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Modelling Carbon Emission Intensity: Application of Artificial
Neural Network

Alex O. Acheampong"’, Emmanuel B. Boateng®

Newcastle Business School, University of Newcastistralia
School of Health Sciences, University of Newcaéilistralia

Abstract

This study applies an artificial neural network (ANto develop models for forecasting
carbon emission intensity for Australia, Brazil,i@dy India, and USA. Nine parameters that
play an essential role in contributing to carbonissions intensity were selected as input
variables. The input parameters are economic grogtargy consumption, R&D, financial
development, foreign direct investment, trade opsanindustrialisation, and urbanisation.
The study used quarterly data which span over énog 1980Q1-2015Q4 to develop, train
and validate the models. To ensure the reproditgilof the results, twenty simulations were
performed for each country. After numerous iteragiothe optimal models for each country
were selected based on predefined criteria. A 9+htdlti-layer perceptron with back-
propagation algorithm was sufficient in buildingetinodels which have been trained and
validated. Results from the validated models shoat the predicted versus actual values
indicate approximately zero errors along with higheefficients of determination ¢R of
0.80 for Australia, 0.91 for Brazil, 0.95 for Chjn@.99 for India and 0.87 for USA. The
Partial Rank Correlation Coefficient (PRCC) resuétgeal that for Australia, R&D has the
highest sensitivity weight while for Brazil and tHgSA, urbanisation has the highest
sensitivity weight. For China, population size Hias highest sensitivity weight while energy
consumption has the highest sensitivity weightndid. The ANN models presented in this
study have been validated and reliable to pretiietgrowth of CQ emission intensity for
Australia, Brazil, China, India, and USA with negble forecasting errors. The models
developed from this study could serve as tools ifternational organizations and
environmental policymakers to forecast and helglimate change policy decision-making.

Keywords. Carbon emissions; Artificial neural network; Forstiag; Sensitivity
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1. Introduction

This study sought to use Artificial Neural Netwo(RNN) to develop models for
forecasting carbon emission intensity for AustraBeazil, China, India, and the USA. Global
warming has been the most challenging environmestale in the history of humanity
(Acheampong, 2018). Thus, the increasing conceoirabf greenhouse gases in the
atmosphere leading to global warming has severédatns for both economic and human
development. Carbon dioxide is the primary greeskhogas behind global warming.
Therefore, efforts by international organisationsntitigate the adverse effect of global
warming have been a focus on policies to reducbocaemissions (Tamazian, Chousa, &
Vadlamannati, 2009). Global carbon emissions haenbncreasing despite the global effort
to reduce it. According to the International Enerygency (2018) report, global energy-
related carbon emissions increased by 1.4% in 2ZDRi8. represents an absolute increase of
460 million tons (Mt) reaching a historic high a2.8 gigatons (Gt) for the past three years
after remaining flat. This astronomic increase ambon emissions conflicts with the Paris
agreement on climate change to reduce carbon emsssi

While the global economy has witnessed an increasarbon emissions, countries such
as the USA, UK, Mexico, and Japan have experieacghrp reduction in carbon emissions
in 2017. For instance, carbon emissions droppe@.5% representing 25Mt to 4810 Mt in
the USA (International Energy Agency, 2018). On titeer hand, the role of the Asia
economies in carbon emissions cannot be underdstimdwo-third of global carbon
emissions comes from Asian countries. Specificaljpina and India are major players
contributing to the increase in global carbon emiss In the recent report by International
Energy Agency (2018), carbon emissions increasa f@hina increased by 9.1 gigatons in

2017 which is 1% higher than the level of emission2014. Additionally, India experienced
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per-capital emissions of 1.7t GGsoutheast Asian has also contributed signifigaotiglobal
emissions, with Indonesia playing a major in tieigion.

Understanding the future trend of carbon emissainihe global, regional, and national
level could provide insight for developing apprepe environmental policies and strategies
to mitigate carbon emissions. Thus, developingliabie model for predicting the growth of
carbon emissions could serve as the tool for iateynal organisations and environmental
policymakers to design and implement appropriatearenmental policies and strategies to
control environmental problems. Over the decademjesresearchers have used classical
statistical and econometric approaches to modérecast the growth of carbon emissions.
For instance, regression analysis has been thepopstar estimation technique to study the
causal relationship between carbon emissions ahdr andependent variables such as
economic growth, population, energy consumptioshnelogy, globalisation and among
others (see for example, Ahmad et al., 2017; Ahkshman, & Ozturk, 2017; Al-Mulali,
Ozturk, & Solarin, 2016; Almeida, Cruz, Barata, 8&aGia-Sanchez, 2017; Grossman &
Krueger, 1995; Kone & Buke, 2010). However, thesefiveness of regression depends on
the reliability and availability of independent iables (Zhou, Ang, & Poh, 2006).
Additionally, given that variables for modellingrban emissions are chaotic, non-stationary,
and non-linear, the classical statistical and eowetdc approaches are not suitable for
modelling such a complex behaviour (Gallo, ContoFi&re, 2014; Hussain & Reynolds,
1975; Stanley, 1997).

In addition to the statistical and regression apphes, some scholars have also employed
time series models such as Box-Jenkins Autoregressntegrated Moving Average
(ARIMA) and Autoregressive Moving Average (ARMA) forecast emissions. For accurate
forecasting using ARIMA and ARMA models, a largemher of historical observation for

the variable of interest is required (Pao, Fu, &g 2012; Zhou et al.,, 2006). Other
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researchers have also employed the Grey Model (@#iction especially, GM (1, 1) to
forecast carbon emissions (see Ding, Dang, Li, W&#ghao, 2017; Lin, Liou, & Huang,
2011; Pao & Tsai, 2011; Majeed Safa, Nejat, Nuft&alGreig, 2016; Wu, Liu, Liu, Fang, &
Xu, 2015). Generally, GM performs best with limiteata (Yin & Tang, 2013). However, the
forecasting accuracy of the GM (1, 1) has been toqpresd (see Zhou et al.,, 2006).
Additionally, comparative studies have shown thdliNA produces superior forecasting
results relative to ARIMA, ARMA, classical statisil and regression approaches (Falat &
Pancikova, 2015; Kohzadi, Boyd, Kermanshahi, & Ki@asl996; Prybutok, Yi, & Mitchell,
2000; Stamenkoéj Antanasijeuw, Ristic, Pert-Gruji¢, & Pocajt, 2015; Valipour, Banihabib,
& Behbahani, 2013).

The forecasting ability of ANN has made it receiaedidespread application in the field
of engineering (Ahmadi, 2011; Ahmadi, Soleimani,el&ashiwao, & Bahadori, 2015;
Valipour et al., 2013), agriculture (Khoshroo, Enmoejad, Ghaffarizadeh, Kasraei, & Omid,
2018; Majeed Safa et al., 2016; M. Safa & Samaghs&n 2011; Soltanali, Nikkhah, &
Rohani, 2017), energy (Deb, Zhang, Yang, Lee, &SBQ17; Debnath & Mourshed, 2018;
Jebaraj & Iniyan, 2006), and finance (Kara, Acay&wnoglu, & Baykan, 2011; Moghaddam,
Moghaddam, & Esfandyari, 2016). One of the mainaativges of ANN is its ability to use
prior information to model a complex non-linear teys, and its forecast results are robust
since it can approximate non-linear input-outpldtrenship to any degree of accuracy in an
iterative manner (M. Safa & Samarasinghe, 2011p862009). Also, ANN can handle noisy
data, accommodating multiple variables with nomdin linear, and unknown interactions
and make a good generalisation (Colwell, 1994; Haf®emuth, Beale, & De Jesus, 1996;
M. Safa & Samarasinghe, 2011). Despite the forewastbility of ANN, its application for
forecasting carbon emissions intensity is stillited (see Zhao, et al., 2018). Therefore, this

study utilised ANN to develop models for forecagticarbon emissions intensity for
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Australia, Brazil, China, India, and USA. These minies are studied because they are among
the top carbon-emitting countries.

In this direction, this study makes several didtioontributions to a new body of
knowledge: Firstly, unlike the previous studies ethhave forecasted carbon emissions using
only economic growth and population as input vdesl{see Pao et al., 2012; Pao & Tsai,
2011; Zhao & Du, 2015), this study incorporatesotiariables such as energy consumption,
R&D, financial development, FDI, trade opennesdustrialisation, and urbanisation, which
play important role in contributing to carbon esmss, in our model to prevent
underestimation of carbon emissions intensity. 8eélyo unlike the previous forecasting
studies on emissions, this study utilises the &aRank Correlation Coefficient (PRCC) to
conduct sensitivity analysis to determine the inpatiable that is most influential in
contributing to carbon emissions for the respeatimentries. Khoshroo et al. (2018), Marino,
Hogue, Ray, and Kirschner (2008) and Saltelli aratiivbet (1990) argue that PRCC is the
most reliable and efficient method for sensitivdapalysis. Additionally, unlike previous
studies, this study uses high-frequency data tgigeoaccurate forecasting models. Finally,
given that this study focuses on the major carbariteg countries, the models that will be
developed from this study would help environmemiknners in climate change policy
decision-making.

The remaining sections are organised as followsti@e2 provides a literature review
while section 3 provides an overview of the redearethodology and data, followed by
results and discussions in section 4. Section®@issents the proposed closed-form formula
for forecasting carbon emissions intensity whiletie® 6 presents the sensitivity analysis.

Conclusions and policy implications are presenteskiction 7.
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Nomenclature

AD
ANN
ARIMA
ARMA
bias),
BP

Cl

Co,
eV
ENER
FD

FDI
FFMLP
GDP
GM

Gt

IMF
INDUS
MAD
max(y)
ME,
min(y)
MLP
MSE
MSEes:
MSEtrain
Mt

Ni
N°
Ntr

Pmean
POP

PRCC
R&D

Absolute deviation

Artificial neural network
Autoregressive Integrated Moving Average
Autoregressive Moving Average
biases of théth hidden neuron
back-propagation

confidence interval

Carbon emission intensity
exponential function

Energy consumption

Financial development

Foreign direct investment
feedforward multilayer perceptron
Gross Domestic Product

Grey Model

gigatons

International Monetary Fund
Industrialisation

mean absolute deviation

maximum observation

mean error on prediction

minimum observation

multi-layer perceptron

mean squared error

mean squared error on test dataset
mean squared error on training dataset
million tons

number of neurons in the hidden layer
number of input parameters
number of output parameters
number of training samples

Output

population mean

Population

Partial Rank Correlation Coefficient
Research and Development

R2
RelLU
RNN
SD
SE
SVR

TRAD Trade Openness

URB

Xstand
y

y

Ya

Ynorm

Yo

Greek letters

6,.(x) rectifier function

0,(y)  sigmoid function

u mean of the observations

o standard deviation of the observatior

Subscript

i input data (0, 1, 2, 3, 4,....n)

j jth input parameter

Superscript

bias, bias of the output neuron

H, kth hidden neurons

If Input value ofjth input parameter

n number of input data

q numbers of input parameters (closed
form formula)

r number of hidden neurons (closed-
form formula)

wih weight of the link betweer) andH,,

wig weight of the link betweeH, ando,

Coefficients of determination
rectifier function
recurrent neunagtwork
targlard deviation
standard erro
support vector regression

Urbanisation
standardization
observation for the output parameter
mean of the C@intensities
actual CQ intensity
normalization
predicted CQintensity
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2. Determinants of carbon emissions

In this section, we provide a brief overview of tliterature that supports the variables
that were used as inputs for the modelling. Follmpihe existing literature, we explore the
impact of economic growth, energy consumption, pefan size, R&D, urbanisation,
globalisation (FDI and trade openness) and indals&ation on carbon emissions. For clarity
purpose, the literature is divided into the follagisegments: economic growth—carbon
emissions nexus, energy consumption—carbon emsssi@xus, population size—carbon
emissions nexus, R&D-carbon emissions nexus, wshBon-carbon emissions nexus,
financial development—carbon emissions nexus, ndlisation—carbon emissions nexus and
globalisation (FDI and trade openness)—carbon eomssexus.
2.1. Economic growth-carbon emissions nexus

Economic growth is argued to be the primary forebibhd the persistent increase in

global environmental pollution (carbon emissio$)e nexus between economic growth and
carbon emissions have been widely studied. Somelashare of the view that economic
growth has an adverse effect on the environmeninbyeasing carbon emissions (Grove,
1992) while others contend that economic growthdsessary to improve the quality of the
environment (Meadows, Randers, & Meadows, 1992)oMwg of the studies on the nexus
between economic growth and carbon emissions ishmmooted in the Environmental
Kuznets Curve (EKC) hypothesisThe EKC hypothesis assumes that an inverted Pesha
relationship exists between economic growth antbaraemissions. Thus, at the early stages
of economic growth, carbon emissions increase, dayond a certain level of economic
growth, carbon emissions reduces (Grossman & Help201; Grossman & Krueger, 1995;

Stern, 2004). Findings from the empirical studiestbe impact of economic growth on

! For literature on the nexus between carbon emissiod economic growth see the extensive literaureey
of (Dinda, 2004).



159

160

161

162

163

164

165

166

167

168

169

170

171

172

173

174

175

176

177

178

179

180

181

182

183

carbon emissions remain highly contentious. Foramse, Ahmad et al. (2017) studied the
nexus between economic growth and carbon emissior@roatia using ARDL and the
results reveal that inverted U-shape relation betwaarbon emissions and economic growth
in the long run and this supports the EKC hypotheEhe Granger causality based on the
VECM approach shows that bi-directional causalixysts between carbon emissions and
economic growth in the short run and unidirectionatisality from economic growth to
carbon emissions in long run.

For the case of Asia economies, Apergis and Oz20k5) employed the GMM to
examine the nexus between economic growth and abuossions. The results confirm the
validity of the EKC hypothesis. Similarly, Narayand Narayan (2010) used panel
cointegration technique to investigate the relaiop between economic growth and carbon
emissions for 43 developing countries and theidifigs confirm the EKC hypothesis in
Middle Eastern and South Asian countries while EC hypothesis was not confirmed in
Africa, East Asia and Latin America. Using GMM, Tammn and Bhaskara Rao (2010)
found that the EKC hypothesis exists in transiti@@nomies. In another study, Tamazian,
Chousa, and Vadlamannati (2009) found that econgnawth degrades the environment by
increasing carbon emissions. Additionally, Sterd @mmon (2001) and Stern (2004) found
that carbon emissions monotonically increases witbnomic growth, which does not
confirm the EKC hypothesis. Similarly, using GMM-RR, the empirical findings of
Acheampong (2018) revealed that economic growthaesl carbon emissions at the global
level and Caribbean-Latin America countries whilénas an insignificant effect on carbon
emissions for countries in sub-Saharan Africa, A&aaific and the Middle East and North
Africa (MENA). Using data from Malaysia, Sabooriyl&man, and Mohd (2012) revealed
that the EKC hypothesis exists. In China, Liu arae B2018) found that economic growth

increases carbon emissions.
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2.2. Energy consumption-carbon emissions nexus

The Kaya identity shows that one of the key factbe influence the evolution of
carbon emissions in the intensity of energy condionp(see Acheampong, 2018).
Additionally, the IEA (2018) report further suggeshat energy intensity is one of the two
drivers of carbon emissions, the other being caibhtensity. While global carbon intensity
declined less in 2017 than in 2016, the rate resnamilar to the average rate of
improvement in 2014-2016 — partly driven by ther@&asing expansion of renewables.
However, the slower improvement in the energy isitgrof energy demand in 2017 was not
sufficient to counteract the effect of higher eamnogrowth, leading to the increase in global
energy-related carbon emissions in 2017 (IEA, 20T&g empirical literature suggests that
energy consumption has an important impact on cagmissions. For instance, using data
from China, Zhang and Cheng (2009) reported thatggnconsumption increases carbon
emissions. Similarly, Shahbaz, Hye, Tiwari, and tdei (2013) reported that energy
consumption increases carbon emissions in Indonédso, using data from Kuwait,
Salahuddin, Alam, Ozturk, and Sohag (2018), revkét@t energy consumption increases
carbon emissions. Similarly, using data from 14 MEdbuntries, Omri (2013) reported that
energy consumption increases carbon emissions.skgrwon Bangladesh, Jahangir Alam,
Ara Begum, Buysse, and Van Huylenbroeck (2012) ntedothat energy consumption
increases carbon emissions. Similarly, Haliciod®009) reported that energy consumption
stimulates carbon emissions in Turkey. The rexfitBegum, Sohag, Abdullah, and Jaafar
(2015) also revealed that energy consumption séitasilcarbon emissions in Malaysia. Using
data from China, the empirical findings of Wu, Shé&mang, Skitmore, and Lu (2016)
revealed that energy consumption increases cannssens.

2.3. Population-carbon emissions nexus
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Population size, which refers to the total numbkmpeople living in a particular
country, has an important effect on carbon emissidn almost all climate models,
population size is the only demographic variablesidered (Zhu & Peng, 2012). In a
classical study, Birdsall (1992) argue that popafatize affects carbon emissions through
energy use and deforestation. Additionally, popatatsize could influence the scale and
structure of consumption and production, therelmraasing carbon emissions (Zhu et al.,
2012). The empirical findings of Zhu et al. (2012yvealed that population size has no
significant impact on carbon emissions but it igudation structure, population age and
household size that matter. Using data from 93 tms) the findings of Shi (2003) revealed
that population size is proportionally related he growth of carbon emissions. Using data
from Europe, Weber and Sciubba (2018) reported th@tpopulation growth rate has a
considerable effect on carbon emissions is Wediemope but has a negligible effect on
carbon emissions in Eastern Europe. Focusing olaydia, the findings of Begum et al.
(2015) revealed that the population growth raterfaasffect on carbon emissions. Using 128
countries, Dong et al. (2018) reported that popaasize contributes significantly to the
growth of carbon emissions.

2.4. R&D-carbon emissions nexus

Technological innovation is another important valea that influences the
environment (carbon emissions). Technological iration could be helpful in switching to
more sustainable sources of energy including rebksawhich could reduce carbon
emissions (Shahbaz, Nasir, & Roubaud, 2018). Shzalebaal. (2018) further argue that
innovation related to energy is more prone to ifice energy consumption and, hence,
carbon emissions, specifically energy innovatiortsctv are intuitively more relevant and
important for environmental quality. However, intraent in research and development

(R&D) is crucial for facilitating the promotion aéchnological progress, which could lead to

10
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greater efficiency in energy and the use of natweslources, thereby reducing carbon
emissions (Churchill, Inekwe, Smyth, & Zhang, 2010 the other hand, the positive effect
of R&D on economic growth and trade could increeashon emissions through the scale
effect of larger production associated with ecoromgrowth and trade liberalisation
(Churchill et al., 2019). In an empirical study,mazian et al. (2009) reported that R&D
contributes to the mitigation of carbon emissionsBRICS. The study of Churchill et al.
(2019) also revealed that R&D reduces carbon eamissin G7 countries. Using data from
France, Shahbaz et al. (2018) reported that R&Diribartes to the reduction of carbon
emissions. Fernandez-Fernandez et al. (2018) also data from the European Union (15),
the United States and China; their results revetilad R&D contributes to the reduction of
carbon emissions. Using data from China, ZhanggP&fa, and Shen (2017), R&D is
conducive for reducing carbon emission. On the rottand, Jiao, Jiang, and Yang (2018)
found that R&D generally increases carbon emissibagever, considering regional effects,
R&D reduces carbon emissions.
2.5. Urbanisation-carbon emissions nexus

Urbanization may also play important role in th@lation of carbon emissions. The
theoretical linkage between urbanization and emvitental quality has been discussed in the
work of (Poumanyvong & Kaneko, 2010) and (Sador€2844). Ecological modernization
theory, urban environmental transition theory aachgact city theory are the major theories
for explaining the impact of urbanization on theviemnment (Poumanyvong et al., 2010;
Sadorsky, 2014). The ecological modernization mheliscusses the impact of urbanization
on the environment at the national level while lditéer theories focus the impact at the city
level (Poumanyvong et al., 2010). The ecologicaldemnization theory argues that
environmental problems increase as society becamadernize and thereafter, seek to

address environmental problems at the advanced sfagconomic development. Thus, as a
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society makes transition from low-level of economevelopment to an intermediate level of
development, environmental problems increases; heryat the advanced stage of economic
development with efficient technology, urban aggéoation and knowledge spillover effect,

societies seek to minimize environmental problemshsas mitigating carbon emissions

(Gouldson & Murphy, 1997; Mol & Spaargaren, 2000umanyvong et al., 2010).

Similar to the ecological modernization theory, tndan environmental transition
theory also argues that environmental problemsdificross different stages of economic
development at the city level (McGranahan, 2010usl as cities become prosperous by
increasing production, environmental problems afsease; however, as cities become
wealthier or at the advanced stage of developnegvironmental problems reduce as results
of improvement in environmental regulation, teclogital progress and structural change in
the economy (Poumanyvong et al., 2010; Sadorski42®s ecological modernization and
the urban environmental transition theories arguebbth negative and positive effect of
urbanization on the environment, the net effectudbanization on the environment is
indeterminate (Sadorsky, 2014). On the other h#r& compact city theory focuses on the
positive externality of urbanization on the enviment. Thus, rapid urbanization help cities
to facilitate economies of scale for urban infrasture and these economies of scale reduces
environmental pollution (Poumanyvong et al., 2010)hus, high urban density helps to
reduce travel distance, car dependency, energyungeigon and carbon emissions (Burton,
2000; Capello & Camagni, 2000). However, some sthaigues that increasing urbanization
could result in traffic congestions and overcrovgdivhich will consequently increase energy
consumption and carbon emissions (Breheny, 200mRayvong et al., 2010; Rudlin &
Falk, 1999). Empirically, Poumanyvong et al. (20X6und that urbanization increases
carbon emission. Using data from emerging countri®adorsky (2014) found that

urbanization could either increase or reduce cadrorssions depending on the estimator.
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Using data from China, Wang, et al. (2016) repotteat urbanization contributes to the
growth of carbon emissions. Similarly, Zhang ana 2012) reported that urbanization
increases carbon emissions in China. Additionaléyng data from China, the findings of Wu
et al. (2016) revealed that urbanization increasbon emissions. Using data from 23
European countries, Al-Mulali, Ozturk, and Lean X8p found that urbanisation increases
carbon emissions. Liu and Bae (2018) further fotdmak urbanisation contributes to the
increased carbon emissions in China. Contrarilykhge and Othman (2017) found that
urbanization contributes to carbon emissions. Tiuether found that an inverted U-shaped
relationship exists between urbanization and cadrissions.
2.6. Financial development-carbon emissions nexus

Recently, research on the nexus between finaneialdpment and carbon emissions
has received interest among energy and environinecwaomists. It is argued that financial
development could reduce carbon emissions, astractg foreign direct investment and
further promotes research and development, whichuin enhance the quality of the
environment (Tamazian et al., 2009). On the otlaedh financial development could worsen
the quality of the environment by increasing carlmmissions. (Sadorsky, 2010, 2011)
argues that a developed financial system makessit ®r economic agents to have access to
cheap credits to purchase big-ticket items and mgheir existing plants, which increase
energy consumption, thereby increasing carbon émnissWhile it is argued theoretically
that the impact of financial development could eithmprove or worsens the environment,
the empirical findings remain ambiguous. For ins&mone category of empirical findings
report that financial development reduces carbois®ons (see Al-Mulali, Tang, & Ozturk,
2015; Tamazian & Bhaskara Rao, 2010; Tamazian.e2@09) while the second category
report that financial development simulates th@agh of carbon emissions (see Boutabba,

2014; Sehrawat, Giri, & Mohapatra, 2015; Shahb&amh@ad, Ahmad, & Alam, 2016). The
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third category of the empirical literature also gesfs that financial development has no
relationship with carbon emissions (see Dogan &@&kul, 2016; Maji, Habibullah, & Saari,
2017; Omri, Daly, Rault, & Chaibi, 2015).
2.7. Industrialisation-carbon emissions nexus

Industrialisation, which is a critical path to ecomc and social modernization, has a
significant impact on the environment. Industriatian refers to an increase in industrial
activity, and that rapid industrialization leadshigher energy usage because higher value-
added manufacturing uses more energy than doestidradl agriculture or basic
manufacturing (Sadorsky, 2013). In other wordsustdalisation promotes the rapid growth
of fossil fuel consumption and produces significantounts of carbon dioxide and other
greenhouse gas emissions (Li & Lin, 2015). Usintadeom China, Wang, Shi, Li, and
Wang (2011) reported that industrialisation incesasarbon emissions. Similarly, Liu and
Bae (2018) found that industrialisation increasesintensity of carbon emissions in China.
Using data from MENA countries, the empirical résubf Al-Mulali and Ozturk (2015)
revealed that industrialisation contributes to therease in carbon emissions. Using data
from China, Zhou, Zhang, and Li (2013) found thatustrialisation reduces carbon
emissions. The empirical results of Li and Lin (BPievealed that across all income groups,
industrialisation fuel the growth of carbon emissio
2.8. Globalisation-carbon emissions nexus

The role of foreign direct investment (FDI) andd@gaopenness on the environment
has been highly debated in the literature. Tradmpgss impact on the environment through
the scale effect, technique effect and composiétiact (Antweiler, Copeland, & Taylor,
2001; Ghani, 2012). The scale effect of trade opssmn the environment occurs through the
growth of the economy. Thus, the scale effect ssigg¢hat trade openness facilitate

economic growth which in turn result in higher carlemissions. Additionally, the technique
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effect suggests that trade openness promotes #msfeér of environmentally friendly
technologies which could result in reducing carlkamssions. According to the composition
effect, trade openness could affect the environrbogmhanging the structure of the economy.
In addition, FDI could improve or worsen environrtaguality. Studies on the impact of
FDI on the environment (carbon emissions) are deepbted in the Pollution-haven
hypothesis, Pollution-halo hypothesis and scalecefhypothesis (Pao & Tsai, 2011).
According to the pollution haven, FDI degradesdhality of the environment by increasing
carbon emissions. Thus, weak environmental reguiat a host country could attract the
inflow of FDI by multinational companies that arellption intensive, thereby increasing
carbon emissions (Shahbaz et al., 2018). Like thi@tpn-haven hypothesis, the scale effect
hypothesis also suggests that inflow of FDI could contributsignificantly to a host countries’
economic output, which in turn, increase carbonsemans (Pao & Tsai, 2011; Shahbaz et al.,
2018). The pollution-halo effect hypothesis als@gests that FDI could reduce carbon
emissions by increasing the spread the environrefii@ndly technologies.

Empirically, Acheampong (2018) found that trade ropess decreases carbon
emissions at the global level, Asia-Pacific, MENAdaSub-Saharan Africa countries.
Similarly, Shahbaz, Kumar Tiwari, and Nasir (20I8und that trade openness improves
environmental quality by reducing carbon emissionSouth Africa. Antweiler et al. (2001)
further reported that trade is important for impngy the quality of the environment by
reducing carbon emissions. Contrarily, Ren, Yuam, Eind Chen (2014) found that trade
increases carbon emissions in China. Using data free South Asian countries, Ahmed,
Rehman, and Ozturk (2017) found that trade opennessases carbon emissions. Focusing
on the impact of FDI on the environment, Shahbasrien, Abbas, and Anis (2015) found
that at the global level, FDI increases carbon sios. However, they concluded that the

impact of FDI on carbon emissions is sensitiverttome and regional groups. In France,
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Shahbaz et al. (2018) found that FDI increasesoraémissions. Similarly, Ren et al. (2014)
found that FDI increases carbon emissions in Ch®entrarily, using 19 of the G20
countries, Lee (2013) reported that FDI contribditethe reduction in carbon emissions.
3. Data and methodology
3.1. Dataset

The study used time series data which spans betd@&d-2015. However, to develop
accurate models, the study follows Shia, Shahbaa,Hamdi (2014) and Shahbaz, Hoang,
Mahalik, and Roubaud (2017) to use quadratic-supncgeh to convert the annual data from
low-frequency data to high-frequency data. Theesfajuarterly data between 1980Q1-
2015Q4 was used for the study. This period reptedebd4 quarters. Table 1 presents the
proxies for the variables and the justification gmlecting the input variables used for the
modelling. In selecting the input variables, thedst follows the literature on carbon
emissions to select the fundamental variables iffiience carbon emissions intensity.
Except for financial development, all the remainuagiables were sourced from World Bank
(2016). The financial development index was obthifiem the International Monetary Fund

(IMF)2 Table 2 also presents the descriptive statifticgariables.

? http://data.imf.org/?sk=F8032E80-B36C-43B1-AC26-8581CD33B
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Table 1. Variables for the study.

Variable Code Proxies Definitions Reference
Carbon CO, CO;intensity (kg per kg of Carbon emissions intensity is the volume
emissions oil equivalent energy use) carbon emissions due to economic
intensity activity/economic growth. It is also defined
as carbon emissions emitted per unit of
energy consumed.
Energy ENEF Energy use (kg of oil Energy use refers to use of primary ene@gstek and Sarkodie
consumption equivalent per capita) before transformation to other end-use (2019); Sarkodie and
fuels. Strezov (2018).

Financial FD
development

Foreign direct FDI
investment

Economic GDP
growth

The financial developmentFinancial development refers to the Shahbaz, Kumar Tiwari,
index is a broad-based increased flow of foreign direct investmeand Nasir, (2013);
measure which comprisesbanking and stock market activities. Tamazian and Bhaskara
bank-based and market- Rao, (2010); Tamazian et
based indicators of financial al. (2009).
development.
Foreign direct investment, Foreign direct investment is the net infloRen, Yuan, Ma and Chen
net inflows (% of GDP)  of investment to acquire a lasting (2014); Sarkodie et al.
management interest in an enterprise  (2019); Zhang and Zhou
operating in an economy other than that(@016).
the investor.
GDP per capita (constant GDP per capita is gross domestic produ&en Jebli, Ben Youssef
2010 USS) divided by midyear population. It is the sand Ozturk, (2016);
of gross value added by all resident Grossman and Krueger,
producers in the economy plus any prod(®95); Saboori, Sulaimi
taxes and minus any subsidies not incluéed Mohd (2012).
in the value of the products.

Industrialisation INDUSIndustry, value added (% dhdustrialization refers to an increase in Wang, Shi, Li and Wang

R&D R&D

Population POF

GDP) industrial activity. It comprises value add@f11);
in mining, manufacturing, construction,
electricity, water, and gas.
Trademark applications, The R&D covers basic research, appliediao, Jiang and Yang

total research, and experimental developmen(2018); Shahbaz, Nasir
and Roubaud, (2018).
Population, total Total population refers to theatmumber Zhu and Peng (2012)

of people living in a particular geographi
area. It is based on the de facto definitio
population, which counts all residents

regardless of legal status or citizenship.

Trade Opennes§ RAD Trade (% of GDP) Trade is the sum of exports amubis of Acheampong (2018); Re

Urbanisation URB

goods and services measured as a sharetddl., (2014)
the gross domestic product.

Urban population (% of  Urban population refers to people living iRoumanyvong and

total) urban areas as defined by natiostatisticakaneko (2010); Sadorsky
offices. (2014).
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Table 2. Descriptive statistics.

Count  Mean SD Min Max
Australia
ENER 144 5268.8320 423.9819 4533.5690 5971.2290
FD 144 0.6808 0.2168 0.2731 0.9657
FDI 144 2.4624 1.7497 -4.3786 7.8503
GDP 144 41787.9100 8398.9680 29725.5000 55179.3500
INDUS 144 25.5816 1.1295 22.3563 29.3606
R&D 144 37201.0600 18086.5500 12935.0600 73741.6600
POP 144 18800000.0000 2610000.0000 14600000.0000 000260.0000
TRAD 144 37.3866 4.7907 28.1058 46.2559
URB 144 16400000.0000 2540000.0000 12500000.0000 5000100.0000
Co, 144 3.1120 0.1100 2.8758 3.3627
Brazil
ENER 144 1084.3660 166.5520 870.0903 1494.8180
FD 144 0.4030 0.1575 0.1713 0.6273
FDI 144 2.0784 1.4981 0.0883 5.1136
GDP 144 9109.4750 1362.5440 7192.9950 11961.0800
INDUS 144 29.1012 8.1757 18.8637 43.1403
R&D 144 88282.5300 37664.9800 27442.0600 164319.700
POP 144 167000000.0000 25600000.0000 120000000.000207000000.0000
TRAD 144 21.2789 4.5309 14.2097 29.8731
URB 144 132000000.0000 29700000.0000 78200000.0000177000000.0000
CO, 144 1.5872 0.0987 1.3841 1.7763
China
ENER 144 1103.4160 518.0744 596.2954 2238.4880
FD 144 0.4056 0.1301 -0.0559 0.6458
FDI 144 2.9237 1.6337 0.2046 6.7016
GDP 144 2161.0150 1822.3990 345.7698 6642.6710
INDUS 144 44,9490 1.9043 39.8404 49.0031
R&D 144 430376.7000 543678.5000 18218.9100 22064086.
POP 144 1210000000.0000 120000000.0000 9770000mD.00 1370000000.0000
TRAD 144 36.8526 14.2636 12.0060 64.6305
URB 144 437000000.0000 174000000.0000 186000000.000 770000000.0000
Co, 144 3.0654 0.2692 2.4261 3.4830
India
ENER 144 414.3776 95.8066 283.4874 654.1635
FD 144 0.3230 0.0974 0.1857 0.4696
FDI 144 0.8444 0.9051 -0.0012 3.7726
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399

400

401

402

403

404

405

GDP
INDUS
R&D
POP
TRAD
URB
CO,
USA
ENER
FD

FDI
GDP
INDUS
R&D
POP
TRAD
URB

CGC,

144
144
144
144
144
144
144

144
144
144
144
144
144
144
144
144
144

818.1663

28.7170

80968.1400
1010000000.0000

28.9482
282000000.0000

2.1817

7562.8570
0.7201
1.2952
41135.7900
20.9829
195258.0000
274000000.0000
22.9258
214000000.0000
2.4977

392.8301
1.4005
70535.7400
186000000.0000
14.8495
79600000.0000
0.3280

351.4622
0.1951
0.7862
7427.4450
0.7909
99127.9600
29400000.0000
4.3746
30000000.0000
0.0563

382.6152 1805.4140
25.9435 31.7937
14350.7800 3005598.900
6910000m.00 1310000000.0000
12.2991 56.5884
159000000.000@32000000.0000
1.5424 27770
6692.1100 8074.1540
0.2862 0.8938
0.2494 3.7214
28281.2400 52366.9900
18.9394 23.4137
45927.1300 389988.50
226000000.000822000000.0000
16.4905 31.2702
167000000.000@63000000.0000
2.3631 2.6313

3.2. Methodology

3.2.1. Artificial neural networks

The study aims to develop models for predictingaisting carbon emissions intensity
for high carbon-emitting countries such as Ausarairazil, China, India, and USA. ANN is
employed and incorporated in the proposed theadeftiamework of the model as shown in
Fig. 1a. The diagram (Fig. 1a) generally depicesphbssible relationship connecting nine (9)

determinants (inputs) of GGmission intensity and G@mission intensity (output) for the

selected countries.

-

Inputs

Determinants of C®
N emission intensity

Artificial Neural
Network

Output

CO, emission intensi

Fig. 1a. A predictive model of C@mission intensity.
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Artificial neural networks (ANNSs) are data procegssystems that mimic the way data is
processed in the human brain (Boateng, Pillay, &&&019). An ANN is made up of input,
hidden, and output layers which consist of numemmegessing components called neurons
(Boateng et al., 2019). The neurons process tteeatdat feed forward to the subsequent layer.
These neurons are connected by corresponding ietegeen layers. On each connected link
is a numeric weight. ANNs can automatically adjhsir weights to enhance their behaviour,
unlike statistical models (Boussabaine, 1996). &pproach adopted in ANN does not
require prior expertise in computer programmingd&velop and compute solutions as
required in other numerical solutions (GhritlahrePg&asad, 2018). A problematic issue in
statistical model development is multicollinearitg., the high degree of correlation among
independent variables, which is much better dedh mm ANN because the assumption of
independent variables being uncorrelated is noeniBetienne, Detienne, & Joshi, 2003).

Moreover, statistical tools cannot deal effectiveith nonlinearity while ANNs are
inherently nonlinear nonparametric models that daal with indefinable nonlinearity in a
straightforward manner (Detienne et al., 2003).0AIBNNs are especially suitable to find
solutions for problems that have fuzzy informatéord are highly complex where individuals
usually make decisions on an intuitional basis ((@&re & Prasad, 2018). Besides, unlike
most statistical approaches, ANNs do not need fireste mathematical equations of the
relationship between the model inputs and corredipgnoutputs (Shahin & Elchalakani,
2008). These enable ANNs to overcome the limitatioh existing modelling methods.

Despite the differences between ANNs and statisapproaches, both techniques can be
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combined into a solid and powerful methodologicHdtfprm (Karlaftis & Vlahogianni,
2011). This is because ANN is like a ‘black box'dahence lacks self-explanation. As
expressed by Alaka et al. (2018 p. 173), ‘the nameurate the tool, the less transparent the
result.” Consequently, statistical approaches suash descriptive statistics are often
incorporated to produce explanatory results thatezesily be interpreted and understood.
ANN has become a popular and useful tool for mauglaccurate predictions to solve
complex and nonlinear problems in diverse industianains. Many researchers have used
ANN in the field of energy utilization and convesisystems for performance predictions
(Kalogirou, 2000), solar radiations predictions @ga & Chandel, 2014), length of stay
predictions on post-coronary care units (Mobleyadige, & Davidson, 1995), bankruptcy
predictions (Adnan Aziz & Dar, 2006), and performmanprediction of solid desiccant
dehumidifier cooling methods (Jani, Mishra, & Sah2617). However, the application of

ANN in environmental economics is quite rare.

3.2.2. Optimal model selection

The performance of a neural network model primatidpends on the architecture of the
network and the tuning of various parameters. Ely.illustrates a robust process used in
selecting the optimal predictive models for theefisountries. Details of the whole process

are explained in the proceeding sections.
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v
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Run simulations on each case, ke the model trails
20 times to extract weights and biagses contain the
population mean

Select model trails
which contains the population
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Calculate confidencq
intervals for each cas

Select model trails with
negligible/low MSE and MAD

\ 4

Select the optimal model with the
sample mean closer to the populatien
weight mean

449

450  Fig. 1b. Flowchart of optimal model selection.
451  Source: Authors’ construct.

452  3.2.3. Development of ANN models

453 Due to the severe computations on the high dimeatidata when training the ANN,
454  features of the data set are scaled using stazdsiah (sang and normalizationyfoem) On
455 the inputs and output data respectively (Boatengalet 2019). In normalization, the

456  observations range from<Oy,,m< 1 to increase the rate of training the networknéég the
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output variable (C@intensity) is normalized for each country, aaiitlier facilitates the use

of the sigmoid function for the output layer. Notimation is expressed in Eq. (1):

y-min(y)
max(y)-min() (1)

ynorm -

Wherey is the observation for the parameter, mirdnd max(y) is the minimum and

maximum observations respectively. Standardisat@xpressed in Eq. (2):

Xstand = % (@)

Whereyu is the mean of the observations for the paranatds is the standard deviation
of the observations for the parameter. Standardis&nds to centre the input values towards
zero (0). Standardising the input data into a keasey of variability would likely aid the
effective learning of the neural network while imaping the numerical state of the
optimisation problem (StatSoft Inc., 2008). Thu=slsg the data eliminates any instances of
one variable dominating the other (Boateng et28l19). The 144 observations for individual
countries (Australia, Brazil, China, India, and US#ere randomly split into training and test
sets to ensure the reliability of the results auae. 80% (115 observations) of the data set
were used for training the model, while the remagn20% (29 observations) were used to
validate the model. Similar data ratio has beenmonly used in previous studies (see
Abidoye & Chan, 2018; Lam, Yu, & Lam, 2008; Morarfi@jani, & Torre, 2015).

Afterwards, a multi-layer perceptron (MLP) with Bggropagation (BP) is selected to
achieve the optimal performance of the ANN moddlPMs the most commonly used neural
network (Ghaedi & Vafaei, 2017; Pérez-Sanchez, éidatRomero, & Guijarro-Berdiias,
2016). The BP algorithm was selected as the legraigorithm. The BP algorithm is often
used to iteratively minimize the cost function ceming the interconnection weight and
neurons thresholds (El Kadi, 2006; KartalopouloK&rtakapoulos, 1997). Therefore, the

MLP with a BP algorithm can approximate any conins! function to meet the desired
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accuracy (Patel & Jha, 2015). The sigmoid functwhich ranges from 0 to 1, was selected
as the activation function for the output layer Mtihe rectifier function (ReLU) was used as
the activation function for the hidden layer tofpem efficient computations. Currently, the
ReLU is the most popular activation function foegeneural networks (LeCun, Bengio, &
Hinton, 2015) while the sigmoid function is the mpspular activation function for ANNs
(Alvanitopoulos, Andreadis, & Elenas, 2010). Thgnsoid and rectifier functions are defined

as Egs. (3) and (4) respectively;

1
1+e™Y

05(y) = 3)

0,-(x) = max(0,x) (4)

Where 6,(y) is the sigmoid functiong, (x) is the rectifier function, an@~ is the

exponential function.

4. Resultsand discussion
4.1. Training of models

In training the neural network, the selection af thidden layer neurons is crucial to the
performance of the model (Boateng et al., 2019 ®btimum number of hidden layer
neurons generally has to be found using a trial @nor approach (Maier & Dandy, 2001).
However, some general guidelines may be followedchttNielsen (1987) suggests the
following upper limit for the number of hidden layeodes in order to ensure that the neural
network can approximate any continuous functiore Tpper limit of the number of hidden

layer nodes is calculated using Eq. (5):

Nt <2N'+1 (5)
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WhereN" is the number of neurons in the hidden layer Nhds the number of input
parameters. For this present study, with nine (@ui parameters, the upper limit of the

number of neurons in the hidden layer is givenan (B) and (7):
N*<2(9)+1 (6)

Nt <19

(7)

From this, the number of hidden layer neurons shoot be more than 19. However, in
order to ensure that the network does not ovdrétttaining data, the relationship between
the number of training samples and network size alseds to be considered (Maier &
Dandy, 2001). Overfitting is where the model parierwell on the training data but poorly
on the test/validation data, and underfitting isesvehthe model performs well on the test data
and poorly on the training data. Rogers and Do@&94) recommend the following upper

limit for the number of hidden layer nodes to ggtike above criteria using Eq. (8):

NtT
Nt < —
Ni+1

(8)

Where N is the number of training samples. Consequentlg, upper limit for the
number of hidden layer neurons may be taken asrtradler of the values fa¥" obtained
from the two formulas. For this present study, wiitb training samples, the upper limit of

the number of hidden layer is given in EqQ. (9) §10);

Nh <122 (9)

9+1
N" <11.5~12 (10)

From this, the number of neurons in the hidden risgfeould not be more than 12.

Consideration should be given to the selectiorhefttidden layer neurons since it affects the
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architecture of the network as well as the accurdtythe network architecture is too

complex, overfitting may occur, and if the architee is too simple, the preferred estimate
skill may not be achieved (Hippert, Pedreira, & &9u2001). From experimentations and
practice, the problem could be argued as triviaker&fore, the hidden layer neurons required

in an MLP with a single layer could further be detmed using a simplified formula, Eq.

(11):

Nh = N‘:N" (11)
NP = 9:_1 _ (12)
N" = 5 Hidden layer neurons. (13)

WhereN°? is the number of output parameters. From the caoatipn, five (5) neurons in
the hidden layer were deemed optimal in configuthreyneural networks for this study. As a
result, a 9-5-1 MLP with BP was sufficient to penfothe necessary predictive capabilities
with a minimal/negligible error. Fig. 2 illustratése configuration of the three-layer feed-

forward MLP.
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Fig. 2. Configuration of the developed neural nekn(@-5-1).

At this stage, a stochastic gradient descent bagakiapplied to the entire neural network
to find the optimal weights. The 9-5-1 MLP for earduntry is trained a number of times to
update its weights after every 5 observations. Sthehastic gradient descent is initialized to
improve the accuracy and minimize the loss oventim@ous rounds (Boateng et al., 2019).
During the training of the neural network, theres@ne randomness involved because at the
start of training the weights would be randomlytialized. This sort of randomization results
in different results at various iterations. To amsstable results (reproducibility) each time
the weights are initialized, a robust approachmpleyed by conducting repeated evaluation

experiments (Boateng et al., 2019). In this apgrpaach case is run at least 20 times with
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different random weights at the start and thenrttean is taken to calculate confidence
intervals (Cls). The accuracies, means, standarititens (SDs), standard errors (SEs), and
intervals are evaluated to estimate the skill @& #tochastic model at a 95% confidence
interval while simultaneously checking the meanasgd errors (MSES) on both the training
and test sets. The MSE metric is used since ielig glosely related to the forecast accuracy.

The MSEs are determined using Eq. (14):
MSE = Z?:l(ya - yp)z (14)

Where n is the number of input data (i = 0, 1,,24,3...n),y, andy, are the actual and
predicted CQ intensities respectively. For each country, thenpoted MSE on both the
training and test sets are presented in AppendbteTka - le. Coefficient of determination
(R was further computed for each trial on the act(iaHependent) and predicted
(dependent) C@intensities for each country. Theé Renotes the ratio of the change in the
output parameter that is predictable from the inarameter. The Reoefficient ranges from
0 to 1, and a coefficient close to 1 depicts arelswt performance. Rs determined using

Eq. (15):

n _ 2
RZ — 1 _ ZL=1(3’a Y_p)z (15)
Z%l:l(ZVa_ZV)

Wherey is the mean of the GOntensities. R for each trial in each country is presented
in Appendix Table la - le. After 20 simulated modeéals for each country, the Cls are
presented in Fig. 3a — 3e. For Australia, except1f® and 18 runs, the remaining runs
contain the population weights mean (see Fig. 3alevior Brazil, except the8and 4" runs,
the remaining runs contain the population weightmam(see Fig. 3b). For China, except the
1% 13", and 19 runs, the remaining runs contain the populatioights mean (see Fig. 3c).

For India, except the®1 2", 39 and 1% runs, the remaining runs contain the population
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weights mean (see Fig. 3d). Lastly, for USA, exaept3® and 4" runs, the remaining runs

contain the population weights mean (see Fig. Bg)eliminating the runs that could not

contain the population weights mean, random effactsavoided to ensure reproducibility of

results.
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The CQ intensities resulted from the various iteratioosdach country is denormalized
to obtain the original and predicted gtensities. Denormalisation is computed using Eq.

(16);

y = ynorm(max()’) - min(y)) + min(y) (16)

Further, for all countries mean absolute deviatidMADs) were computed after
denormalization. Trials with negligible/low MSEs catMADs were selected for further
evaluation. The MADs are presented in Appendix &dhl - le. The MADs for Australia
ranges between 0.01054 to 0.01649; 0.01227 to 0D&F Brazil; 0.01536 to 0.03093 for
China; 0.00919 to 0.03652 for India and 0.004580103976 for USA. The MADs are

determined using Eq. (17):
1
MAD = ;Z?:l |Ya — ypl (17)

The optimal models for each country were finallyested based on the run with the

sample weight mean closer to the population weigigan with negligible MAD and MSE.
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Using this criteria, the 1Brun for Australia (SE = 0.05641, MAD = 0.01193, EIS, =
0.01090, MSEs:= 0.01020), the Arun for Brazil (SE = 0.06544, MAD = 0.01345, MSE

= 0.00570, MSEs; = 0.00420), the M run for China (SE = 0.06433, MAD = 0.01536,
MSEqain = 0.00330, MSEgs = 0.00330), the 1% run for India (SE = 0.06480, MAD =
0.00919, MSEain = 0.00045, MSEg = 0.00042), and the"6run for USA (SE = 0.06124,
MAD = 0.00458, MSkE,i, = 0.00440, MSE = 0.00530) were selected (see Appendix Table
la — le). This indicates how precise and closevtbgght points tend to approach/converge at
the true population weights mean with the giveradBbateng et al., 2019). Table 3 presents

the selected models and their confidence limits.

Table 3. Selected models and their confidencedimit extracted weights.

Country Run  Lower limit* Upper limit* Mean Ran

Australia 18  -0.124120166  0.097003346  -0.01355841 -0.029038403
Brazil 11" -0.114179821  0.142364429  0.014092304 -0.006875717
China 11th  -0.132262709  0.119915949  -0.00617338 00AB79938
India 18" -0.132083021  0.121917025 -0.005082998  -0.00477271
USA 6" -0.101997647  0.138054655  0.018028504 0.011375343

*95% confidence interval, Ra= population mean

The R for each selected model in individual countriee ahown in Fig. 4a — 4e.
Australia, Brazil, China, India, and USA achieveakefficients of 0.8011, 0.9139, 0.9521,
0.9944, and 0.8721 respectively. The highvBlues indicate how well the 9-5-1 MLP with
BP models fit the data. Therefore, there are stragigtionships between the developed

models and the output variables for each country.

32



3.35
33 oo . °
Do | e °
£ 3.25 o o
5 o .
£
©315 e
o
Tg 3.1 PR .
2 e 00%® y = 0.8472x + 0.46
2305 o R2=0.8011
o e )
3 (3
2.95
3 3.05 31 3.15 3.2 3.25 33 3.35
Predicted CQintensity
615
616  Fig. 4a. Scatter chart of actual and predicted D@nsities.
Brazil
1.8
1.75
. [ J
2 17 > e
2 1.65 o'”
2 16 PO
e L I
0'1.55 e 9-& ¢
O 8
= 15 e
2145 P X y = 0.8934x + 0.1724
< 14 R2=0.9139
1.35
1.3
1.3 1.4 1.5 1.6 1.7
Predicted CQintensity
617
618  Fig. 4b. Scatter chart of actual and predicted @@nsities.

Australia

33

3.4

1.8



619

620

621

622

Actual CG, intensity
N N N w w w
N o o w N M O

N
[N

2.2

China

Fig. 4c. Scatter chart of actual and predicted @©@nsities.

Actual CG, intensity
AN NN
o ©® N N »dM o ®

=
N

1.4

)
. .0
oo
0q 0"
» 8% y=009463x+0.1543
R2=0.9521
>
Lo
N
]
2.4 2.6 2.8 3 3.2 3.4
Predicted CQintensity
India
Py
.®
13
oe.
o®
o
--'..‘..
L@ y = 0.9769x + 0.0531
.o0® R2 = 0.9944
...
1.6 1.8 2 2.2 2.4 2.6

Predicted CQintensity

Fig. 4d. Scatter chart of actual and predicted @@nsities.

34

3.6

2.8



623

USA
2.6
Y
> 255 . o
2 e
o) Q.
E 25 Y .‘"
o .
9 245 e y =0.9851x + 0.0359
s ° R2=0.8721
g | e °
< 24 oo o o
2.35
2.35 2.4 2.45 25 2.55 2.6

Predicted CQintensity

624  Fig. 4e. Scatter chart of actual and predicted D@nsities.

625 The MSE values on both the training and test sedsilistrated in Fig. 5. The MSE
626  values for each case are approximately Zero (O affirms that the developed models are

627  sufficient to perform the necessary computatiorth wiinimal or negligible forecasting error.
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629  Fig. 5. Regression metric scores.
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4.2. Validation of the ANN models
With 29 test samples, the 9-5-1 MLPs were emploiegredict the C® emission

intensities from the 9 input parameters. Absolweiaions (ADs) were computed to validate
the models. The AD is equal to the positive praparof the difference between the actual
(Ya) and predicted ¢ observations to the actual observatios) @f the model (Patel & Jha,
2016). AD for Australia ranged from 0.000128408 @d37267504, 0.000544838 to
0.039480646 for Brazil, 0.000551518 to 0.0474913f@® China, 0.000404588 to
0.028095168 for India, and 0.00024287 to 0.03549618JSA (see Appendix Table lla —
lic). The range of ADs shows that the trained maslelapable of forecasting the intensity of
CO, emissions for each country. Fig. 6a — 6e showatteal CQ emission intensities versus

the predicted C@emission intensities from the 29 test samplesr{gts for each country.

Australia
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Fig. 6a. Actual versus predicted gidtensities.
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658  Fig. 6d. Actual versus predicted giDtensities.
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660 Fig. 6e. Actual versus predicted gidtensities.

661 5. Closed-form formulafor predicting CO, emission intensity

662 For the purpose of environmental policymakers amtbultants, a simplified closed-form
663 EQ. (18) and (19) can be used for predicting thensity of CQ emission. The closed-form
664  equations need the values of the inputs, weighteeofinks between the neurons in different

665 layers, and the biases of the output and inputamsu(Patel & Jha, 2015; Tadesse, Patel,
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Chaudhary, & Nagpal, 2012). The closed-form fornaiasented in this study is suitable for
use where the activation function for the outpyetas the sigmoid function. The outpDt
from Fig. 2 can be obtained from computing Eq. @®&J (19). Where Eq. (18) is the formula

for predicting the output (carbon emission intgnsit

1
01 == ho (18)

w
, k,1
—| biasg+Y} _  —7—
( 0 k—11+e—Hk>
1+e

Wherer is the number of hidden neurons respectivielgs, is the bias of the output layer
neuron;w,’c‘,‘i is the weight of the link betweety, andO;. Eq. (19) is used for calculating the

kth hidden layer neuron.
Hy = X_, w/k X I + biasy (19)

Whereq is the number of the input parametdrgs is the bias of thé&th hidden layer
neuron Hy); W]”,ﬁ the weight of the link betwedpandHy. For each country, the weights and

biases are presented in Tables 4a — 4e.

The closed-form expression can be used to predist €nission intensity based on the

previous input values. An illustrative example &rbnstrated afterwards.

Table 4a. Weight values and biases for neural n&tgAustralia).

Number of hidden layer neurok) (

Link Weight/bias

2 3 4 5

wit 0.480 -0.677 -0.371 0.582 -0.750
wiht -0.026 0.326 0.018 -0.312 -0.252
wilt -0.216 0.228 0.126 -0.265 0.180
wih -0.183 0.529 -0.179 -0.385 0.457

Input to hidden layer w;flk 0.262 0.220 -0.314  0.401 -0.089
wih -0.500 0.486 -0.419 -0.229 0.532
wilt -0.304 0597 -0.397 0.190 -0.088
wil 0.039 0.171 0210 0527 -0.194
wilt 0.029 -0.347 0225  0.314 -0.619
bias -0.036 0.298 0.002 -0.195 0.022
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Hidden layer to output wig -0.971 -0.363 0.452 0.276 0.786
bias, -0.161
Table 4b. Weight values and biases for neural nét\@razil).
Link Weight/bias Number of hidden layer neurok) (
2 3 4
wit 0.237 0.538 -0.358 -0.035 0.549
wit -0.459 -0.651 0.299 -0.376 0.210
wit, -0.330 0.848 0.196 -0.739 -0.592
wit 0.197 0.074 -0.873 0.250 -0.022
Input to hidden layer W;:'flk 0.208 0.067 -0.346 0.650 -0.307
wit 0.046 0.313 0.165 -0.303 -0.557
W;'?lk 0.033 -0.466 0.181 -0.338 -0.505
W;jlk 0.178 0.238 -0.234 0.033 -0.254
W;f;{ 0.538 -0.315 0.054 0.030 -0.145
bias, -0.352 0.032 0.268 0.070 0.024
_ whe 1.062 1.148 1.091 -0.552 0.028
Hidden layer to output L
bias, -0.236
Table 4c. Weight values and biases for neural nét\{@hina).
Link Weight/bias Number of hidden layer neurok) (
2 3 4
wit 0.240 -0.147 -0.552 0.645 0.384
Wzi?lk 0.265 -0.026 0.316 0.491 0.498
Wé%lk 0.299 -0.266 -0.657 -0.462 -0.549
wit 0.349 -0.484 -0.777 -0.649 0.522
, wih 0.847 0.285 -0.183 0.724 0.196
input to hidden [ayer wit 0294 0359 0501  -0.101  0.200
wit 0.128 -0.636 0.177 -0.348 -0.403
wilt -0.172 -0.959 0.373 0.505 -0.301
wih, -0.167 -0.751 -0.273 -0.383 0.507
bias, 0.158 -0.222 0.097 -0.324 -0.190
_ whe 1.064 -0.727 0.867 -0.484 0.190
Hidden layer to output _'
bias, 0.044
Table 4d. Weight values and biases for neural nét@radia).
Link Weight/bias Number of hidden layer neurok) (
2 3 4
wit -0.497 0.383 -0.468 0.626 -0.253
. Wzi}lk -0.508 0.130 0.180 -0.467 0.775
Input to hidden layer wit 0237 0063 0794 0218 0410
wit 0.132 0.460 0.011 0.234 -0.154
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wih -0.264 0.359 -0.503 -0.316 0.355

wih 0.016 0.284 0.228 -0.541 -0.139

wil -0.326 0.229 -0.919 -0.329 0.240

wil 0.344 -0.142 -0.167 0.238 -0.709

wih -0.772 -0.250 0.061 0.381 -0.125

bias, -0.169 0.134 -0.307 0.267 0.427
_ w9 -1.091 0.149 -0.490 1.296 0.342

Hidden layer to output L
bias, 0.122

687
688 Table 4e. Weight values and biases for neural né&t@dSA).
Number of hidden layer neurok) (

Link Weight/bias

1 2 3 4 5
wilt 0.299 0.671 -0.756 0.075 -0.057
win -0.168 -0.370 -0.374 -0.255 0.183
wit, 0107  -0.646  -0.148  0.657  0.563
wilt -0.436 -0.319 0.305 -0.864 -0.037
Input to hidden layer W%flk 0.348 0.161 -0.263 -0.547 -0.244
win -0.155 0.461 -0.231 -0.066 -0.098
wilt 0548 0712 0486  -0.585  0.253
Wg}k 0.574 -0.587 0.211 -0.080 -0.238
wilt 0.189 0.582 0.709 -0.060 -0.034
bias, -0.036 0.298 0.002 -0.195 0.022
_ whe -0.427 0.359 -0.004 -0.380 -0.214
Hidden layer to output L
bias, -0.305
689
690 lllustrative example
691 For practical purpose, we demonstrate how to ueeattove closed-form formula for

692  predicting/forecasting carbon emission interfsitysing India as an illustration, consider the
693  nine input parameters;(to o) for determining the C@emission intensity for 2011Q4 (Table
694 5). The CQ emission intensity for the next quarter (2012@%)may be obtained by the

695 following steps:

696 Table 5. Input values and the output value for Zp4,1india.

Period 2011Q4 (destandardised) 2011Q4 (standajdised
Energy consumptiofi,) 586.5490144 1.797073524
Financial developmert,) 0.405568259 0.847736897
Economic growtKls) 1.905736931 1.583596755

® Following the steps used for the illustration, a@ predict for the remaining countries (AustraBaazil,
China and the USA) by substituting the weightssésand values of the input variables for respecbuntries
into the closed-form formula.
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Foreign direct investmeif,) 1440.250772 1.172634771

Industrialisation(ls) 30.00708424 0.921162953

Technology(lg) 198210.5313 1.662170004

Population(l-) 1253238699 1.307734943

Trade openneqss) 56.58837488 1.861353516

Urbanisatior(lg) 393609283.8 1.402126680

CO, emission intensityO) 2.583927266 0.843589044*
CO, emission intensity for 2012Q1 vy, O?

697 Note: *normalised, destandardisatian= (X qnq* 0) + U

698 Step 1. Insert the standardised values of the ipptameters (Table 5) and weights and
699  biases of input to the hidden layer (Table 4d) an @9) to computél; to Hs as given in Eq.

700 (20) - (24).

701  H, = (-0.497, - 0.508, - 0.2375 + 0.132, - 0.2645 + 0.016¢ - 0.326, + 0.3445 - 0.772) - 0.169 (20)
702 H,=(0.383; + 0.130, + 0.063; + 0.460, + 0.3595 + 0.284¢ + 0.229 - 0.142, - 0.250,) + 0.134 (21)
703 Hs=(-0.468, + 0.180, + 0.794; + 0.011, - 0.503; + 0.228; - 0.919, - 0.1675 + 0.061) - 0.307 (22)
704 H,=(0.626, - 0.467, + 0.2185 + 0.234, - 0.3165 - 0.541¢ - 0.329; + 0.238; + 0.381) + 0.267 (23)
705  Hs=(-0.253; + 0.775, + 0.410; - 0.154, + 0.3535 - 0.1395 + 0.240- - 0.709 - 0.125,) + 0.427 (24)

706 The values ofH; to Hs are obtained as -2.047745743, 2.05904476, -1.Z788%H -

707  0.972341664, and 0.012887535, respectively.

708 Step 2. Insert the values Bi; to Hs and the weights and biases of the hidden to output
709 layer (Table 4d) in Eq. (18) as given in Eq. (Zbje value of the predicted outp@¥ is

710  0.756145926.

1
711 01 - 1.091 0.149 0.490 1.296 0.342 (25)
-(0.122 - —H —I5 — i —1
1+e 1+e~ 1 14e7H2 14773 14+e774 14e7 75

712 Step 3. The value obtained from Eqg. (25) is thenadzed value \orm). EQ. (16) is used

713  to denormalizéd, as given in Eq. (26):

714y, = 0.756145926(2.777034539 — 1.542419792) + 1.542419792 (26)
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The actual C@intensity §,) for 2012Q1 is 2.6430 and the predicted@@ensity(y,) for

2012Q1 is 2.4760. The AD for this forecast is 0263

6. Sensitivity analysis

Sensitivity analysis is conducted to identify theemt to which each input variable
contributes to the intensity of carbon emission®Australia, Brazil, China, India, and the
USA. To conduct the sensitivity analysis, the R&mank Correlation Coefficient (PRCC)
between carbon emission intensity and each inpglve is calculated for each country. Fig
7a-7d depicts the normalised sensitivity weighea€h input variable for each country. Fig.
7a shows that in Australia, R&D has the highestsemity weight, followed by economic
growth, financial development, foreign direct inmeent and urbanisation. As depicted in Fig
7a, the PRCC results show that R&D (0.1409), econogmowth (0.0752), financial
development (0.0747), foreign direct investmen®469) and urbanisation (0.0282) increase
carbon emissions intensity while energy consump(Or3165), industrialisation (-0.1125),

population (-0.0835) and trade openness (-0.03&@luae carbon emission intensity in

Australia

0.2 0.1409

0.1 0.0747 o 00752
- ’ 0.0282
<
2 9
o}
= ener fd fdi gdp indus R&D [pop trad urb
z ., -0.0311
s 0l -0.0835
= -0.1125
g 0.2
(99}

-0.3

-0.3165
-0.4

Input variables

Australia.

Fig. 7a. Sensitivity analysis of G@mission intensity determinants.
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Fig 7b indicates that in Brazil, urbanisation Hae lhighest sensitivity weight followed by
R&D, energy consumption and financial developm®®RCC results show that in Brazil (see
Fig.7b), urbanisation (0.4791), R&D (0.3686), eryeopnsumption (0.2526) and financial
development (0.1491) increases carbon emissioaasity while population (-0.4956), trade
openness (-0.3145), industrialisation (-0.3094pneenic growth (-0.2176), population (-
0.0835) and foreign direct investment (-0.0991)tebuate to reduction in carbon emission

intensity.

Brazil
0.6
0.4791

0.4 0.3686
- 0.2526
5 0.1491
=
>
£ o0
Zg ener fd fdi gdp indus R&D pop trad urb
§ 0.2 -0.0991
@ 0.2176

04 -0.3094 -0.3145

06 -0.4956

Input variables

Fig. 7b. Sensitivity analysis of G@mission intensity determinants.

In China, as depicted Fig 7c, population size hashighest sensitivity weight followed
by economic growth, energy consumption, trade opssnindustrialisation, and financial
development. The PRCC results as shown in Fig. htaws that population (0.7053),
economic growth (0.6047), energy consumption (2»82rade openness (0.4625),
industrialisation (0.276) and financial developméni2055) are the forces behind carbon
emissions in China while urbanisation (-0.6716), R&-0.3021) and foreign direct

investment (-0.3094) reduce the intensity of carborissions.
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Fig. 7c. Sensitivity analysis of G@mission intensity determinants.

For India, Fig 7d shows that energy consumption th&s highest sensitivity weight
followed by foreign direct investment, populati@md economic growth. As depicted in Fig.
7d, the factors responsible for the growth of carlemission intensity include energy
consumption (0.8558), foreign direct investmen6286), population (0.4636) and economic
growth (0.1177) while financial development (-0.220R&D (-0.3814), industrialisation (-
0.3526), urbanisation (-0.334) and trade opennds4274) contribute to the reduction in

carbon emission intensity.
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754  Fig. 7d. Sensitivity analysis of G@mission intensity determinants.

755 For USA, urbanisation has the highest sensitiviigight, followed by foreign direct
756  investment, economic growth and R&D (see Fig 7a). Fe shows that the factors
757  contributing to the rise of carbon emission intgngn USA include urbanisation (0.4541)
758  energy consumption (0.3211), foreign direct invesitn(0.2044), economic growth (0.1504)
759 and R&D (0.0667) while trade openness (-0.4261)pugation (-0.4025), financial

760  development (-0.3599) and industrialisation (-0&)a®duces carbon emission intensity.

USA
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761  Fig. 7e. Sensitivity analysis of G@mission intensity determinants.
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The results from the sensitivity analysis revedlet each of the input has an important but
different influence on the intensity of carbon esioss of the countries considered.
Therefore, carbon emissions models that tend toreythese variables could result in the

underestimation of the actual carbon emission sitgn
7. Conclusion and policy implications

The applicability of the artificial neural netwolNN) technique for predicting CO
emission intensity was evaluated for Australia,ZtlyaChina, India, and USA. The type of
neural network used for each country was the feeddrd multi-layer perceptron (FFMLP).
A stochastic gradient descent with the backpropagatigorithm was employed to train the
networks over several iterations. The 9-5-1 FFMLd&k® into account energy consumption,
financial development, foreign direct investmentomomic growth, industrialisation,
technology, population, trade openness, and urbaaiz scores of the selected countries.
Five ANN models were developed with 115 quarterd aalidated on 29 quarters for the
prediction of CQ emission intensity for the five countries. Theutesof this study are very
promising and showed good generalization. The ptediversus actual values indicate
negligible or approximately zero errors for the ABAD, MSE, SD, SE, and ME along with
higher coefficients of determination{Rf 0.80 for Australia, 0.91 for Brazil, 0.95 for DA,
0.99 for India, and 0.87 for USA. This study does only proposes a novel ANN technique
for predicting CQ emission intensity but also presents a closed-fewtation for predicting
CO, emission intensity for Australia, Brazil, Chinagdla, and USA with insignificant
forecasting deviations. Software developers coutt aise the closed-form solution, the
model architecture, and the extracted weights aaskb of each parameter to develop & CO
emission intensity application on various platforfs the five countries using any

programming language.
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As a machine learning (ML) technique, the developddN models overcome the
limitations of statistical approaches and are y@actical to use. Due to the stochastic nature
of neural networks, this study further proposestaust methodology in selecting an optimal
model for stable reproducibility of results. The WNnodels presented in this study have
been validated and reliable to predict the growtlC®, emission intensity for Australia,
Brazil, China, India, and USA with negligible foesting errors. Additionally, the results
from the sensitivity analysis revealed that for #alsa, R&D has the highest sensitivity
weight while for Brazil and the USA, urbanisatioashthe highest sensitivity weight. For
China, population size has the highest sensitiwigyght while energy consumption has the
highest sensitivity weight in India. The implicatidrom the sensitivity results is that
environmental policymakers in each respective agustiould prioritise these variables when
designing and implementing environmental (climatearge) policies. Additionally, the
models developed from this study could serve atstfwy international organizations and
environmental policymakers to design and implemamtronmental policies and strategies
to monitor and control environmental problems.

Future studies could consider performance evalnaifoANN models for prediction of
CO, emission intensity with other ML approaches sushsapport vector regression (SVR)
and recurrent neural network (RNN). This sort oalaation would offer a dais for the
methodological rigour in the selection of other Miols that may give predictions that are
more accurate. Other high @@mitting countries such as Russia, Japan, and &srcould
adopt the flow process of this study’s methodoltggevelop robust predictive ANN models

for guiding decision making when drafting enviromta (climate change) policies.
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Appendix

Appendix la. Comparison of selected optimal moadel ather ANN models (Australia).

Model R MSEqain MSEiest SD SE MAD ME

1 0.75280 0.01290 0.01290 0.42690 0.06037 0.01410 .020@6
2 0.64220 0.01180 0.01830 0.42849 0.06060 0.01646 .01560
3 0.76190 0.01240 0.01260 0.43203 0.06110 0.01410 .02162
4 0.82680 0.01180 0.00830 0.41794 0.05910 0.01054 .012@3
5 0.79290 0.01140 0.00930 0.43954 0.06216 0.01112 .00666
6 0.74940 0.01120 0.01430 0.41651 0.05890 0.01456 .02506
7 0.68230 0.01310 0.01470 0.40492 0.05726 0.01447 .01204
8 0.80390 0.00750 0.01080 0.43129 0.06099 0.01235 .02060
9 0.75600 0.01190 0.01360 0.39712 0.05616 0.01322 .02507
10 0.69430 0.01390 0.01840 0.41533 0.05874 0.016490.03371
11 0.67830 0.01180 0.01580 0.40661 0.05750 0.015090.01525
12 0.74020 0.01320 0.01180 0.38728 0.05477 0.012800.00765
13 0.78040 0.01150 0.01080 0.41848 0.05918 0.012650.01598
14 0.64300 0.01040 0.01740 0.41846 0.05918 0.015730.01162
15 0.78840 0.01070 0.01020 0.41634 0.05888 0.012340.01297
16 0.70310 0.00880 0.01380 0.45046 0.06370 0.013780.00786
17 0.76070 0.00910 0.01110 0.44654 0.06315 0.012100.01064
18 0.80110 0.01090 0.01020 0.39887 0.05641 0.01193 0.01778

19 0.71020 0.01320 0.01310 0.38845 0.05494 0.01276 0.00600

20 0.77700 0.01290 0.01050 0.38632 0.05463 0.012240.01251

Note: MSE = mean square error, SD = standard dewmigBE = standard error, MAD = mean absolute
deviation, ME, = mean error on prediction

Appendix Ib. Comparison of selected optimal modhel ather ANN models (Brazil).

Model R MSE;ain MSE,q SD SE MAD ME,

1 0.89430 0.00650 0.00540 0.48114 0.06804 0.01479 0.00897
2 0.88680 0.00740 0.00650 0.48239 0.06822 0.01622 0.01403
3 0.70370 0.01800 0.01450 0.37132 0.05251 0.02305 0.01125
4 0.87870 0.00690 0.00610 0.51981 0.07351 0.01589 0.00825
5 0.81460 0.00880 0.00900 0.50558 0.07150 0.02011 0.00877
6 0.75540 0.01580 0.01250 0.47784 0.06758 0.02040 0.01319
7 0.81900 0.01230 0.00860 0.47053 0.06654 0.01820 0.00641
8 0.88110 0.00540 0.00620 0.50556 0.07150 0.01600 0.00920
9 0.91020 0.00480 0.00420 0.48854 0.06909 0.01227 0.00312
10 0.89100 0.00650 0.00610 0.48999 0.06929 0.01591-0.01232
11 0.91390 0.00570 0.00420 0.46277 0.06544 0.01345 -0.00597
12 0.79740 0.01240 0.01050 0.49058 0.06938 0.02174-0.01332
13 0.88450 0.00740 0.00640 0.47772 0.06756 0.01633-0.01286
14 0.80050 0.01290 0.00980 0.45652 0.06456 0.01977-0.01001
15 0.90760 0.00550 0.00500 0.46081 0.06517 0.01460-0.01031
16 0.74890 0.01450 0.01290 0.44537 0.06298 0.02216-0.01377
17 0.87870 0.00700 0.00650 0.46594 0.06589 0.01613-0.01168
18 0.85470 0.00890 0.00730 0.50782 0.07182 0.01763-0.00943
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19
20

0.84500
0.86580

0.01160
0.00800

0.00770
0.00700

0.50151
0.44253

0.07092
0.06258

0.01719-0.00882
0.01736-0.01128

Note: MSE = mean square error, SD = standard dewmigBE = standard error, MAD = mean absolute
deviation, ME, = mean error on prediction

Appendix Ic. Comparison of selected optimal modhel ather ANN models (China).

Model R MSEain MSEest SD SE MAD ME,

1 0.90790 0.00490 0.00650 0.43691 0.06179 0.02537 .02060
2 0.93890 0.00370 0.00400 0.44958 0.06358 0.01795 .00483
3 0.92060 0.00480 0.00560 0.40740 0.05762 0.02277 .01683
4 0.93380 0.00310 0.00450 0.48241 0.06822 0.01990 .01382
5 0.84030 0.00900 0.01420 0.49285 0.06970 0.03087 .05100
6 0.83180 0.01430 0.01170 0.45484 0.06432 0.02740 0.01303
7 0.92000 0.00350 0.00530 0.47023 0.06650 0.02045 .00501
8 0.95550 0.00230 0.00320 0.44949 0.06357 0.01794 .017Q9
9 0.91480 0.00380 0.00560 0.44856 0.06344 0.02265 .001Q0
10 0.91250 0.00290 0.00580 0.49364 0.06981 0.020650.01016
11 0.95210 0.00180 0.00330 0.45489 0.06433 0.01536 0.01128
12 0.92050 0.00360 0.00530 0.43513 0.06154 0.021270.01063
13 0.94290 0.00300 0.00390 0.45553 0.06442 0.018400.01299
14 0.93830 0.00340 0.00430 0.45426 0.06424 0.019200.01384
15 0.92940 0.00330 0.00470 0.44908 0.06351 0.019930.00545
16 0.92370 0.00290 0.00510 0.46805 0.06619 0.020450.00669
17 0.92870 0.00350 0.00480 0.42924 0.06070 0.019800.01139
18 0.93450 0.00410 0.00460 0.41507 0.05870 0.020440.01741
19 0.83630 0.01030 0.01480 0.37316 0.05277 0.030930.05035
20 0.93890 0.00240 0.00420 0.41736 0.05902 0.019350.01190

Note: MSE = mean square error, SD = standard dewmigBE = standard error, MAD = mean absolute
deviation, ME, = mean error on prediction

Appendix Id. Comparison of selected optimal modhel ather ANN models (India).

Models R MSE.in MSEes SD SE MAD ME,

1 0.96870 0.00500 0.00360 0.42662 0.06033 0.02529 0.02168
2 0.93530 0.00820 0.00640 0.37290 0.05274 0.03652 0.03435
3 0.93600 0.00730 0.00590 0.42554 0.06018 0.03484 0.02437
4 0.98260 0.00140 0.00140 0.51222 0.07244 0.01750 .00780
5 0.98460 0.00140 0.00110 0.48376 0.06841 0.01670 .00509
6 0.98250 0.00093 0.00130 0.47938 0.06779 0.01500 0.00433
7 0.98680 0.00086 0.00099 0.48183 0.06814 0.01510 .00561
8 0.96480 0.00210 0.00260 0.45240 0.06398 0.01906 0.01174
9 0.95520 0.00260 0.00320 0.43564 0.06161 0.02040 .00388
10 0.93130 0.00420 0.00480 0.42340 0.05988 0.02908-0.00064
11 0.97320 0.00170 0.00190 0.42415 0.05998 0.021260.00353
12 0.94780 0.00290 0.00370 0.42418 0.05999 0.02982-0.00639
13 0.98740 0.00088 0.00093 0.44412 0.06281 0.01388-0.00667
14 0.96830 0.00200 0.00220 0.43985 0.06220 0.020850.00087
15 0.99440 0.00045 0.00042 0.45818 0.06480 0.00919 -0.00280
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16 0.99060 0.00069 0.00068 0.44326 0.06269 0.01164-0.00406

17 0.98220 0.00160 0.00130 0.47885 0.06772 0.016750.00521
18 0.96940 0.00200 0.00220 0.50918 0.07201 0.02186-0.00113
19 0.98490 0.00120 0.00120 0.48186 0.06815 0.017220.00927
20 0.95850 0.00250 0.00290 0.47591 0.06730 0.024460.00143

Note: MSE = mean square error, SD = standard demidSE = standard error, MAD = mean absolute
deviation, ME, = mean error on prediction

Appendix le. Comparison of selected optimal moael ather ANN models (USA).

Model R MSEqain MSEiest SD SE MAD ME

1 0.84680 0.00550 0.00690 0.41045 0.05805 0.00533 0.00062
2 0.81800 0.00810 0.00720 0.43459 0.06146 0.00564 0.00472
3 0.87480 0.00420 0.00580 0.39801 0.05629 0.00537 .00264
4 0.85110 0.00480 0.00650 0.38049 0.05381 0.00567 .00181
5 0.88900 0.00370 0.00530 0.47439 0.06709 0.00499 .00169
6 0.87210 0.00440 0.00530 0.43302 0.06124 0.00458 0.00118
7 0.89690 0.00280 0.00550 0.49859 0.07051 0.00486 .00201
8 0.87300 0.00410 0.00560 0.46706 0.06605 0.00521 .00104
9 0.86730 0.00610 0.00550 0.44389 0.06278 0.00512 0.00027
10 0.86030 0.00340 0.00730 0.46693 0.06603 0.006360.00096
11 0.89030 0.00300 0.00540 0.41896 0.05925 0.004660.00251
12 0.84240 0.00540 0.00630 0.41731 0.05902 0.00532-0.00034
13 0.83300 0.00800 0.00680 0.44197 0.06250 0.00518-0.00490
14 0.88570 0.00280 0.00590 0.45145 0.06384 0.005180.00326
15 0.88220 0.00480 0.00620 0.44029 0.06227 0.00578-0.00075
16 0.84810 0.00550 0.00600 0.42097 0.05953 0.00448-0.00038
17 0.87900 0.00320 0.00620 0.45185 0.06390 0.004790.00358
18 0.88500 0.00230 0.00600 -0.10243 0.46541 0.005390.00368
19 0.85260 0.00400 0.00690 0.49119 0.06946 0.005440.00191
20 0.78400 0.00300 0.00670 0.46985 0.06645 0.03976-0.00843

Note: MSE = mean square error, SD = standard demidSE = standard error, MAD = mean absolute
deviation, ME, = mean error on prediction
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Appendix lla. Results of evaluating predictions @@, emission intensities on selected optimal models.
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Note: y, = actual CQintensity and y= predicted C@intensity, AD = absolute deviation, E y.— Y,

Appendix Ilb. Results of evaluating predictions &€©, emission intensities on selected optimal models.
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Note: y, = actual CQintensity and y= predicted C@intensity, AD = absolute deviation, E y,— Y,

Appendix llc. Results of evaluating predictions €D, emission intensities on selected optimal models.
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2.495939797
2.508659751
2.438174074
2.546923136
2.497267631
2.509936628
2.463329963
2.481426423
2.497681992
2.498347921

2.499950654
2.495357814
2.423021859
2.545363046
2.50378933
2.515705771
2.44271247
2.494025421
2.40902637
2.497707739
Mean

0.001606952
0.005302408
0.006214575
0.000612539
0.002611534
0.002298522
0.008369765
0.005077321
0.03549516

0.000256242

0.004577094

-0.004010857
0.013301937
0.015152215
0.00156009
-0.006521699
-0.005769143
0.020617493
-0.012598998
0.088655622
0.000640182

0.001183262

Note: y, = actual CQintensity and y= predicted CQintensity, AD = absolute deviation, E y,— Y,
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HIGHLIGHTS

ANN models were devel oped to predict carbon emissions for five countries.
Stochastic gradient descent batching was employed to train the models.

Predicted versus actua carbon emissions shows approximately zero forecasting errors.
Sensitivity analysis shows significant contributory variables for each country.

A simplified closed-form formulafor hands-on prediction of carbon emissions.
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