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Abstract 

Tackling the global climate crisis is a daunting task. Excessive greenhouse 

gas emissions lead to rising temperatures and sea levels, stratospheric 

ozone depletion and a greater occurrence of intense, sporadic natural 

disasters. As such, it is of utmost importance to understand anthropogenic 

activity—namely, energy production, agricultural cultivation and 

transportation adopted worldwide, which perpetuate this phenomenon. 

The following paper uses machine learning, specifically, deep learning 

models, to predict future greenhouse gas emission trajectories, considering 

the top contributing countries and key sectors worldwide. The model 

incorporates additional correlated factors, such as gross domestic product 

(GDP) growth per capita and population growth rate to prepare a 

comprehensive predictive tool. To facilitate emission prediction, raw data 

was procured of the top 20 emitters worldwide, covering a sample period 

of 28 years from 1990 - 2018. Results indicate high predictive accuracy of 

the model, with a coefficient of determination (r
2
) of 98.7%, implying a 

high degree of explainability regarding variability in the data. 

Keywords: Global warming, Greenhouse gas emissions, Deep learning, 

Artificial Neural Network (ANN). 

 

 

 

Introduction 

Mitigating the effects of the eminent global climate crisis is arguably the greatest challenge 

humanity is facing today. A disproportionate amount of greenhouse gas emissions expelled into 

the atmosphere are the product of intemperate human activity. This rapid increase in 

environmental degradation has been accelerated by the unforeseen expansion of the global 

population within the last 50 years. Increasing consumption, in conjunction with the proliferation 

of industrialization to meet insatiable consumer demand has culminated into the acceleration of 

greenhouse gas emissions—agriculture, transport and energy, the key contributors to this spike. 

Implications of climate change include rising temperatures and sea levels, stratospheric ozone 

depletion, changes in precipitation patterns and a greater occurrence of intense, sporadic natural 

disasters. 
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Scholars worldwide have adopted various methods of forecasting greenhouse gas emissions. One 

such method, applied in a recent study conducted by Appiah et al. utilized ‘Artificial Neural 

Networks’ (ANNs), in a fully connected two-layer feed-forward configuration. The data, 

constricted to that of developing economies, assessed overarching, generalized economic 

variables, such as the valuation of imports and exports, as contributing factors to carbon dioxide 

emissions. Conversely, a study by Wang et al. proposed a hybrid model consisting of the 

metabolic nonlinear grey model (MNGM) and an autoregressive integrated moving average 

(ARIMA) to forecast emission trajectories in which cumulative carbon emission values were 

considered exclusively. Another study, conducted by Radojević et al. developed an ANN model 
to forecast greenhouse gas emissions in Serbia, focussing primarily on economic and energy-

centric data from 1999-2001—such as gross energy consumption and share of renewable energy, 

pertaining to countries across the European Union; it’s validation frame comprising emission 

data from 2002-2007. A differing technique was adopted by Miranda et al. concerning the 

prediction of greenhouse gas emissions in tropical reservoirs. The developed model, which 

coupled both statistical and ANN models to facilitate classification and prediction, respectively, 

used factor analysis to condense input variables to evoke greater prediction accuracy. The 

aforementioned works examines primarily industry specific variables (singular, sectoral-centric 

analysis), with data pertaining to a constricted sample size for limited countries and skewed time 

periods; the aforementioned study exclusively examineed a confined selection from the entire 

range of contributing gasses to the climate crisis. 

In order to forecast anthropogenic trends accurately and predict future greenhouse gas 

(GHG) emission output, the current study considered distinct, non-cumulative variables of 

differing contribution to aggregate emissions. The top 20 emitters, which contribute over 78% of 

global GHG emissions, were examined as representative of the global climate crisis. Key 

indicators, derived from the World Bank of Open Data, were used alongside fluctuations in 

economic activity and population growth, as determinants of the emission output of particular 

countries and economic sectors.  

By developing an advanced deep learning model, the current study aims to minimize the 

deleterious effects of the superfluous greenhouse gas emission output worldwide. The predictive 

model provides insights to inform and facilitate sustainable economic growth, investment into 

the development of remedial technologies and incentivisation of public/private participation in 

deployed carbon neutral processes, in order to curtail the global climate crisis. 

 

Background 
Climate change is largely the product of the ‘greenhouse effect’, a phenomenon which is 

composite of the properties of greenhouse gasses in relation to atmospheric conditions. 

Increasing concentrations of such gasses—namely carbon dioxide (CO₂), methane gas (CH₄) and 
nitrous oxide (N₂O), amongst other artificial chemicals—absorb transmitted solar energy and re-

radiate its heat towards Earth’s surface. Human activity accounts for the majority of this 

greenhouse gas emission output, with over 47552.14 million metric tons of CO₂ equivalent 
gasses (MtCO2e) expelled in 2018. A World Resources Institute (WRI) report published in 2020, 

emphatically attributes global emission output to three multifarious sectors: energy, agriculture 

and industrial processes. Energy consumption accounts for over 73% of global GHG emissions. 
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This sector comprises electricity and heat generation, transportation, manufacturing and 

construction, bunker fuel usage, fugitive emission output and other fuel consumption. Fugitive 

emissions, or fluorinated gas emissions, arise from industrial gas production processes, electrical 

component and appliance manufacturing, as well as the the extraction and refinement of 

aluminium and magnesium. These processes emit high concentrations of heat-trapping 

chemicals, (possessing a warming effect of up to 23000 times greater than that of carbon 

dioxide), such as hydrofluorocarbons (HFCs), perfluorocarbons (PFCs), and sulfur hexafluoride 

(SF6), thus contributing significantly towards the net greenhouse gas emission output. Further, 

bunker fuel emissions refer to the pollution caused by fuels used aboard ships, notably amassed 

fleets of cargo vessels transporting manufactured goods. Bunker fuels are a key disaggregated 

contributor to total emissions, owing to their composition of largely hydrocarbon molecule 

chains.  

Further, agricultural subsectors of which include emissions generated by the cultivation 

of livestock and crops, are cited as the second greatest contributor to climate change (12%). 

Primary activities, including cattle belching and fertilizer usage, emit methane gas (CH₄) and 
nitrous oxide (N₂O) respectively, representing the greatest proportion of agriculturally affiliated 
emissions, at upto 65%. Another crucial contributor to climate change are industrial processes, a 

sector which has expanded by 174% since 1990, the fastest growing source of greenhouse gas 

emissions worldwide. The increased manufacture and usage of appliances such as air 

conditioning and refrigerators are responsible for this uptake, as large quantities of potent 

hydrofluorocarbons are expelled as a product of industrial activity. 

 

Theoretical: Deep Learning 

Deep learning is a machine learning mechanism derived from artificial neural network (ANN) 

algorithms. Deep learning models comprise a multi-layer feedforward ANN which is trained 

with stochastic gradient descent using back-propagation. The current study’s model, a deep 

neural network (DNN)—or multi-layer perceptron (MLP), consists of four hidden layers of 

neurons with a rectifier activation function (ReLU). In order to train DNNs using stochastic 

gradient descent with backpropagation of errors, a nonlinear function, which appears and 

behaves like a linear function is required. This particular characteristic of the ReLU activation 

function allows increasingly complex relationships in the data to be comprehensively understood 

and consequently generate accurate predictions. 

 

Experimental Design  

To predict greenhouse gas emission output of the top 20 emitters worldwide, raw data was 

procured from creditable World Bank and World Resources Institute database covering a sample 

period of 28 years (1990 - 2018) to account for long term variations. To develop an accurate, 

representative model, key contributors to greenhouse gas emissions were input into the deep 

neural network framework. Table 1 features the variables examined and their units of 

measurement, alongside the variable type as regressors input into the DNN. Further demographic 

statistics and economic metrics, namely population growth rate and gross domestic product 

(GDP) growth per capita, respectively, were factored into the model, as both inputs demonstrated 

a distinct correlation and direct contribution to forecasted emission values. 
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Table 1 Data and variable definition 

Variable Unit Variable Type 

Year Time (YYYY) Time 

Country Factor Enum 

Agriculture MtCO₂e Numeric 

Building MtCO₂e Numeric 

Bunker Fuels MtCO₂e Numeric 

Electricity/Heat MtCO₂e Numeric 

Energy MtCO₂e Numeric 

Fugitive Emissions MtCO₂e Numeric 

Industrial Processes MtCO₂e Numeric 

Manufacturing/Construction MtCO₂e Numeric 

Other Fuel Combustion MtCO₂e Numeric 

Transportation MtCO₂e Numeric 

Waste MtCO₂e Numeric 

GDP Growth Rate Per Capita Percentage (%) Numeric 

Population Growth Rate Percentage (%) Numeric 

 

Both Supervised and Unsupervised techniques were used to identify distinct patterns in the data 

using advanced H2o distributed computing, For instance, K-mean clustering algorithm was 

applied to identify distinct groups within the dataset. The method did not produce cohesive 

clusters, resulting in high in-group variations. The study was extended by applying Random 

Forest to produce relevant classifications, however, the results were of little use.  

For the regression problem, experiments with developing Deep Learning models 

produced excellent results. Fig. 1 specifies the process.   
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Fig. 1 Framework of the study 

 
 

In order to ensure appropriate data fit and predictive accuracy of the model, the study applied a 

fully connected five-layer feed-forward deep learning neural network with rectifier (ReLU) 

activation function.  

 

Hyperparameters, including nfolds for 

validation (5), epochs (25)/iterations and 

hidden layer sizes, were optimized in 

order to generate a model with the 

highest r
2 

value (minimizing the cost 

function), possessing a high degree of 

explainability regarding variability in the 

data. The model training process (number 

of epochs) persisted until the cost-

function (evaluated in this case by 

RMSE/r
2
) was minimized using a 

stopping metric—as reflected in the 

exemplar scoring history from the 

experiment (Fig. 2). 

 

The rectifier activation function (applied 

to the deep learning model), unlike 

sigmoidal and hyperbolic tangent 

functions, does not completely saturate; 

when processed, values, if  >  0, remain 

as the original input, whilst all else 

values (< 0) snap to 0. Therefore, this function is able to accurately comprehend complex 

relationships within the data and compute variable importances for factor analysis. The model 
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was trained using a deep learning algorithm with backpropagation, in conjunction with an 

adaptive learning rate algorithm (ADADELTA).  

 

Fig. 3 Architecture of the deep neural network. 

 
Note: intermediary layers are scaled down by a factor of 10 for representation purposes. 

 

As depicted in the architecture of the deep neural network (Fig. 3), the study employed fifteen 

variables at the input layer, of numeric, time and enum type (Table 1). Variables were subject to 

processing through the hidden layers using the ReLU activation function. Configuration of the 

hidden layer magnitudes (200, 200, 100, 100) were derived and optimized for accuracy, during 

the experimentation process, using a deep learning grid search. The model, once developed, 

postulated the variable importance of inputs, as well as a basis for prediction. Five fold cross 

validation using hold-out data, was then executed to test for accuracy in the model. 

 

Results and Discussion 

The factors analysis, (as depicted in Fig. 4) produced a scaled variable importance of the inputs 

assessed, in relation to the outcome variable. The DNN indicates that bunker fuels are the chief 

contributor to global greenhouse gas emission output. This result corroborates the theoretical 

research conducted, which clearly indicates the potency of hydrofluorocarbons and CO2 

emissions used to fuel increasing volumes of global trade.  
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Fig. 4 Factor analysis (scaled variable importance) 

 
 

Energy is cited as the second largest sectorial contributor, followed by agriculture, which further 

consolidates real-world emission trends. Results indicate that the model is highly sensitive to 

fluctuations in the emission outputs of the United States, China and Russia. The DNN model 

appears relatively unchanged by the electricity/heat and industrial processes sector, as well as the 

aggregate emission output of India, which is justified by the training and validation metrics 

obtained. Assessed metrics for determining model accuracy include root mean square error 

(RMSE) and coefficient of determination (r
2
). Training metrics indicate a RMSE of 79.5 and r

2
 

of 98.7%, whilst validation metrics indicate a RMSE of 125 and r
2
 of 96.7%. 
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Fig 5. Predicted emissions versus actual emission output 

 
 

In order to evaluate the accuracy of the developed model, predicted emission values were 

compared with historical emission output. As evidenced in Fig. 5, the DNN predicts emissions 

with great precision. In most instances of diversion from veritable values, minor overestimation 

occurs in countries with generally volatile GHG emission output; as per historical data which 

was input during the training phase. 

The present DNN model, possessing the same degree of accuracy as presented in Fig. 5, was 

used to predict exact emission output values for 2019 - 2023. Fig. 6 depicts the predictions, 

alongside historical emission data (2014 - 2018) which was input during the development of the 

DNN. As per the model, considering demographic and economic variances, emissions will 

increase to an aggregate of 81.25 billion metric tons in 2023 (at the current rate), within the top 

20 greatest emitting countries. The model accounts for the expected increase in greenhouse gas 

emission output, increasing at a rate of 5 - 6% annually. 

Table 2 Historical versus predicted emissions 

 
Emission Data (MtCO2e — millions) - 

Source: World Resources Institute 

Deep Learning Model - Predicted 

Emissions (MtCO2e — millions) 

Country/Ye

ar 2014 2015 2016 2017 2018 2019 2020 2021 2022 2023 

Australia 1011.6 1021.4 1010.4 1061.4 1057.6 1203.9 1176 1205.6 1292.6 1319.1 

Brazil 1633.0 1588.2 1519.1 1541.4 1486.7 1679 1735.1 1705.9 1746.6 1801.6 
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Canada 1334.0 1324.1 1298.6 1325.3 1355.1 1205.5 1167.8 1199.5 1343.6 1693.6 

China 

21796.

4 

21802.

7 

21763.

5 

22157.

3 

22737.

6 

17284.

2 

24638.

3 

29129.

9 

29746.

9 

30098.

2 

France 750.2 763 764.5 771.4 757 1039.7 1055 1013.8 1015.5 1047.4 

Germany 1617.0 1626.9 1637.2 1605.1 1554.8 1915.8 1835.4 1876.2 1825.5 2063.1 

India 5207.9 5232.5 5307.4 5554.8 5818.1 6207.7 6047.1 6550.6 7237 7912 

Indonesia 1359.1 1368.1 1383.2 1466.6 1573.5 1760.2 1783.4 1805.5 1883.5 2119.9 

Iran 1493.0 1481.9 1491 1526.1 1551.5 1750.5 1641.8 1908.3 1932.7 2157.7 

Italy 752.7 774.1 766.3 757 749 2442.7 2863.3 1186.8 1247.5 1266.7 

Japan 2536.1 2464.2 2448 2405.6 2313.4 3004.8 2986.8 2967.1 2907.4 3237.3 

Mexico 1142.5 1180.1 1200.1 1188.1 1191.4 1864.6 1910.8 1368.4 1427.3 1633.9 

Poland 668.4 676.8 698.8 725.2 725.3 826.7s 819.6 819.9 818.9 883.6 

Russia 4839.0 4744.6 4721.1 4774.3 4872.8 3669.1 3082.8 3739.2 3834 4158.5 

Saudi 

Arabia 1168.2 1225.1 1226.5 1208.4 1167.1 986.7 1032.7 1085.4 1128.9 1178.8 

South 

Africa 990.7 943.2 942.5 962.2 961.9 2508.6 2737.1 1199.3 1176.7 1179.5 

South 

Korea 1278.4 1322.6 1346.2 1369.7 1382.8 1728.4 1595.3 1356.9 1309 1467.8 

Turkey 761.4 777.1 826.8 908.7 905.1 1100.8 846.4 939.8 1143.3 911.1 

UK 977.2 945.7 900.9 875.6 859.7 1607.2 1617.5 1645.9 1658.2 1723.7 

United 

States 

11650.

8 

11405.

3 

11216.

9 

11091.

8 

11439.

7 

11470.

7 

11026.

8 

10495.

5 

11968.

1 

13396.

9 

Grand 

Total 

62967.

3 

62667.

2 

62468.

9 63276 

64460.

1 

65256.

6 

71599.

1 

73199.

3 

76643.

3 

81250.

3 

 

Conclusion 

The intensification of the global climate crisis necessitates combative action against factors of 

imperative contribution to rising greenhouse gas emissions worldwide. Machine learning 

mechanisms—particularly deep learning—are widely regarded as the most accurate and intuitive 

predictive model for computing complex relationships within raw data.  

As evident from the highly complex model presented, considering key contributing sectors and 

accounting for fluctuations in gross domestic product and population growth, results emphasize 

the necessity for immediate action to curtail the acceleration in emission output of all greenhouse 

gasses (comprehensive of nitrous oxide, methane gas and artificial chemical emissions, as well 

as carbon dioxide). The projection indicates a massive increase of GHG to 81.3 billion metric 
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tonnes at the existing rate of growth. Global mitigation initiatives should be directed towards 

sectors concerning energy and agricultural production and consumption, as well as industrial 

processes, as indicated by the DNN and corroborated by external research.  

Fig 6. Predicted emission trajectories (green) versus historical emissions (blue) in billions.

 
One such solution, the development of remedial technologies, should be accelerated, accounting 

for economic welfare and sector dependency. The developed deep learning model is robust 

towards changes in input data, evidenced by the predictive accuracy in relation to veritable 

emission output values. However, the model does not account for potential drastic changes in 

economic conditions, such as the suppressed economic activity caused by the COVID-19 

pandemic. Future studies should focus on the widespread adoption of alternate technologies 

which are environmentally sustainable and perpetuate economic development. In order to avert 

this environmental disaster, collaborative global effort must be initiated on an urgent basis. 
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