for each activity over the three-year period. 

The collected data is then divided into modelling and testing data, where 7 564 data points 

(65%) are used during the model development, and 4 159 data points (35%) are used to 

validate the model. 

The data was obtained from 3 different sources. The influencing factors and activity data were 

obtained from the EPI sheets where the data is reported daily and aggregated monthly. The 

emissions data was obtained from the Annexure 3 submissions to DFFE which are available 

monthly.  

Data inspection 

The final step in gathering information is to ensure the data set is complete. The data should 

therefore be inspected for any missing or incorrect values. Missing data is replaced with values 

which are determined using linear interpolation; outliers are identified using the IQR method 

as discussed in Chapter 2.  

Missing or incorrect data 

Missing data is a common occurrence in research and has a significant effect on the results 

of the study, since data processing and data analysis require a complete data set. To identify 

any missing or incorrect values in the collected data, the time series of the variables were 

inspected over the three-year period. The time series graphs of the seven respective variables 

(a to g) can be found in Figure 3-4. 
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a) Material input data 

 

b) Production data 

 
c) Activity data 1 

 
d) Activity data 2 

 

e) Fuel combustion emissions 
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f) Process emissions 

 

g) Fugitive emissions 
 

Figure 3-4: Time series graphs used for identifying missing or incorrect values. 

From Figure 3-4, no missing or incorrect data is visible in the time series graphs for the 

respective data sets.  

Outlier investigation 

Outliers in this study were identified using the interquartile range (IQR) method. Mild and 

extreme outliers were identified using Equations (3-1) to (3-4). 

 𝑙𝑜𝑤𝑒𝑟 𝑖𝑛𝑛𝑒𝑟 𝑙𝑖𝑚𝑖𝑡 = 𝑄 − 1.5 × 𝐼𝑄𝑅 (3-1) 
   
 𝑢𝑝𝑝𝑒𝑟 𝑖𝑛𝑛𝑒𝑟 𝑙𝑖𝑚𝑖𝑡 = 𝑄 + 1.5 × 𝐼𝑄𝑅 (3-2) 
   
 𝑙𝑜𝑤𝑒𝑟 𝑜𝑢𝑡𝑒𝑟 𝑙𝑖𝑚𝑖𝑡 = 𝑄 − 3 × 𝐼𝑄𝑅 (3-3) 
   
 𝑢𝑝𝑝𝑒𝑟 𝑜𝑢𝑡𝑒𝑟 𝑙𝑖𝑚𝑖𝑡 = 𝑄 + 3 × 𝐼𝑄𝑅 (3-4) 

A total of 263 outliers were identified using the IQR method. These flagged outliers were 

further inspected and compared with previous values using regression graphs or intensity 

analyses to determine whether they are true outliers. This evaluation was based on a visual 

inspection of the flagged values against other values at similar conditions. The material input 

data was plotted against the production data and the flagged points were evaluated against 

similar input and production values. Values that differed significantly from other observations 

and showed no correlation to the other variables were classified as true outliers. Similarly, the 
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activity data (1 and 2), and emissions were plotted against the production data to visually 

inspect the flagged values against similar conditions. For the production data, the data from 

one year was plotted against the data from another year. The regressions graph was then 

visually inspected to determine if the flagged values can be classified as true outliers.  

Only 54 of the initial flagged outliers were identified as true outliers and were subsequently 

removed using the visual inspection method. The breakdown of these outliers is summarised 

in Table 3-3. 

Table 3-3: Summary of outliers. 

Variable Data frequency Outliers 
identified 

Outliers 
removed 

Material input Daily 51 9 
Production data Daily 78 13 
Activity data 1 Daily 63 15 
Activity data 2 Daily 30 10 
Fuel combustion emissions Monthly 6 3 
Process emissions Monthly 7 3 
Fugitive emissions Monthly 1 1 

Table 3-3 indicates that the most outliers were identified and removed for the activity data 1 

variable. This is most likely due to activity data 1 having the most data points (5 846 data 

points over three years in daily intervals). The least number of outliers were identified and 

removed from the fugitive emissions’ variable data sets which have the least number of data 

points (36 data points over three years in monthly intervals).  

Sample size 

The data sample needs to be of a representative size to ensure the data set used for all the 

evaluations is complete. Time series data requires a sample size of two to six times the 

seasonality. Time series data is available daily and a seasonality of 365 days can be observed. 

Thus, a sample size between 730 and 2 190 data points is required (or sample size of 24 to 

72 if monthly data is used). Both time series data sets have a sample size of 1 095 (36 for 

monthly data), thus the sample size is sufficient. 

For linear and multivariable linear regression, the sample size is determined using Green’s 

method as described in Equation (3-5). 

 𝑛 = 50 + 8𝑝 
(3-5) 
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Where: 

 𝑛 is the sample size, and 

 𝑝 is the predictor. 

 

Linear regression only has one predictor; thus 58 data points are required. Multivariable linear 

has two predictors; thus 66 data points are required. For linear and multivariable linear 

regression respectively, a sample size of 72 and 108 data points are available for the 

variables. Thus, the sample size is sufficient. 

Once the identified data is collected and inspected for any missing or incomplete data, the 

data can be analysed to determine if there are any trends or recurring patterns in the data. 

3.2.2 Preliminary analysis 

The preliminary analysis of data includes the identification of various data patterns, 

decompositions of the time series, and removing the trend as illustrated in Figure 3-5. 

 

Figure 3-5: Sub-steps in the preliminary analysis step. 

The first sub-step involves the identification of data patterns such as trend, seasonality, and 

cyclical patterns which need to be incorporated into the development of the forecasting model. 

To further highlight cyclical or seasonal patterns in the data, the time series is decomposed, 

and the trend is removed.  

Data pattern identification 

As mentioned in Chapter 2, the following patterns can be identified in time series data: 

horizontal, trend, seasonal, and cyclical patterns. The data pattern identification for material 

input and production data can be found in Figure 3-6 and Figure 3-7 as well as Figure 3-8 and 
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Figure 3-9 respectively. Since these two variables are used to determine the activity data, and 

subsequently the emissions, only these variables are discussed and analysed in detail.  

 

Figure 3-6: Material input time series data. 

Figure 3-6 indicates a slight downward trend in the material input over a three-year period. In 

September of each year, a prominent dip is observed in the material input data. This ultimately 

indicates seasonality since the pattern occurs at a constant frequency but just varies in 

magnitude. The dips and rises that do not occur at a constant frequency are indicative of 

cyclical patterns in the data.  

To better differentiate between cyclical and seasonal patterns in the material input data, the 

data for the respective years are plotted against each other on the same graph as illustrated 

in Figure 3-7. 
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Figure 3-7: Material input data for three consecutive years. 

The seasonality in September that was observed in Figure 3-6 is also observed in Figure 3-7. 

An additional seasonality pattern that was identified for all three years is a dip in the data for 

February. A cyclical pattern in the data can be observed for March 2018 to May 2018. This 

cyclical behaviour can be attributed to economic or process instabilities at the facility.  

The production time series is illustrated in Figure 3-8. 

 

Figure 3-8: Production time series data. 

From Figure 3-8, the production remains approximately constant for all three years as 

indicated by the horizontal trend line. As with the material input data, a prominent dip can be 

observed in September for each year. To better differentiate between cyclical and seasonal 
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patterns, the production data for the respective years are plotted against each other as 

illustrated in Figure 3-9. 

For the production data, the 2017 and 2019 data show a slight dip in March while the 2018 

data shows an increase for the same month. The 2018 data shows a prominent dip in the April 

data whereas the 2017 data is slightly decreasing and there is a small peak for the 2019 data. 

Like the material input data, the production data also shows a prominent dip for September of 

all years, thus indicating a seasonality of 12 months due to normal operational fluctuations. 

 

Figure 3-9: Production time series data for three consecutive years. 

Other than identifying patterns in the data, the relationship between the variables should also 

be investigated. The different variables used in the development of the forecasting model are 

plotted in Figure 3-10. The variables are investigated over the three-year period. 
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Figure 3-10: Relationship between the different variables. 

From Figure 3-10, a similar data pattern can be observed between the various variables with 

a slight variation visible for the fugitive emissions. Prominent dips in the data can be observed 

for September month of all the variables for 2017, 2018, and 2019. The variation in the fugitive 

emissions is considered normal, due to their inherent nature. These emissions are mostly 

uncontrolled or used to ensure safe operations such as flaring and venting of pressure vessels 

or harmful gasses. The relationship between different variables can further be illustrated using 

regression plots. These plots can be found in Appendix B. 

Since a similar data pattern can be observed for most of the variables, linear regression and 

multivariable linear regression are considered for the forecasting model development.  

Time series decomposition and trend removal 

As seen in the previous section, time series data exhibit a variety of patterns. To highlight 

these different patterns, the time series can be split into its different components by means of 

time series decomposition. 

In Chapter 2, two types of time series decompositions were identified, namely additive and 

multiplicative decomposition. Additive decomposition is used when there are changes in the 

magnitude of the seasonal fluctuations while multiplicative decomposition is used when the 

variation in the seasonal pattern is proportional to the level of the time series.  
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Thus, for both the material input and the production data, multiplicative decomposition is used. 

Since the material input and production data are used to calculate the activity data and 

subsequently the carbon emissions, only these variables are treated as time series variables 

and thus decomposed into the respective components. 

After decomposing the time series data, the trend can now be removed. Trend removal is 

often desirable in time series analysis. The trend for both the material input and production 

data is removed using the methodology discussed in Chapter 2 (Section 2.3.3). The trendline 

is first calculated using Equation (3-6). 

 𝑇 = 𝑚𝑥 + 𝐶  (3-6) 

The trendline is calculated separately for the respective years to ensure the forecasted trend 

also remains horizontal. The slope (𝑚) and the intercept (𝐶 ) for the material input and 

production data can be found in Table 3-4 and Table 3-5 respectively. 

After the trendline is calculated, the detrended time series can be determined using 

Equation (3-7), which should result in a horizontal trendline. 

 𝑦 =
𝑦

𝑇
 (3-7) 

The trendline parameters were calculated using the 2017, 2018, and 2019 data. The slope 

and intercept for the material input data can be found in Table 3-4. 

Table 3-4: Material input trendline parameters. 

Material input 
Year 2017 2018 2019 

𝒎 -0.47 -49 -0.44 

𝑪𝑻 24 692 25 575 23 575 

Using the parameters summarised in Table 3-4 as well as Equations (3-6) and (3-7), the 

trendline is removed as illustrated in Figure 3-11. 
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a) Material input data before trend removal 

 

b) Material input data after trend removal 

 

Figure 3-11: Trend removal of material input data. 

Before removing the trend for the material input data, a decrease in the data can be observed 

over a two-year period as illustrated in Figure 3-11 (a). Atter the trend is removed, a horizontal 

trendline is observed in Figure 3-11 (b). 

The slope and intercept for the production data are summarised in Table 3-5. 
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Table 3-5: Production data trendline parameters. 

Production data 
Year 2017 2018 2019 

𝒎 -0.12 0.12 -0.22 

𝑪𝑻 6 054 -4 277 10 581 

The production data before and after trend removal is illustrated in Figure 3-12. 

 

a) Production data before trend removal 

 

b) Production data after trend removal 
 

Figure 3-12: Trend removal of production data. 
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As with the material input data, a downward trend in the production data can be observed as 

illustrated in Figure 3-12 (a). A horizontal trend can be observed after removing the trend as 

illustrated in Figure 3-12 (b). 

After the trend for the material input and production data is removed, the model can now be 

developed. 

3.2.3 Choosing and fitting models 

Before the development of the emissions forecasting model, a forecasting model(s) needs to 

be selected as illustrated in Figure 3-13. 

 

Figure 3-13: Sub-steps when choosing and fitting models. 

In Chapter 2 various models such as the ARIMA model, exponential smoothing, and the Grey 

prediction model were considered for the development of the emissions forecasting model. 

Based on the advantages and disadvantages of the various models, the models best suited 

for the data were identified and the models were developed using historic data.  

Model selection 

Emissions forecasting is dependent on multiple steps. First input or activity data is required 

which determines the trend. This trend is then converted into emissions by determining the 

emissions and the input/activity data as illustrated in Figure 3-14. 
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Figure 3-14: Forecasting model selection. 

Various prediction models are required to ultimately forecast the facility’s carbon emissions. 

The first is a model that can forecast the material and production data. The forecasted input 

data is then used within the second model to estimate activity data. Finally, the estimated 

activity data is used to forecast the carbon emissions of the facility. 

For the time series forecasting model (the model used to predict the material and production 

data), a model is required that is easy to implement, can predict seasonality, and can forecast 

emissions for the long-term. Based on these criteria, the exponential smoothing model, also 

known as the error-trend-seasonality (ETS) model, was selected. 

To calculate the activity data or the potential emissions, the relationship between the variables 

needs to be considered. Linear and multivariable linear regression were selected as the best 

models to evaluate relationships against each variable. After selecting the models best suited 

for the data, the forecasting models can be developed. 

Model development 

The model development process consists of five steps. The first step is to split the data into 

modelling and testing data. Secondly, the data should be fitted, and thirdly, the modelling data 

is predicted. The fourth step is to determine the accuracy of the fitted data. Lastly, the 
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developed model can be used and evaluated to forecast the facility’s emissions. These steps 

are illustrated in Figure 3-15. 

 

Figure 3-15: Model development steps. 

The data used for the development of the forecasting model needs to be split into training and 

testing data. The training data is used to estimate the parameters of the forecasting model 

while the testing data is used to validate the accuracy of the forecasting model. This is known 

as cross-validation. To validate the accuracy of the regression models, an improved version 

of cross-validation, known as k-fold cross validation, is applied. This is illustrated in Figure 

3-16. 

 

Figure 3-16: 5-fold cross-validation illustration. 

To validate the regression models, 5-fold cross validation is used. The data is split into 5 

equally sized data sets after undergoing random shuffling. Each iteration uses a different set 

of testing data and the remaining data sets are combined to form the training set. The iterative 

process will have five repetitions in total. For each iteration the %MAE and MAPE is then 

calculated, whereafter the error metrics are averaged for all iterations in the end. 
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After the data is split into modelling and testing data, the data is fitted to the model and the 

model parameters are determined. 

The material input and production data are both determined using exponential smoothing. 

Excel has a built-in function to forecast values for a specific future target date using 

exponential smoothing. The forecasting function is presented by Equation (3-8). 

FORECAST.ETS(target_date, values, timeline, [seasonality], [data_completion], [aggregation]) (3-8) 

The facility aims to reduce its Scope 1 and Scope 2 emissions by 30% by 2030. Thus, to 

achieve this target, an emissions reduction of 18.5% is required by 2025. To ensure the 

emission forecasts are aligned with the Carbon Budgets, the target date used in the function 

is taken as January 2019 to December 2025. For accurate forecast aimed at the 2030 to 2050 

horizon, qualitative forecasting methods can be applied. However, these models are 

expensive to develop and require inputs from experts in various fields. 

In the second argument, the material input and production data for the period January 2017 

to December 2019 is inserted, with their corresponding dates selected for the third argument. 

It is important to note that the input variables as well as the forecasted data are monthly values.  

For the seasonality argument, a seasonality of 12 is used as previously observed. For the last 

two arguments in the forecasting function, the Excel default values were used. The data 

completion argument has a default value of 1 which indicate that missing values are replaced 

using interpolation. The alternative is to replace the missing values with zero which does not 

give an accurate representation of the data.  

For the aggregation argument, seven different logics can be chosen (average, count, counta, 

max, median, min, and sum). For this model, the average logic was selected which results in 

the formula averaging values with the same timestamp. The resulting time series forecasts for 

the material input and production data are illustrated in Figure 3-17 and Figure 3-18 

respectively. 
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Figure 3-17: Forecasted material input data. 

 

Figure 3-18: Forecasted production data. 

The forecasted data illustrated in Figure 3-17 and Figure 3-18 shows a very slight downward 

trend in the material input data and production data respectively. The forecast illustrates the 

data when no mitigation measures are implemented on the variables to reduce GHG 

emissions. These forecasts are used as the baseline material input and production data. 

After fitting the parameters for the material input and production data, the activity data can be 

determined using multivariable linear regression whereafter the emissions data can be 

0.00

0.20

0.40

0.60

0.80

1.00

1.20

1.40

Jan-20 May-21 Sep-22 Feb-24 Jun-25

M
a

te
ri

al
 in

p
ut

 (
-)

Forecasted data 95% confidence interval

0.00

0.20

0.40

0.60

0.80

1.00

1.20

1.40

Jan-20 May-21 Sep-22 Feb-24 Jun-25

P
ro

du
ct

io
n 

(-
)

Forecasted data 95% confidence interval



Development of an emissions forecasting model for South African industrial facilities 

 Chapter 3 – Results and discussion 70 

 

determined using linear regression, or in some cases, a constant multiplier. The IPCC 

Guidelines contain emission factors for nearly all industrial activities. However, the use of 

these default factors is associated with a tier 1 methodology, which is associated with a high 

uncertainty. The chosen facility uses a tier 3 methodology (which has the lowest uncertainty); 

thus to limit the extent of over or under estimating the emissions, linear regression is used. 

The activity data can be determined using multivariable linear regression with the material 

input (𝑥 ) and production data (𝑥 ) as input variables. The equations used to forecast the 

activity data can be found in Table 3-6. 

Table 3-6: Equations used for forecasting the activity. 

Variable Unit Forecasting equation 
Activity data 1 knm3/h 𝑦 = −256.59𝑥 + 778.52𝑥 + 55.34 

Activity data 2 t/h 𝑦 = 157.86𝑥 + 784.28𝑥 + 610.60 

The fuel combustion emissions are determined using linear regression with either activity data 

or production data as input variables. Some fuel combustion emissions cannot accurately be 

predicted since they are largely affected by instabilities in the combustion process. One of 

these emissions is emission 2 of the fuel combustion emissions.  

In Figure 3-19 it is evident that no correlation exists between the dependent and independent 

variables for emission 2 as indicated by the almost horizonal trendline. For these emissions, 

a constant multiplier was used which was calculated by dividing the carbon emissions by a 

dependent variable (see Appendix B).  
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Figure 3-19: Fuel combustion emission 2 linear regression model. 

A summary of the equations used to estimate the fuel combustion emissions can be found in 

Table 3-7.  

Table 3-7: Equations used to forecast the fuel combustion emissions. 

Variable Unit Forecasting equation 
Fuel combustion emission 1 tCO2e 𝑦 = 1 061𝑦 + 169 873 

Fuel combustion emission 2 tCO2e 𝑦 = 138.83𝑦  

Fuel combustion emission 3 tCO2e 𝑦 = 55.81𝑦 − 10 031 

Fuel combustion emission 4 tCO2e 𝑦 = 15 066𝑥  

Fuel combustion emission 5 tCO2e 𝑦 = 7.04 × 10 𝑦  

Fuel combustion emission 6 tCO2e 𝑦 = 2.17 × 10 𝑦  

The process emissions were determined using linear regression with material input data, 

production data or another process emission as input variables. As with the fuel combustion 

emissions, process emission 5 was calculated using a constant multiplier which can be found 

in Appendix B. The equations used to forecast the process emissions can be found in Table 

3-8. 

Table 3-8: Equations used to forecast the process emissions. 

Variable Unit Forecasting equation 
Process emission 1 tCO2e 𝑦 = 1 759 988𝑥 − 185 023 

Process emission 2 tCO2e 𝑦 = 398 679𝑥 − 129 585 

Process emission 3 tCO2e 𝑦 = 1 271𝑥 + 995.48 
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Variable Unit Forecasting equation 
Process emission 4 tCO2e 𝑦 = 2.25 × 10 𝑦 + 10 541 

Process emission 5 tCO2e 𝑦 = 1.25 × 10 𝑦  

The fugitive emissions also cannot be forecasted accurately due to fluctuations in the 

emissions; thus a constant multiplier was used. This constant was determined as 8.84×10-2 

and was calculated by dividing fugitive emission 1 with activity data 1. The equation used to 

estimate the fugitive emissions can be found in Table 3-9. 

Table 3-9: Equation used to forecast the fugitive emissions. 

Variable Forecasting equation 
Fugitive emission 1 𝑦 = 8.84 × 10 𝑦   

As previously mentioned, the five assumptions of linear regression need to be considered 

before the regression models can be considered valid. The analysis of these assumptions can 

be found in Appendix B. 

After determining the forecasting parameters using the modelling data, the data is forecasted 

for the same period whereafter the forecasting accuracy of the fitted data is determined. 

It is important to test the accuracy of the model before it can be used to forecast emissions. 

The accuracy of the developed model is tested by using the modelling data. This is done by 

comparing the actual and forecasted modelling data, whereafter parameters such as the mean 

absolute percentage error (MAPE) and the percentage of mean absolute error (%MAE) are 

calculated. The MAPE is used to compare the forecasting performance between the data sets 

while the %MAE is used to evaluate the measure of variability of the model. 

For the time series data, however, the forecasted and actual modelling data cannot be 

compared due to the nature of the forecasting model used. The exponential smoothing model 

uses the weighted averages of the historical data to forecast the data. Thus, to validate the 

time series models, the average of the actual 2017 and 2018 data is compared to the 

forecasted 2019 data.  

Since the exponential smoothing model uses weighted averages to forecast the data, the 

forecasted data is expected to be approximately the same as the historic data. A comparison 

of the actual 2017, 2018, and 2019 data and the forecasted 2020, 2021, and 2022 data is 

illustrated in Figure 3-20 (a) and Figure 3-20 (b) for the material input data and production 

data respectively. 
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a) Forecasting accuracy of material input data 

 

b) Forecasting accuracy of production data 
 
Figure 3-20: Forecasting accuracy of the material input and production data. 

Figure 3-20 indicates that the historic data for three year and forecasted data for three years 

is approximately the same, which is expected, with a similar pattern observed between the 

actual and forecasted data.   

Using the time series forecast the activity data and carbon emissions are subsequently 

calculated using multivariable regression and linear regression respectively. The resulting 

forecast for the respective activity data (a and b) and emissions (c to e) are illustrated in 

Figure 3-21. 
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a) Forecasting accuracy of activity data 1 

 
b) Forecasting accuracy of activity data 2 
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c) Forecasting accuracy of the fuel combustion emissions 

 

d) Forecasting accuracy of the process emissions 
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e) Forecasting accuracy of the fugitive emissions 
 

Figure 3-21: Accuracy of the forecasted carbon emissions. 

From Figure 3-21, the forecasted data for the activity data, the fuel combustion emissions and 

the process emissions show a good correlation with the actual data. However, a good 

correlation is not present for the fugitive emissions due to the unpredictability of the emissions 

data. This is further emphasised by the MAE and %MAE as illustrated in Figure 3-22. 

 

Figure 3-22: Accuracy of forecasted emissions. 

Figure 3-22 indicates that the MAPE and %MAE for both the fuel combustion and process 

emissions are below the materiality of 5%. However, the MAPE and %MAE for the fugitive 

emissions are greater than the materiality threshold. This is expected since the fugitive 
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emissions are not highly dependent on either the production or material input. These 

emissions are emitted to maintain process stability and safety.  

However, the fugitive emissions contribute only about 4% of the total emissions. This would 

mean that if the 20% MAPE of the fugitive emissions were added to the total, the total 

emissions would only increase by approximately 0.6%. This means that the high MAPE and 

%MAE for the fugitive emissions are still acceptable when their significance is included [61]. 

Overall, the forecasting accuracy of the respective emissions is sufficient, and the model can 

now be used and validated. 

3.2.4 Using and evaluating the forecasting model 

The forecasting model developed in the previous three steps presents an acceptable accuracy 

to proceed with the actual emission predictions. After developing and using the forecasting 

model, it is necessary to test the forecasting accuracy and to determine if the model is 

reasonable by validating whether the emissions targets will be met as illustrated in 

Figure 3-23. 

 

Figure 3-23: Sub-steps in using and evaluating the forecasting model. 

The emissions first need to be forecasted using the developed model before the forecasting 

accuracy of the model can be tested. The forecasting accuracy can then be determined by 

comparing the forecasted emissions with the validation data. The validation data was not used 

during model development which indicates how well the model can forecast new emissions. 

After the forecasting accuracy of the model was deemed sufficient, the facility’s emissions 

roadmap can be incorporated into the forecast. The facility can then validate if its emission 

targets will be met when implementing the proposed mitigation measures. 
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Model validation 

Machine learning can be used as an alternative to Excel for forecasting values using 

exponential smoothing as well as linear and multivariable linear regressions. Thus, to validate 

the Excel models, the programming language, Python, was used. The classes and coding 

used to develop the Python models can be found in Appendix A. 

Both the material input and production data were forecasted using the ETS forecasting model 

with a seasonality of 12 months. The forecasted values, up to 2025, using Excel and Python 

for the material input and production data are illustrated in Figure 3-24 a) and b) respectively. 

 
a) Comparison of forecasted material input data using Excel and Python 
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b) Comparison of production forecasting model using Excel and Python 

Figure 3-24: Comparison of ETS forecasting using Excel and Python. 

In Figure 3-24, the solid green line represents the values forecasted using Excel and the grey 

dashed line represents the values forecasted using Python. A similar pattern can be observed 

between the Excel model and the Python model for the material input data as well as the 

production data. 

For the material input data (Figure 3-24 (a)), the Excel and Python values are similar for the 

first few years whereafter a small deviation can be observed. While the forecasted values in 

Python show a horizontal trend, a slight downward trend in the Excel model can be observed. 

This can be explained by the slight downward trend in the data used to develop the model. 

A similar observation is made with the production data (Figure 3-24 (b)). The Excel, and 

Python values are comparable for the first few years, whereafter a deviation can be observed. 

However, the deviation in the production data is much smaller than the deviation observed in 

the material input data. 

To determine the magnitude of the deviation between the Excel and Python models, the 2025 

average values for the respective models were compared. The results are summarised in 

Table 3-10. 
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Table 3-10: Comparison of the average 2025 input data using Excel and Python. 

Input data 2025 Excel average 2025 Python average Difference 
Material input (-) 0.9721 1.0000 2.79% 
Production (-) 0.9938 1.0000 0.66% 

The difference between the average 2025 values using Excel and Python is calculated as 

2.79% and 0.66% for the material input and production data, respectively. This insignificant 

difference between the two models ultimately validates the Excel model to be used for further 

forecasting. For additional validation, Python was also used to forecast the two activity 

datasets as well as the emissions. The results are summarised in Table 3-11 and Table 3-12. 

The graphs and detailed discussions are available in Appendix B. 

Table 3-11: Comparison of the average 2025 activity data using Excel and Python. 

Data description 
2025 Excel™ 

average 
2025 Python 

average 
Difference 

Activity data 1 (knm3/h) 579.28 577.58 0.34% 
Activity data 2 (t/h) 1 543.13 1 552.74 0.62% 

The difference between the average 2025 values using Excel and Python is calculated as 

0.34% and 0.62% for Activity data 1 and Activity data 2, respectively.  

Table 3-12: Comparison of the total 2025 emissions using Excel and Python. 

Data description 
2025 Excel™ 

total 
2025 Python total Difference 

Fuel combustion emissions (ktCO2) 23 942 23 108 3.61% 
Process emissions (ktCO2) 22 200 22 943 3.24% 
Fugitive emissions (ktCO2) 1 917 1 928 0.56% 
Total emissions (ktCO2) 48 059 47 980 0.16% 

From Table 3-12, it is evident that the fuel combustion emissions have the largest difference 

(3.61%) when comparing the Excel model to the Python model, while a difference of 3.24% 

and 0.56% was observed for the process and fugitive emissions, respectively. When 

combining all the emissions, a difference of 0.16% can be observed between the Excel model 

and the Python model.  

None of the differences presented in Table 3-10, Table 3-11, Table 3-12 and  exceeds the 

materiality threshold of 5% (as indicated in the National Greenhouse Gas Emission 

regulations).Thus, the Excel models used to predict the input data, activity data and emissions 

are successfully validated.  
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It should, however, be noted that for short-term forecast, a good correlation between the Excel 

and Python model can be observed which indicates that Excel can effectively forecast data 

for up to roughly five years. However, to ensure long-term accurate forecasts (five years and 

more), qualitative forecasting methods are required. Unfortunately, these models are 

expensive to develop and require input from experts in various fields. 

Test forecasting accuracy 

The forecasting accuracy of the model was tested by comparing the detrended forecasted 

2019 data with the validation data, which consists of the actual 2019 data for the various 

variables. 

The forecasting accuracy statistics for the material input, production and activity data can be 

found in Table 3-13. 

Table 3-13: Input and activity data forecasting accuracy statistics. 

Variable MAPE %MAE 
Material input 2.00% 2.01% 
Production 2.37% 2.36% 
Activity data 1 4.58% 4.58% 
Activity data 2 2.50% 2.48% 

From the table it is evident that the MAPE and %MAE for all the variables are below the 

materiality threshold of 5%. 

To determine the accuracy of the forecasted fuel combustion emissions, the weighted MAPE, 

MAE, and %MAE were calculated using Equations (2-12), (2-13) and (2-14). The forecasting 

accuracy statistics are indicated in Table 3-14. 

Table 3-14: Fuel combustion emissions forecasting accuracy statistics. 

Variable Contribution MAPE %MAE 
Fuel combustion emission 1 90.01% 3.26% 3.21% 
Fuel combustion emission 2 4.09% 15.92% 15.03% 
Fuel combustion emission 3 4.62% 11.04% 10.60% 
Fuel combustion emission 4 0.63% 43.04% 36.73% 
Fuel combustion emission 5 0.49% 86.42% 37.13% 
Fuel combustion emission 6 0.15% 332.91% 48.33% 
Overall (weighted) 100% 5.77% 4.57% 

Fuel combustion emissions 1 is the largest contributor to the total fuel combustion emissions 

and also has the lowest MAPE and %MAE of the emissions in the table. Although the MAPE 
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for both fuel combustion emission 4, 5 and 6 is significantly larger than 5%, it is still acceptable 

since all three emissions contribute to less than 1% of the total fuel combustion emissions. 

The statistics for the overall fuel combustion emissions were calculated by comparing the total 

actual emissions with the total forecasted emissions. From Table 3-14 it is evident that the 

forecasting accuracy of the fuel combustion emissions is acceptable since the overall 

(weighted) MAPE and %MAE are either close to or below the materiality threshold.  

The process emissions can secondly be calculated using the material input and production. 

As with the fuel combustion emissions, the forecasting accuracy of the process emissions was 

determined using the MAPE, MAE, and %MAE. A summary of these statistics can be found 

in Table 3-15. 

Table 3-15: Process emission forecasting accuracy statistics. 

Variable Contribution MAPE %MAE 
Process emission 1 82.23% 3.04% 3.02% 
Process emission 2 13.90% 6.37% 6.26% 
Process emission 3 2.57% 10.03% 9.57% 
Process emission 4 0.12% 5.97% 5.58% 
Process emission 5 1.18% 23.37% 22.06% 
Overall (weighted) 100.00% 3.93% 3.87% 

As with the fuel combustion emissions, the forecasting accuracy of the process emissions is 

acceptable since both the MAPE and %MAE are below 5%. Process emission 1 has the 

largest contribution to the total process emissions as well as the lowest MAPE and %MAE. 

Although process emissions 5 has the largest MAPE and %MAE, it is still acceptable since it 

only contributes to about 1% of the total process emissions. 

The last evaluation is for the fugitive emissions. These emissions are calculated using a 

constant multiplier (indicated in Table 3-9). The forecasting accuracy of the fugitive emissions 

is given in Table 3-16. 

Table 3-16: Fugitive emissions forecasting accuracy statistics. 

Variable MAPE %MAE 
Fugitive emission 1 23.37% 22.06% 

Both the calculated MAPE and %MAE of the fugitive emissions are significantly larger than 

the materiality thresholds of 5%. However, since the fugitive emissions are small compared to 
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the fuel combustion and process emissions as illustrated in Figure 3-25, the MAPE and %MAE 

are deemed acceptable. 

 

Figure 3-25: Contribution of emissions. 

As seen in Figure 3-25, the fugitive emissions contribute to about 4% of the total emissions. 

This indicates that the variance within the results will only have a minor impact on the final 

outcomes. 

The forecasting accuracy of the total emissions are summarised in Table 3-17. 

Table 3-17: Total emissions forecasting accuracy statistics. 

Variable Contribution MAPE %MAE 
Fuel combustion emissions 49% 5.77% 4.57% 
Process emissions 47% 3.93% 3.87% 
Fugitive emissions 4% 23.37% 22.06% 
Overall (weighted) 100.00% 5.61% 4.94% 

As seen in Table 3-17, the MAPE and %MAE calculated for the total emissions are 5.61% and 

4.94% respectively. The calculated MAPE and %MAE for the total emissions is acceptable 

since it is either close to, or below 5%. 

After testing the forecasting accuracy of the developed forecasting model, the proposed 

mitigation measures can be implemented to see whether the emissions targets will be met.  

Validate whether emissions targets are met 
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The facility used as a case study aims to reduce its baseline carbon emissions by 30% by 

2030, thus an emissions reduction of 18.5% is required by 2025.To achieve this target, several 

mitigation measures were proposed regarding their Scope 1 and Scope 2 emissions. 

One of the mitigation measures proposed to reduce their Scope 1 emissions is a total 22.5% 

reduction in their material input for the 2021 to 2030 period. Thus, to reduce their emissions 

by 18.5% by 2025 a 10% reduction in the material input is required by 2021 (assuming a 2.5% 

reduction per year). As this is one of the facility’s biggest projects, this was used to validate 

whether the facility will reach its emission targets. It is assumed that the production will stay 

constant. 

To determine whether the facility’s emission targets will be met, the reduction in material input 

was applied to the baseline forecasts and the carbon emissions were forecasted up until 2025. 

The resulting forecasted emissions are illustrated in Figure 3-26. 

 

a) Forecasted fuel combustion emissions for 2019 to 2025 
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b) Forecasted process emissions for 2019 to 2025 

 

c) Forecasted fugitive emissions for 2019 to 2025 
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d) Total forecasted emissions for 2019 to 2025 

 
Figure 3-26: Forecasted carbon emissions for 2019 to 2025. 

From Figure 3-26, a reduction in all emissions can be observed when reducing the material 

input. The process emissions show the largest decrease in carbon emissions which is 

expected since about two thirds of the material input contribute to the process emissions. The 

reduction in the respective emissions is summarised in Table 3-18. 

Table 3-18: Reduction in emissions with the implementation of mitigation measures. 

Emission 
type 

Baseline 
emissions 

Forecasted 
2025 

emissions 

Target 2025 
emissions 

Reduction in 
emissions 

Margin 
of error 

ktCO2 ktCO2 ktCO2 % % 
Fuel 
combustion 

24 275 23 777 20 485 2% 6% 

Process  23 287 19 608 19 651 19% 10% 
Fugitive 1 991 1 900 1 680 5% 6% 
Total 49 552 45 285 41 817 9% 8% 

As is evident from Table 3-18, only the forecasted process emissions are below their 2025 

emissions reduction target and thus on track to reaching their 2030 target. Based on the 

forecasted trajectory, the fuel combustion and fugitive emissions will most likely not meet their 

individual emissions reduction targets. By only implementing a 18.5% reduction in their 

material input for the 2021 to 2025 period, the total forecasted emissions are 9% below the 

2025 target. Thus, without the implementation of the additional mitigation measures (not 

evaluated in this study, the facility will likely not meet its emissions targets as specified. 
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3.3 Conclusion 

In this chapter, the steps discussed in Chapter 2 were used to develop an emission forecasting 

model. The steps used (as illustrated in Figure 3-27) are as follows: gathering information, 

preliminary analysis, choosing and fitting models, and using and evaluating the forecasting 

model. 

 

Figure 3-27: Steps and sub-steps for forecasting model development. 

The data required to forecast the carbon emissions was identified as the material input and 

production data. The required data was then collected from 3 different sources after which it 

was inspected for any missing or incorrect data. No missing values were identified; however, 

263 potential outliers were identified of which 54 were identified as true outliers and 

subsequently removed.  

In the second step, trends, seasonality, and cyclical patterns were identified for the time series 

data. The time series were then decomposed into their respective components whereafter the 

trend was removed to render the time series stationary. 

In the third step, the modelling data was fitted to the different forecasting models. First, the 

material input data and production data were determined using the error-trend-seasonality 

model, also known as the exponential smoothing model. Next, the activity data was forecasted 

using multivariable linear regression with material input data and production data as input 

variables. Finally, the emissions were calculated using linear regression or, in some cases, 

constant multipliers. 
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To validate the models developed in Excel, the programming language Python was used. The 

Python models gave very similar results compared to the Excel models, thus the developed 

models are validated. 

To determine the accuracy of the developed models, the data was divided into training and 

testing data and validated using five-fold cross validation with MAPE and %MAE as the error 

metric. An acceptable MAPE and %MAE were calculated for all the variables. 

After the forecasting accuracy was determined, the mitigation measures as specified in the 

emissions roadmap were implemented in the forecasting model. Based on the forecasted 

emissions, by only reducing the material input by 18.5% by 2025, the facility’s emissions 

targets for the Scope 1 emissions will not be met. Additional mitigation measures are required 

to ensure the facility meets its 2025 emission targets and subsequently its 2030 target.  

Ultimately, the developed emissions forecasting model can be used by any South African 

industrial facility to forecast its Scope 1 carbon emissions and to validate whether its emissions 

targets are likely to be met. 
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CHAPTER 4 - CONCLUSION 

4.1 Preamble 

In this chapter the conclusions made and the main findings regarding the study are discussed 

(Section 4.2). Limitations found and recommendations for further studies regarding the study 

topic are proposed in Section 4.3. The chapter also serves as proof that all objectives stated 

in Chapter 1 are met (Section 4.4) before the document is finally concluded in Section 4.5.  

4.2 Summary of the study 

4.2.1 Chapter 1: Introduction and literature  

GHG emissions are one of the biggest contributors to climate change.  

To reduce GHG emissions, and subsequently alleviate the impact of climate change, several 

national and international mitigation policies were implemented. International policies include 

the UNFCCC, Kyoto Protocol, and the Paris Agreement. National policies include South 

Africa’s low-emissions development strategy, the Climate Change Bill as well as the Nationally 

Determined Contributions which are required in terms of the Paris Agreement. 

From the national and international policies mentioned above, mitigation measures were 

developed. These mitigation measures include carbon tax, carbon budgets as well as 

mitigation plans. 

To determine whether a facility’s emissions are within its allocated carbon budget, emissions 

forecasting is required. Emissions forecasting can also be used to set up a GHG mitigation 

plan. 

South Africa’s current mitigation policies require the forecasting of emissions at facility level. 

However, emission forecasting models that are available in literature are mainly used for 

national or regional areas. Thus, an emissions forecasting model is required that can predict 

carbon emissions at facility level. Therefore, the objective of this study is to identify the steps 

to develop emission forecasting models for South African industrial facilities that can: 

 Identify potential emissions reduction opportunities, 

 Determine the effect of different mitigation measures on the facility’s total GHG 

emissions, and  
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 Determine whether emissions targets will be met with the mitigation measures already 

in place.  

The significance of the study is highlighted by evaluating the carbon tax liability of six South 

African industries that participate in the carbon budget system. These industries include 

electricity generation, petrochemical production, mining and minerals, iron and steel 

production, and cement production. By participating in the carbon budget system, taxpayers 

can receive a 5% tax free allowance on their total carbon tax liability. A total of 16.77 MtCO2e 

emissions of the six reported entities are exempted from carbon tax due to the facilities’ 

participation in the carbon budget system. This amounts to a R 2.3-billion avoided carbon tax 

liability based on the 2021 carbon tax rate of R 134/tCO2e. 

4.2.2 Chapter 2: Methodology 

In Chapter 2, the methodology used to meet the study objectives as outlined in Chapter 1 are 

discussed and an overview of the forecasting models available in literature is given. 

The emissions forecasting models were developed using the following development steps: 

problem definition, gathering information, preliminary analysis, choosing and fitting models, 

and using and evaluating the forecasting model. The steps as well as their sub-steps are 

illustrated in Figure 4-1. 

 

Figure 4-1: Basic forecasting model development steps and sub-steps. 

During the gathering information step, the variables that are required to forecast the carbon 

emissions were identified. Data was also checked to ensure good quality data from reliable 

sources was obtained. After collecting the necessary data, the data was inspected for any 

missing or incomplete values whereafter any missing values were estimated using linear 

interpolation. 
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During the preliminary step, various time series data patterns were identified. The identified 

patterns include trend, seasonal, and cyclical patterns. The time series was then decomposed 

into the different components whereafter the trend was subsequently removed. 

Various forecasting models were considered for the development of the emissions forecasting 

model. These models include the Grey Bernoulli model, the ARIMA model, the exponential 

smoothing model as well as linear and multivariable linear regression. 

The forecasting models best suited for the data was then selected. To forecast the time series 

data, exponential smoothing (error-trend-seasonality model) was used. Next, the activity data 

was determined using multivariable linear regression whereafter linear regression was used 

to determine the carbon emissions. 

After selecting the forecasting models best suited for the data, the model is developed using 

the steps illustrated in Figure 4-2. 

 

Figure 4-2: Forecasting model development steps. 

During the forecasting model development, the data was first split into modelling and testing 

(validation) data and validated using five-fold cross-validation. After fitting the data to the 

model, the model was validated, and the forecasting accuracy was determined whereafter the 

data was forecasted using the developed model. 

4.2.3 Chapter 3: Results and discussion 

In Chapter 3, the forecasting model development steps (developed in Chapter 2) were applied 

to a large industrial facility as a case study. 

Before using the developed model to forecast new emissions, the forecasting accuracy of the 

modelling data was tested by calculating the mean absolute percentage error (MAPE) and the 

mean absolute error percentage (MAE%). For the material input and production, the three 

years of historic data was compared to three years of forecasted data. The forecasted data 

provided similar results to the historic data, which is expected. The MAPE and %MAE of the 

respective emissions is given in Figure 4-3.  
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Figure 4-3: Accuracy of forecasted emissions. 

The MAPE and %MAE for both the fuel combustion and process emissions are below the 5% 

materiality threshold while the fugitive emissions are greater than the threshold as illustrated 

in Figure 4-3. Due to the small contribution of the fugitive emissions to the total emissions, the 

forecasting accuracy of the respective emissions is sufficient, and the model was subsequently 

used and evaluated. 

To validate the forecasting model, the model was used to forecast the testing data, whereafter 

the actual and forecasted testing data was compared. The forecasting parameters for the 

validation data can be found in Table 4-1. 

Table 4-1: Forecasting accuracy statistics. 

Variable MAPE %MAE 
Material input 2.00% 2.01% 
Production 2.37% 2.36% 
Activity data 1 4.58% 4.58% 
Activity data 2 2.50% 2.48% 
Fuel combustion emissions 5.77% 4.57% 
Process emissions 3.93% 3.87% 
Fugitive emissions 23.37% 22.06% 
Total emissions 5.61% 4.94% 

 

From the table it is evident that the MAPE and %MAE for all the variables except activity data 1 

and the fugitive emissions, are close to, or well below the materiality threshold. Thus, the 

developed model can accurately predict potential carbon emissions. 

0.00%

5.00%

10.00%

15.00%

20.00%

25.00%

Fuel combustion
emissions

Process emissions Fugitive emissions

MAPE %MAE

Materiality



Development of an emissions forecasting model for South African industrial facilities 

 Chapter 4 - Conclusion 93 

 

After validating the emissions forecasting model, emissions until 2025 were forecasted. The 

resulting emissions have a horizontal trend and were thus used as the baseline emissions, 

which indicate the future emissions when no mitigation measures have been implemented. 

To validate whether the facility will meet its emissions targets, the facility’s emissions roadmap 

was implemented on the forecasted data. 

The facility in the case study aims to reduce its Scope 1 and Scope 2 emissions by 30% in 

2030. Thus, an emissions reduction of 18.5% is required by 2025. One of the Scope 1 

mitigation measures proposed to reach this target is a 10% reduction in its material input for 

the 2021 to 2025 period. Figure 4-4 illustrates the forecasted carbon emissions before and 

after implementing one of the proposed mitigation measures. 

 

Figure 4-4: Total forecasted Scope 1 emissions. 

After the mitigation measures were implemented in the developed forecasting model, it was 

determined that the facility is likely to reduce its Scope 1 emissions by 9% by 2025. However, 

this is still below its target of 18.5% as indicated in Figure 4-4. Thus, with the implementation 

of the additional mitigation measures (not evaluated in this study), the facility is likely to meet 

its emissions targets as specified.  

It is assumed that the facility’s targets were developed using detailed evaluations to ensure 

that the target is achievable. A similar conclusion, that targets will be met, is obtained by using 

the forecasting models, showing that the models can be used to forecast the emissions of a 

facility. 
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4.3 Limitations and recommendations 

The emissions forecasting model developed in this dissertation only focusses on predicting 

Scope 1 emissions since they are currently the only scope that is subjected to carbon tax 

during the first phase. During the second phase, Scope 2 emissions are likely to become liable 

to carbon tax either directly or indirectly; thus, alternative models will be required to forecast 

Scope 2 emissions for facilities. 

It is further recommended to develop a model that can forecast the financial impacts of 

exceeding the allocated carbon budget. 

Since more companies are starting to report their Scope 3 emissions as well, an additional 

forecasting model can be developed to predict these emissions. Additionally, a model can be 

developed that can predict a company’s entire carbon footprint. 

The developed forecasting model only forecasts emissions for industrial facilities in South 

Africa. It is recommended that the model be extended to include additional sectors, such as 

the mining sector, as well. 

For this study, a simplified forecasting model was developed using Excel and validated using 

the programming language, Python. However, to improve the accuracy of the forecasted 

emissions, advanced machine learning techniques are recommended. 

4.4 Meeting the required objectives 

As mentioned in Chapter 1, the developed forecasting model should be able to: 

 Identify potential emission reduction opportunities, 

 Determine the effect of different mitigation measures on the company’s total GHG 

emissions, and 

 Determine whether the 2025 emission target will be met with the mitigation measures 

in place. 

With the implementation of a 10% reduction in material input over the 2021 to 2025 period, 

reductions of 12%, 19% and 5% in the fuel combustion, process, and fugitive emissions 

respectively were observed. Since the reduction in fuel combustion and fugitive emissions are 

still below the target of 18.5%, further reduction opportunities are available for these 

emissions. 



Development of an emissions forecasting model for South African industrial facilities 

 Chapter 4 - Conclusion 95 

 

A 18.5% reduction in the facility’s overall Scope 1 emissions was predicted for 2025 when the 

only mitigation measure in place was a 10% reduction in the material input. Thus, additional 

mitigation measures are required to ensure that the facility will meet its 2025 emission target. 

4.5 Closure 

The developed forecasting model was able to reasonably predict the facility’s emissions up 

until 2025. For the total emissions, the model indicated a forecasting accuracy of 5.61% and 

4.94% when using the MAPE and %MAE as error statistics. By implementing the proposed 

mitigation measure into the forecasting model, a 9% reduction in the facility’s carbon 

emissions is predicted, which is below the 18.5% target. Thus, additional mitigation measures 

are required to ensure the facility meet its 2025 emissions target. 

In addition to using long-term forecasts to determine if a facility will meet its emission targets, 

short-term forecasting can be used for setting up carbon budgets. During the first carbon tax 

phase, companies can receive an additional 5% allowance on their carbon tax liability when 

participating in the carbon budget system. For six South African industries, this amounts to a 

total of about R 2.3-billion in avoided carbon tax liability. 

Emissions forecasting plays an important role in both mitigation and financial planning for 

industries. This is not only important for an operational facility, but also provides industries 

with information on probable future scenarios. Thereby, assisting facilities and industries to 

adapt to the effects and alleviate potential impacts of climate change. 
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APPENDIX A - SELECTED FORECASTING MODELS 

A.1 Exponential smoothing 

One of the forecasting models chosen in Chapter 2 is the exponential smoothing model. The 

exponential smoothing model has been around since the late 1950s and is still one of the most 

popular forecasting models to use [62]. 

Data is forecasted by using weighted averages of past observation where the weights decay 

exponentially as the observations get older [62, 122]. 

Exponential smoothing models are known to generate quick, reliable forecasts which is 

advantageous and important for application in industry. 

There are three types of exponential smoothing: single, double, and triple exponential 

smoothing [122, 123]. 

The single exponential smoothing model is a time series forecasting method for univariate 

data without trend and seasonality. Single exponential smoothing requires a single parameter, 

𝛼, which is also known as the smoothing factor or smoothing coefficient  [122, 123].  

The 𝛼 – parameter controls the rate at which the influence of observation decays 

exponentially. A large 𝛼 value indicates that the forecasting model uses the most recent past 

observation to predict future values. A smaller 𝛼 value indicates that historic data has a larger 

influence when predicting future data [122, 123]. 

Double exponential smoothing, also known as Holt’s linear trend, is an extension to 

exponential smoothing and is suitable for predicting data with trends in the univariate time 

series. In addition to the 𝛼 parameter the 𝛽 smoothing parameter is introduced to control the 

decay of influence of change in the trend [123].  

Triple exponential smoothing, also known as Holt-Winter’s exponential smoothing, is suitable 

to predict a univariate time series with trend and seasonality. An additional smoothing 

coefficient, 𝛾, is introduced which controls the influence on the seasonal component [122, 

123]. 

Excel has a built-in function to forecast values for a specific future target date using 

exponential smoothing. This function is described in Equation (A-1). 
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FORECAST.ETS(target_date, values, timeline, [seasonality], [data_completion], [aggregation]) (A-1) 

The arguments for the Excel function described above are as follows: 

 Target date: The data point for which a value is predicted. 

 Values: An array or range of the numeric data to be predicted. 

 Timeline: An independent array or range of numeric data. The timeline requires a 

consistent step between data, which cannot be zero. 

 Seasonality: An optional value for indicating the length of the seasonal pattern. When 

left blank, the seasonality is automatically detected. 

 Data completion: An optional value for handling missing data. Missing values can 

either be calculated using interpolation (this is the default) or missing values are treated 

as zeros. 

 Aggregation: An optional value for aggregating multiple values with the same time 

stamp. The default aggregation method is averaging values. 

The forecasting function is based in the AAA version of the Exponential Smoothing Algorithm. 

Thus, the function is based on additive seasonality, additive trend, and additive error. 

Equation (A-2) can be used to calculate the forecasted emissions while Equations (A-3), (A-4) 

and (A-5) can be used to calculate the level, trend and seasonality respectively. 

 𝑦 = 𝑙 + 𝑏 + 𝑠 + 𝑒  (A-2) 

 𝑙 = 𝑙 + 𝑏 + 𝛼𝑒  (A-3) 

 𝑏 = 𝑏 + 𝛽𝑒  (A-4) 

 𝑠 = 𝑠 + 𝛾𝑒  (A-5) 

Where: 

 𝑦  is the forecasted value 

 𝑙  is the level 

 𝑏  is the trend 

 𝑠  is the seasonality 

 𝛼, 𝛽 and 𝛾 are smoothing parameters with 0 < 𝛼 ≤ 1, 0 < 𝛽 ≤ 1 and 𝛼 + 𝛾 ≤ 1 

 𝑚 is the seasonality period 
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A.2 Linear regression and multi-variable linear regression 

Ordinary least squares (OLS) regression, also known as linear regression, is a general linear 

modelling technique that is used to model a single response variable. Linear regression can 

be applied to both single and multiple explanatory variables [124]. 

The relationship between the response variable (y variable) and the explanatory variable (x 

variable) is represented by using the line of best fit which is illustrated in Figure A-2 [125].  

 

Figure A-1: Line of best fit. 

If the relationship between the two variables is linear, it can be described by a straight-line 

(Equation (A-6)). 

 𝑦 = 𝑚𝑥 + 𝑏 (A-6) 

Where: 

 𝑦 is the response variable 

 𝑚 is the regression coefficient or slope 

 𝑥 is the explanatory variable 

 𝑏 is the intercept 

A linear regression with a perfect linear relationship is illustrated in Figure A-2 [125]. 
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Figure A-2: Linear regression model with a perfect linear relationship. 

OLS can be extended to include multiple explanatory variables by adding additional variables 

to the equation as illustrated in Equation (A-7). 

 𝑦 = 𝑚 𝑥 + 𝑚 𝑥 + 𝑚 𝑥 + ⋯ + 𝑚 + 𝑥 + 𝑏 (A-7) 

Excel has a built-in function that can be used to determine the straight-line equation for a 

response variable with a single or multiple explanatory variables. The formula is illustrated in 

Equation (A-8). 

 LINEST(known_ys,[known_xs],[const],[stats]) (A-8) 

The arguments for the function described above are as follows: 

 Known y-values: A set of y-values where the 𝑦 = 𝑚𝑥 + 𝑏 relationship is known. 

 Known x-values: An optional variable where the x-values in the 𝑦 = 𝑚𝑥 + 𝑏 relationship 

is already known. 

 Constant: A logical value. To calculate the constant, 𝑏, as normal the argument is 

omitted or set as TRUE. If 𝑏 is equal to zero, the argument is set as FALSE. 

 Statistics: A logical value. When set to TRUE, additional regression statistics are 

returned. When set to FALSE or if the argument is omitted, the 𝑚-coefficients and the 

constant, 𝑏, are returned. 

The output of the LINEST function is a matrix that includes the regressor, residual error term, 

and additional statistics. The output matrix is illustrated in Table A-1. 
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Table A-1: Output matrix of the LINEST function. 

𝒙𝟒 𝒙𝟑 𝒙𝟐 𝒙𝟏 𝑪 

SE (𝑥 ) SE (𝑥 ) SE (𝑥 ) SE (𝑥 ) SE (𝐶) 

𝑅  𝑅𝑀𝑆𝐸 #N/A #N/A #N/A 

𝐹 𝜈  #N/A #N/A #N/A 

𝑆𝑆  𝑆𝑆  #N/A #N/A #N/A 

The first row of the output matrix contains the regressors for each independent variable and 

the required residual error term (𝐶).  

It is necessary to evaluate the regressor(s) of the model to see if the resulting model behaves 

as expected. If all the regressors are equal to zero, the output is completely dependent on the 

residual error value (𝐶). Regressor evaluation is also indicative of the influence each regressor 

has on the output of the model (positive or negative). 

The second row of the matrix contains the standard error of each regressor and indicates the 

error amount that the associated regressors add to the standard error of the model [67]. 

Additional statistical information given by the output matrix involves the predictability and 

accuracy of the data which is given in Table A-2 [67, 126]. 

Table A-2: Statistical parameters from output matrix. 

Parameter Formula Application 

Coefficient of determination 
(𝑅 ) 

∑ (𝑦 − 𝑦)

∑ (𝑦 − 𝑦)
 

The coefficient of 
determinations is in the 
range 0 ≤ 𝑅 ≤ 1. A 𝑅  
close to 1 is indicative of a 
good model. 

Root mean square error 
(𝑅𝑀𝑆𝐸) 

𝑆𝑆

𝜈
 

A smaller value indicates 
the predicted data points lie 
close the actual data points.  

F-value (𝐹) 

𝑆𝑆
𝜈

𝑆𝑆
𝜈

 

The regression is justified 
with an 𝛼 − confidence level 
if 𝐹 is greater than 𝐹 . 

Degree of freedom for 
residuals (𝜈 ) 

𝑃 − 𝑛 

An equality instead of an 
approximation is required if 
the degree of freedom is 
zero. 
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Parameter Formula Application 

Sum of squares of regressor 

errors 𝑆𝑆  
(𝑦 − 𝑦)  

Indicative of the variability of 
regressed data. 

Sum of squares of residual 
errors (𝑆𝑆 ) 

(𝑦 − 𝑦 )  
Indicative of the variability of 
the data. 
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A.3 Python models 

Machine learning can be used as an alternative to Excel when developing forecasting models. 

In this study, the models developed in Excel, were validated by using the programming 

language Python. 

Statsmodels is a Python module that provides classes and functions which can be used for 

estimating various statistical models, as well as for conducting statistical tests, and statistical 

data exploration. One of the classes in this module is the ETSModel. Unlike the Excel function 

which is based on additive trend, additive seasonality, and additive error, the Python class can 

have either additive or multiplicative components. 

To import ETSModels to Python, Equation (A-9) can be used. 

 
 

(A-9) 

Equation (A-10) describes the arguments required to develop the ETS model as well as their 

default values, where applicable. 

 ETSModel(endog, error = ′add′, trend = None, damped_trend = False, seasonal =

None, seasonal_periods = None, initialization_method =

′estimated′, initial_level = None, initial_trend = None, initial_seasonal −

none, bounds = None, dates = None, freq = None, missing = ′none′)  

(A-10) 
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Where: 

 endog is an array consisting of the observed time-series process (𝑦) 

 error is the error component which can be additive (‘add’) or multiplicative (‘mul’) 

 trend is the trend component which can be ‘add’, ‘mul’, or None 

 damped_trend describes whether the trend component is damped or not 

 seasonal is the seasonal component which can be ‘add’, ‘mul’, or None 

 seasonal_periods which describes the number of periods in a complete seasonal cycle 

for seasonal models 

 initialization_method is the method for initialisation of the state base model which can 

be ‘estimate’, ‘heuristic’ or ‘known’ 

 initial_level is the initial component level which is required if the initialisation is ‘known’ 

 initial_trend is the initial trend component which is required if the initialisation is ‘known’ 

 initial_seasonal is the initial seasonal component which is required if the initialisation 

is ‘known’ 

 bounds which is a dictionary with parameter names as keys and the respective bounds 

intervals as values 

 

To validate the Excel model using Python, the following code can be used:  

  

(A-11) 

 

In Equation (A-11), “Data” refers to the variable for which the model is developed. In order to 

compare the Python model to the Excel model, the trend, error, and seasonality components 

are taken as additive, and the trend is assumed to be undamped (which is the default). Based 

on the preliminary analysis done in Section 3.2.2, a seasonality of 12 is used. In the last line 

(line 8), the data is fitted to the ETS model. 

As with the ETS model, machine learning can be used to develop regression models. Sklearn 

is a Python module which integrates classic machine learning algorithms into a scientific 

Python package. One of the classes available in this module is the LinearRegression class. 
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The LinearRegression class fits a linear model with the coefficients 𝑤 = (𝑤 , … , 𝑤 ) to 

minimise the residual sum of squares between the observed targets in the dataset, and the 

targets predicted by the linear approximation. 

To import LinearRegression to Python, Equation (A-12) can be used. 

 
 

(A-12) 

Equation (A-13) describes the arguments required to develop the linear regression models as 

well as their default values, where applicable. 

 LinearRegression(∗, fit_intercept =  True, normalize =  ′deprecated′, copy_X =

 True, n_jobs =  None, positive =  False)  

(A-13) 

Where: 

 fit_intercept can be either True or False. If True, the intercept for the model will be 

calculated. If False, no intercept will be used in the calculations 

 normalize - when the fit_intercept, is set False, the parameter will be ignored. If the 

parameter is set to True, the regressors X will be normalised before regression by 

subtracting the mean and dividing by the 12-norm 

 copy_X – if set to True, X will be copied otherwise it may be overwritten 

 n_jobs indicate the number of jobs use for the computation 

 positive – when set to True, the coefficients are forced to be positive 

To validate the regression models in Excel, a multivariable linear regression and linear 

regression definitions were created in Python. These definitions are described by 

Equation (2-14) and Equation (2-15), respectively. 

 

 

(A-14) 
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(A-15) 

The definition for multivariable linear (Equation (A-14))(2-15) has three inputs: the two 

independent variables (𝑥  and 𝑥 ) and the dependent variable (𝑦). The definition for the linear 

regression model has two inputs: the independent variable (𝑥) and the dependent variable. In 

the second and third lines the input data is converted to the format required by the 

LinearRegression class. The data is fitted to the model in line 4 whereafter the intercept and 

slope is defined in line 5 and line 6, respectively. The definition then returns the intercept and 

slope of the regression model which can be used to predict the dependent variable. 

 



Development of an emissions forecasting model for South African industrial facilities 

 Appendix B – Model development and model validation 117 

 

APPENDIX B – MODEL DEVELOPMENT AND MODEL VALIDATION 

B.1 Linear regression and multivariable linear regression model development 

During the preliminary analysis step in Section 3.2.2, a similar pattern between all variables 

(with fugitive emissions being the exception) were observed. The relationship between the 

variables can further be illustrated using regression plots as seen in Figure B-1. 

 

 

 

 

 

 

 

Figure B-1: Linear relationship between the different variables. 

In Figure B-1, a linear relationship can be observed between the input data (material input and 

production data) and the emissions (fuel combustion and process emissions) as well as the 

activity data and the emissions.  
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In Appendix A, statistical parameters regarding the regression models were briefly discussed, 

while the regression models were developed in Chapter 2. The parameters for these models 

are given in Table B-1, Table B-2, and Table B-4 for the activity data, fuel combustion 

emissions, and process emissions respectively. However, it should be noted that the five 

underlying linear regression analysis assumptions need to be addressed before the statistical 

analysis of the variables can be considered valid. The five assumptions are [108]: 

1. Linear relationship: Described a straight-line relationship between two variables.  

2. Multivariate normality:  Any linear combination of multiple normally distributed 

variables is also normally distributed. A quick test for multivariate normality is 

distribution graphs. 

3. No or little multicollinearity: Multicollinearity can be defined as the occurrence of 

high intercorrelations among two or more independent variables in a multiple 

regression model.  

4. No autocorrelation or independence: The residuals are independent of each other; 

thus there is no correlation between consecutive terms in the time series data. 

5. Homoscedasticity:  The variance of the residual in a regression model is constant. 

Thus, the error term does not vary much as the value of the predictor variable 

change. 

The activity data was determined using multivariable linear regression with the material input 

and production data as the independent variables. The regressions parameters for the activity 

data are summarised in Table B-1. 

Table B-1: Multivariable linear regression parameters for the activity data. 

Parameter Activity data 1 Activity data 2 
𝑥  (Material input) -256.59 157.86 

 𝑥  (Production data) 778.52 784.28 

𝐶 55.34 610.60 

SE (𝑥 ) 305.82 482.80 

SE (𝑥 ) 403.39 636.82 

SE (𝐶) 127.24 200.87 

𝑅  0.68 0.67 

𝑅𝑀𝑆𝐸 30.60 48.30 

𝐹 35.14 32.78 

𝐹  3.28 3.28 

𝜈  33 33 

𝑆𝑆  65 780 152 976 

𝑆𝑆  30 891 76 990 
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From Table B-1 a 𝑅  of 0.68 and 0.67 can be observed for activity data 1 and activity data 2, 

respectively. The 𝑅  value represents the proportion of variance for a dependent variable 

which is explained by an independent variable or variables in a regression model11. An 𝑅  

value of 0.5 indicates that approximately half of the observed variation can be explained by 

the model’s inputs. Furthermore, a weak relationship is implied by an 𝑅  between 0.1 and 0.5 

while a strong relationship is implied when 𝑅  > 0.5 [127].  

Thus, seeing as the 𝑅  for both activity data 1 and activity data 2 is more than 0.5, a strong 

relationship exists between the dependent and independent variables for the activity data. 

This indicates that the fist assumption of multivariable linear regression (that a linear 

relationship exists between the variables) is valid. 

The variables 𝜈 , 𝑆𝑆 , and 𝑆𝑆  are used to calculate the 𝐹-value. If the 𝐹-value is greater 

than 𝐹 , the regression is justified as mentioned in Appendix A. To determined  𝐹 , 

the Excel function given in Equation (B-1) can be used. 

 =F.INV.RT(probablity,deg_freedom1,deg_freedom2) (B-1) 

Where: 

 probability is the significance level used 

 deg_freedom1 is the numerator degrees of freedom 

 deg_freedom2 is the denominator degrees of freedom 

To calculate 𝐹  a significance level of 0.05 was used12.  

For both activity data 1 and activity data 2, 𝐹 > 𝐹  as given in Table B-1. Thus, the 

regression is justifiable. However, before the model can be considered valid, the remaining 

four assumptions of multivariable linear regression needs to be addressed.  

To test for multivariate normality, distribution plots can be used. These plots are illustrated in 

Figure B-2. 

 

11 https://www.investopedia.com/terms/r/r-squared.asp 

12 https://www.statisticshowto.com/probability-and-statistics/f-statistic-value-test/ 
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a) Activity data 1 distribution plot b) Activity data 2 distribution plot 

Figure B-2: A data distribution plots. 

From Figure B-2, it is evident that activity data 1 follows a normal distribution; however, the 

distribution plot for activity data 2 is slightly skewed to the left. For cases where the assumption 

of multivariate normality is violated 1) verify that there are no extreme outliers present that 

result in the assumption being violated 2) apply a nonlinear transformation to the response 

variable13. 

The next assumption to be tested is the multicollinearity function. Multicollinearity can be 

calculated using the Variance Inflation Factor (VIF) [An introduction to statistical learning], 

which can be calculated as follows: 

 
𝑉𝐼𝐹 =

1

1 − 𝑅
 

(B-2) 

Using the VIF test as described in Equation (B-2), values were calculated as 3.12 and 2.99 for 

activity data 1 and activity data 2, respectively. For a VIF value of less than 4, no 

multicollinearity is assumed. For values higher than 10, significant multicollinearity is assumed 

[128]. The VIF value for both activity data 1 and activity data 2 is less than 4, thus no 

multicollinearity assumed. 

The third assumption, no autocorrelation, can be tested by plotting the residuals over time14. If 

a noticeable pattern in the data can be observed, autocorrelation is present. The graphs used 

to determine if autocorrelation is present for the activity data is illustrated in Figure B-3. 

 

13 https://www.statology.org/multiple-linear-regression-assumptions/ 

14 https://online.stat.psu.edu/stat501/lesson/14/14.3 
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a) Activity data 1 residual plot b) Activity data 2 residual plot 

Figure B-3: Autocorrelation test for the activity data. 

From Figure B-3, no noticeable pattern can be observed in the residual plots for either activity 

data 1 or activity data 2. This it is likely that no autocorrelation is present between the variables. 

The following options can be considered when autocorrelation is present15: 

1. For positive correlation, the lags of the dependent and/or independent variable can be 

added to the data. 

2. Fore negative correlation, ensure that none of the variables are over differenced. 

3. For seasonal correlation, seasonal dummy variable can be added to the model. 

A formal statistical test to determine if autocorrelation exists between variables is the Durbin-

Watson test. 

The last assumption of linear regression is homoscedasticity, which can be tested by plotting 

the residuals against the fitted data as illustrated in Figure B-4. If heteroscedasticity exist, a 

funnel-shaped plot will be observed16. 

 

15 https://www.statology.org/multiple-linear-regression-assumptions/ 

16 https://www.upgrad.com/blog/assumptions-of-linear-regression/ 
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a) Activity data 1 residual plot b) Activity data 2 residual plot 

Figure B-4: Homoscedasticity test for the activity data. 

From Figure B-4, a linear relationship can be observed between the fitted values and the 

residuals for both activity data 1 and activity data 2. No funnel-shaped pattern can be observed 

in the residual plots; thus it is likely that heteroscedasticity is not present in the data. When 

the assumption of homoscedasticity is violated, the following options are available: 

 Transform the response variable by taking the log, square root, or cube root of 

all the variables. 

 Redefine the response variable to use a rate and not the raw value. 

 Use weighted regression. 

All five assumptions of linear regression are valid, thus the regression model used to 

determine activity data 1 and activity data 2 are valid. 

The fuel combustion emissions were calculated using linear regression with the activity data 

or production as the independent variable. To ensure that all outliers have been removed, an 

outlier analysis was done for each regression model. The regression models were visually 

inspected, and any outliers present in the data was subsequently removed as illustrated in 

Figure B-5.  
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a) Before outlier removal b) After outlier removal 

Figure B-5: Regression model outlier analysis. 

The linear regression models for the fuel combustion emissions (with the outliers removed) 

are illustrated in Figure B-6. 

  
a) Emission 1 regression model b) Emission 2 regression model 

  
c) Emission 3 regression model d) Emission 4 regression model 
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e) Emission 5 regression model f) Emission 6 regression model 

Figure B-6: Linear regression models for the fuel combustion emissions. 

From Figure B-6, only the linear regression models for emission 1 and emission 3 show a 

correlation between the dependent and independent variables. The observation is further 

emphasised by the regression parameters for the fuel combustion emissions given in 

Table B-2. 

Table B-2: Linear regression parameters for the fuel combustion emissions. 

Parameter 
Emission 

1 
Emission 

2 
Emission 

3 
Emission 

4 
Emission 

5 
Emission 

6  
tCO2 tCO2 tCO2 tCO2 tCO2 tCO2 

𝑥   
Variable 

Activity 
data 2 

Activity 
data 1 

Activity 
data 2 

Production 
Emission 

1 
Emission 

1 
Value 1 061 -56.53 55.81 10 271 -21.06 2.03 

𝐶 169 873 112 778 -10 031 4 795 45 481 1 809 235 

SE (𝑥 ) 144.08 36.01 18.92 14 140 11.74 7.09 

SE (𝐶) 224 009 20 868 29 417 14 177 18 253 33 536 

𝑅  0.61 0.07 0.20 0.02 0.09 0.00 

𝑅𝑀𝑆𝐸 69 092 11 195 9 073 6 137 5 630 111 163 

𝐹 54.23 2.47 8.70 0.53 3.22 0.08 

𝐹  4.13 4.13 4.13 4.13 4.13 4.13 

𝜈  34 34 34 34 34 34 

𝑆𝑆  2.59×1011 3.09×108 7.16×108 1.99×107 1.02×108 1.01×109 

𝑆𝑆  1.62×1011 4.26×109 2.80×109 1.28×109 1.08×109 4.20×1011 

From Table B-2, it is evident that only emission 1 has a 𝑅  greater than 0.5. The 𝑅  for 

emissions 2, 4, 5, and 6 implies that there is no relationship between the dependent and 

independent variables, while a weak relationship is implied for emission 3. 
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For emission 1 and emission 3, 𝐹 > 𝐹  while the opposite is true for emission 2 and 

emission 4. This implies that only the regression for emission 1 and emission 3 is justified; 

thus constant multipliers are used for emission 2, 4, 5, and 6. The constant multipliers can be 

calculated using Equation (B-3). 

 
𝐶𝑜𝑛𝑠𝑡𝑎𝑛𝑡 𝑚𝑢𝑙𝑡𝑖𝑝𝑙𝑖𝑒𝑟 =

𝐹𝑜𝑟𝑒𝑐𝑎𝑠𝑡𝑒𝑑 𝑉𝑎𝑟𝑖𝑎𝑏𝑙𝑒

𝐷𝑒𝑝𝑒𝑛𝑑𝑒𝑛𝑡 𝑣𝑎𝑟𝑖𝑎𝑏𝑙𝑒
 

(B-3) 

The constant multipliers for emission 2, 4, 5, and 6 of the fuel combustion emissions can be 

found in Table B-3. 

Table B-3: Constant multipliers used for the fuel combustion emissions. 

Forecasted Variable Dependent variable Constant multiplier 
Emission 2 Activity data 1 138.83 tCO2 knm-3 h 
Emission 4 Production 15 066 tCO2

 

Emission 5 Emission 1 7.04×10-3 tCO2 

Emission 6 Emission 1 2.17×10-3 tCO2 

To justify the regression model used to calculate emission 1 and emission 3, remaining four 

assumptions of linear regression need to be addressed. 

As with the activity data, the multivariate normality for the fuel combustion emissions can be 

tested using distribution plots (Figure B-7). 

  
a) Emission 1 distribution plot b) Emission 3 distribution plot 

Figure B-7: Fuel combustion emissions distribution plots. 

Both emission 1 and emission 3 have a fairly normal distribution plot; however, emission 1 is 

slightly skewed to the right. 

The VIF value for emission 1 and emission 3 were calculated as 2.59 and 1.26, respectively. 

Since both these values are less than 4, no multicollinearity is assumed. 



Development of an emissions forecasting model for South African industrial facilities 

 Appendix B – Model development and model validation 126 

 

To test for autocorrelation between variables, the residuals are plotted against time as 

illustrated in Figure B-8. 

  
a) Emission 1 residual plot b) Emission 3 residual plot 

Figure B-8: Autocorrelation test for the fuel combustion emissions. 

As with the activity data, no noticeable pattern can be observed for emission 1 and emission 

3; thus it is likely that no autocorrelation exist between the variables. 

The residual plots used to determine the homoscedasticity of the variables are illustrated in 

Figure B-9. 

  
a) Emission 1 b) Emission 3 

Figure B-9: Homoscedasticity test for fuel combustion emissions. 

For both emission 1 and emission 3, a linear relationship can be observed between the fitter 

values and the residuals. Furthermore, no funnel-shape patterns can be observed for both the 

variable; thus heteroscedasticity is likely not present in the data. 

All five assumptions of linear regression are valid for emission 1 and emission 3, thus the use 

regression models are valid. 

-10 000

-5 000

0

5 000

10 000

15 000

20 000

E
m

is
si

on
 1

 r
e

si
d

ua
ls

-150 000

-100 000

-50 000

0

50 000

100 000

150 000

E
m

is
si

o
n 

3
 r

es
id

ua
ls

-150

-100

-50

0

50

100

150

0 1 000 2 000 3 000

R
e

si
d

ua
ls

Emission 1 (ktCO2)

-10

-5

0

5

10

15

20

0 50 100 150

R
e

si
d

ua
ls

Emission 3 (ktCO2)



Development of an emissions forecasting model for South African industrial facilities 

 Appendix B – Model development and model validation 127 

 

The process emissions can be calculated using linear regressions with the material input data 

or emission 1 of the process emissions as the independent variable. Similar to the fuel 

combustion models, and outlier analysis was done on all the regression models. The resulting 

linear regression models for the process emissions can be found in Figure B-10. 

  
a) Emission 1 regression model b) Emission 2 regression model 

  
c) Emission 3 regression model d) Emission 4 regression model 

 
e) Emission 5 regression model 

Figure B-10: Regression models for the process emissions. 
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From Figure B-10, only emission 5 shows no correlation between the dependent and 

independent variable. This observation is further emphasised by the regression parameters 

for the fugitive emissions given in Table B-4. 

Table B-4: Linear regression parameters for the process emissions. 

Parameter 
Emission 1 Emission 2 Emission 3 Emission 4  Emission 5  

tCO2 tCO2 tCO2 tCO2 tCO2 
𝑥   Variable Material 

input data 
Material 

input data 
Material 

input data 
Emission 1 Emission 1 

Value 1 759 988 398 679 1 271 2.25×10-2 4.16×10-5 

𝐶 -185 023 -129 585 995 10 541 19.625 

SE (𝑥 ) 174 827 54 988 481.05 0.01 0.02 

SE (𝐶) 175 090 55 071 481.77 12 104 31 290 

𝑅  0.75 0.61 0.17 0.20 0.00 

𝑅𝑀𝑆𝐸 57 526 18 094 158.29 5 130 13 623 

𝐹 101.34 52.57 6.98 8.62 0.00 

𝐹  4.13 4.13 4.13 4.13 4.13 

𝜈  34 34 34 34 34 
𝑆𝑆  3.35×1011 1.72×1010 1.75×105 2.27×108 7.76×102 

𝑆𝑆  1.13×1011 1.11×1010 8.52×105 8.95×108 5.98×109 

From Table B-4, it is evident that emission 1 and emission 2, have a strong relationship seeing 

that 𝑅 > 0.5. Emission 3 and emission 4 have a weak relationship while emission 5 has 

almost no relationship. The regression models for all the process emissions, except emission 

5, are justified since 𝐹 > 𝐹 . Thus, constant multipliers were used to calculate emission 

5. These constant multipliers can be found in Table B-5. 

Table B-5: Constant multipliers used for the process emissions. 

Variable Dependent variable Constant multiplier 
Emission 5 Emission 1 1.25×10-2 

To justify the regression models used to the process emission, the remaining four assumptions 

of linear regression needs to be addressed. 

The distribution plots used to determine if the multivariate normality assumption is met are 

illustrated in Figure B-11. 
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a) Emission 1 b) Emission 2 

  
c) Emission 3 d) Emissions 4 

Figure B-11: Process emissions distribution plots. 

From Figure B-11, a normal distribution can be observed for emission 2, 3, and 4. For emission 

1, the data is slightly skewed to the left. 

To determine if multicollinearity exist between the variables, the VIF value is calculated. The 

VIF values for the process emissions can be found in Table B-6. 

Table B-6: Multicollinearity test for the process emissions. 

Variable VIF value 
Emission 1 3.98 
Emission 2 2.54 
Emission 3 1.21 
Emission 4 1.25 

All the values in Table B-6 are less than 4; thus is assumed that no multicollinearity is present. 

The residual plots used to determine the homoscedasticity of the variables are illustrated in 

Figure B-12. 
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a) Emission 1 residual plot b) Emissions 2 residual plot 

  
c) Emission 3 residual plot d) Emission 4 residual plot 

Figure B-12: Homoscedasticity test for the process emissions. 

For emission 1 and emission 2, heteroscedasticity might be present; however more data points 

are required to determine if this is the case. For emission 3 and emission 4 a linear relationship 

can be observed between the fitted values and the residuals; thus heteroscedasticity is likely 

not present. For the process emissions, all five assumptions of linear regression are 

confirmed, thus the linear regression models are valid. 

Since the fugitive emissions include the routine and emergency flaring or venting of gases, 

these emissions are calculated using a constant multiplier with activity data 2 used as the 

dependent value. The constant multiplier used to determine the fugitive emissions can be 

found in Table B-7. 

Table B-7: Constant multipliers used for calculating the fugitive emissions. 

Variable Dependent variable Constant multiplier 
Emission 1 Activity data 2 8.84×10-2   
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B.2 Validation of Excel models using Python 

With the forecasted input data, the activity data is calculated using multivariable linear 

regression. The results obtained using Excel and Python, respectively are illustrated in Figure 

B-13. 

 
a) Comparison of the forecasted activity data 1 using Excel and Python 

 
b) Comparison of the forecasted activity data 2 using Excel and Python 

Figure B-13: Comparison of the forecasted activity data using Excel and Python. 
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From Figure B-13 (a), it is evident that the forecasted values for Activity data 1 are very similar 

when using Excel and Python, respectively. For Activity data 2 (Figure B-13 (b)), the Excel 

and Python models provide similar results in the beginning, whereafter a slight deviation in the 

values can be observed. This is most likely due to the influence of the material input data being 

larger than the influence of the production data. 

The magnitude if the deviation between the Excel and Python models were determined by 

comparing the average 2025 values for the activity data. The results are summarised in Table 

B-8. 

Table B-8: Comparison of the average 2025 activity data using Excel and Python. 

Activity data 2025 Excel 
average 

2025 Python 
average 

Difference 

Activity data 1 (knm3/h) 579.28 577.58 0.34% 
Activity data 2 (t/h) 1 543.13 1 552.74 0.62% 

The difference between the average 2025 values using Excel and Python is calculated as 

0.34% and 0.62% for Activity data 1 and Activity data 2, respectively. Thus, the Excel model 

can be validated since both the calculated differences are less than 5%. 

With the activity data, the emissions are calculated using linear regression. The results 

obtained using Excel and Python, respectively are illustrated in Figure B-14. 

 
a) Comparison of forecasted fuel combustion emissions using Excel and Python 
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b) Comparison of forecasted process emissions using Excel and Python 

 
c) Comparison of forecasted fugitive emissions using Excel and Python 
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d) Comparison of the total forecasted emissions using Excel and Python 

Figure B-14: Comparison of the forecasted emissions using Excel and Python. 

In Figure B-14, a similar pattern can be observed between the Excel and Python models for 

all four graphs. For the fuel combustion emissions (Figure B-14 (a)) the Excel model produced 

much higher values than the Python model. For the process and fugitive emissions (Figure 

B-14 (b) and (c)), the two models initially have similar results, whereafter a deviation between 

the models can be observed. The total emissions (Figure B-14 (d)), shows a slight deviation 

between the Excel and Python models initially, whereafter similar results are observed by 

2025. 

The magnitude if the deviation between the Excel and Python models were determined by 

comparing the total value for 2025 for the respective emissions as well as the total emissions. 

The results are summarised in Table B-9. 

Table B-9: Comparison of the total 2025 emissions using Excel and Python. 

Emissions 2025 Excel 
total 

2025 Python 
total 

Difference 

Fuel combustion emissions (ktCO2) 23 942 23 108 3.61% 
Process emissions (ktCO2) 22 200 22 943 3.24% 
Fugitive emissions (ktCO2) 1 917 1 928 0.56% 
Total emissions (ktCO2) 48 059 47 980 0.16% 

From Table B-9, it is evident that the fuel combustion emissions have the largest difference 

(3.61%) when comparing the Excel model to the Python model, while a difference if 3.24% 
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and 1.75% was observed for the process and fugitive emissions, respectively. When 

combining all the emissions, a difference of 0.69% can be observed between the Excel model 

and the Python model. Thus, the Excel model for the respective emissions can be validated 

since the calculated differences are less than 5%. 


