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Introduction 

India has a significant agricultural sector that plays a major 

role in the nation's economic development. A sustainable, 

secure and profitable agricultural system is essential for long-

term food security. The agricultural sector in India is 

expanding due to increasing food demand, technological 

advancements and dietary shifts. Farmers have adopted 

various methods to enhance agricultural productivity to meet 

the raising food demand (1). While food production increases 

to meet demand, agricultural activities contribute to 

greenhouse gas emissions, particularly releases methane 

from rice cultivation and livestock and carbon dioxide (CO2) 

from machinery and land-use changes. Methane from 

agriculture is the primary contributor to the increase in 

greenhouse gas emissions (2). Agricultural operations are the 

primary contributors to greenhouse gas emissions within the 

food systems. Megatonnes of CH4 are released into the 

atmosphere annually by the agriculture industry, which has 

detrimental impacts and releases additional pollutants. 

Livestock enteric fermentation and rice cultivation were the 

primary sources of methane emissions (Press Information 

Bureau, 2023). Although large-scale manufacturing makes 

sense, environmental issues are vital to human welfare. More 

than 100 countries pledged to cut global methane emissions 

by 30 % by the end of the decade compared to 2020 levels 

during the UN Climate Change Conference in Glasgow. 

Experts estimate that global warming could be reduced by 

0.2 °C by 2050 if the commitments made at COP26 (2021 

United Nations Climate Change Conference) are fully 

implemented. Along with China and Russia, the two biggest 

emitters of methane, India, the third largest in the world, will 

be noticeably absent from the list of contributors (Fig. 1). 

Scientists in India caution that while the need to cut methane 

emissions worldwide is mounting, doing so would 

necessitate a dramatic overhaul of the country's agricultural 

system, which may not be technically and economically 

possible. In 2016, India's methane emissions (excluding 

LULUCF) accounted for 409 million tonnes of CO2  eq. 

Agriculture accounted for 74 % of methane emission, 

followed by the waste sector 14.5 %, the energy sector, 10.6 

% and the industrial process and product use 1 %. Thus, 

agriculture remains the dominant source of methane 

emissions in India (3). 
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Abstract  

Methane (CH4) is a potent and powerful greenhouse gas with significant warming potential. CH4 has approximately 84 times the global 

warming potential (GWP) of CO2 over a 20-year period and 25 times over a 100-year period. Methane persists in the atmosphere for 

approximately a decade before breaking down through oxidation processes. In order to forecast methane emissions from agricultural and 
related activities, this study applied an evaluation approach. This study analyzed annual data from 1990 to 2021, collected from the 

FAOSTAT website, using 7 machine learning models: Random Forest, LASSO, Gradient Boosting, AdaBoost, XGB, Ridge Regression and 

Linear Regression. The results indicate that the linear regression model outperformed the other models in predicting methane emissions. 

The results show that linear regression is more effective than the various machine learning algorithms. The linear regression model (R² = 
0.98, RMSE = 1.95, MSE = 3.86 and MAE = 1.45) achieved the best performance among all models in terms of accuracy. The comparative 

study's findings should yield a highly accurate assessment of the methane emissions from agricultural areas and help with the creation of 

laws or other policies aimed at reducing those emissions. These findings can assist the Indian government in formulating effective policies 

to mitigate methane emissions while maintaining agricultural productivity. Our approach estimates methane emissions from agriculture 
in India with an R² value of 0.99, indicating high predictive accuracy. 
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 Methane is a hydrocarbon gas consisting of 4 

hydrogen atoms and 1 carbon atom. Methane is one of the 

most potent greenhouse gases due to its high global warming 

potential (GWP). Methane emissions arise from both natural 

sources (wetlands, lakes, geological activity) and 

anthropogenic activities (agriculture, fossil fuel extraction 

and waste management). Over the past century, human 

activity has caused the atmospheric concentration of 

methane to double (4). Methane is the second most 

significant greenhouse gas after carbon dioxide, accounting 

for 23 % global radiative forcing (5). Unlike carbon dioxide, 

which can persist in the atmosphere for centuries, methane 

has a shorter atmospheric lifetime of approximately 12 years. 

However, over a 20-year period, methane is about 80 times 

more effective at trapping heat than CO₂. Methane can 

further break down into carbon dioxide when it combines 

with other atmospheric gases, such as oxygen. The monthly 

global average of atmospheric methane concentration 

reached a high concentration of 1924.65 parts per billion 

(ppb) in December 2022 (6). The global average yearly 

concentration of atmospheric methane has increased 

significantly during the last 30 years (Fig. 2). Since methane 

gas emissions have the potential to cause global warming 27 

times more than carbon dioxide, swift action is needed to 

reduce them to the objective of 1.5 °C by 2050 (7). According 

to a study, anthropogenic sources of methane include waste 

management, agriculture, mining and fossil fuels 

combustion, while natural sources include wetlands, lakes, 

streams and geological activity (4). One of the primary causes 

of climate change is the increase in natural greenhouse gas 

emissions, which cannot be stopped because human activity 

will always produce gases like CO2, CH4 and nitrous oxide 

(N2O). To limit global warming to 1.5 °C, greenhouse gas 

emissions must be reduced by 45 % form 2010 levels by 2030 

(8). It was decided that between 2022 and 2023, this rate 

would be 1 %. 52 out of 198 nations have not reported a 

notable increase in methane gas emissions under the UN 

Framework Convention on Climate Change (COP-27, 

Assessment Reports) (9). It was discovered that there is a 

large interest in research on greenhouse gas emissions, 

especially carbon dioxide emissions. Research on methane 

gas, one of the main causes of global warming, has been less 

 

Fig. 1. Share of Asian countries methane emissions from fossil fuels, industry and agricultural sources, 2021.  

Data source: OurWorldInData.org/co2-and-greenhouse-gas-emissions (32). 

 

Fig. 2. Decadal variations in the amount of CH4 released into the Indian atmosphere between 1850 and 2021 from sources such as industry, 
agriculture and fossil fuels. Tonnes of CO2 eq are used to quantify CH4 emissions (32, 33). 
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extensive. The study's prediction of methane gas will aid 

nations in creating emission reduction plans. It is also expected 

to act as a guide for India's attempts to reduce emissions at 

COP 28, which is scheduled for November 30, 2023, in Dubai. 

The study is expected to contribute to the body of knowledge 

on methane gas emissions from agricultural operations in 

India, as there has been a lot of research on this topic. 

 

Materials and Methods 

This study used 7 distinct machine learning techniques-
Random Forest (RF), LASSO, Gradient Boosting, Ada boost, 

XGB, Ridge Regression and Linear Regression to forecast 

methane gas emissions from agricultural operations in India. 

The dependent variable was the total amount of methane 

gas emitted and forecasting algorithms were created using 

eight independent factors. To increase the efficacy rate of the 

investigation, cross-validation was used. The statistical 

measures R2, MAE, RMSE and MSE were used to evaluate the 

models' accuracy and success. 

Data collection and preparation 

For data analysis to be successful, access to pertinent data is 

essential. The study utlilzed data from FAOSTAT and Climate 

Watch records  covering the period from1990 to 2021 (10, 11). 

Missing data were estimated using interpolation. The 

independent variables include enteric fermentation, rice 

production, crop residue burning, agricultural and food 

waste, manure management, pesticide production, on-farm 

energy use and household food consumption. The total 

methane emissions served as the dependent variable. 

Machine learning 

Machine learning is a computational approach that enables 

systems to learn patterns from data and make predictions or 

classifications. The scientific field of machine learning 

examines attempts to develop various models, algorithms 

and learning techniques that enable machines to acquire 

knowledge in a manner akin to that of human beings. By 

using statistical and mathematical techniques to data and 

deriving inferences from forecasts, it discusses instructional 

tactics and their efficacy (12). 

Linear regression 

The prediction was tested using the most basic linear 

regression modelling approach among machine learning 

techniques. The approach of multiple linear regressions is 

applied based on a set of independent variables. When 

compared to alternative algorithms, linear regression has 

comparable performance, learns quickly and has a strong 

explanatory power. A linear relationship between one or 

more independent variables and a dependent variable is 

simulated by a representative regression technique known as 

linear regression (13). The link between the independent and 

dependent variables is explained by the linear expression            

(14, 15). 

This formula is expressed as 

y = w1x1 + w2x2+ w3x3+ …... + w8x8+ b           (Eqn. 1) 

 y is the dependent variable (output value), x1, x2,..... x8 is 

the independent variables (input value), w1,w2, ... w8 is the 

independent variables weight and b is the bias.  

Random Forest (RF) 

The Random forest algorithm is an efficient and versatile data 

mining technique method that performs well with high-

dimensional data. The process is predicated on building 

several regression or classification trees. According to a study, 

only RF uses this subset of features to build a single tree by 

using a bootstrap sample and random selection of an array of 

the variables (16). Bootstrap samples are taken after variables 

are selected at random multiple times and the results are 

aggregated (17). An ensemble model is a model that uses 

model combining to boost prediction probability. Put another 

way, the ensemble model performs better in terms of 

predictive power than other single models. As Fig. 3 shows, the 

RF prediction strategy uses regression trees to generate an 

ideal model. RF employs bagging (Bootstrap Aggregating), a 

technique where multiple regression trees are trained on 

bootstrapped subsets of data and their predictions are 

aggregated to improve model accuracy and reduce overfitting 

(18). After bagging is used to construct Tree -1, the process is 

repeated multiple times, with each tree trained on a different 

bootstrap sample. Tree-1, Tree-2 and up to Tree-100 are 

constructed using this iterative process. A forecast is created by 

taking the trees' average. RF regression is widely used in 

predictive modelling and numerical analysis, as demonstrated 

in (19). 

Gradient Boost Regression (GBR) 

The proposed gradient boosting method, is a widely used 

machine learning algorithm known for its effectiveness (20). 

Weak learners can be combined to create strong learners 

using the gradient boosting method. This method bases the 

classification on the residuals from the preceding iteration, 

evaluating the impact of each feature one at a time until the 

target accuracy is attained (Fig. 4). The Loss function L(φ), 

which calculates the residuals, is optimized by gradient 

descent (21). The sum of the outputs of the K successive 

classifier functions fk yields the final result φ(X) as follows: 

 

 

 

Where, K is the total number of iterations in the boosting 
method and fk is a decision tree. 

Extreme Gradient Boosting (XGB) 

Gradient Boosting Machine is a powerful supervised learning 

algorithm and XGBoost is one of its most efficient 

implementations. It is used for both regression and 

classification tasks. Because of XGBoost's fast out-of-core 

compute execution, data scientists like it (22). Because of 

XGBoost's improved performance over other techniques 

especially in numerous data contests and machine learning 

competitions it has gained popularity among data 

researchers. XGBoost has demonstrated its ability to perform 

regression and classification across various applications, 

including predicting store sales, customer behavior analysis, 

ad click prediction, risk assessment, text classification and 

malware detection.  In an ensemble method known as 

"boosting," flaws from earlier models are corrected by 

(Eqn. 2) 
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appending new ones. One model is added after another until 

no further advancements are feasible. XGBoost employs a 

tree ensemble model composed of multiple Classification 

and Regression Trees (CART), where each successive tree 

corrects the errors of the previous ones through gradient 

boosting (20). The ensemble method is employed since a 

single CART usually has little predictive power. A tree 

ensemble model aggregates predictions from multiple CART 

models to improve overall accuracy. 

Ada boost Regression (ABR) 

Combining multiple weak classifiers to produce a single, 

potent classifier is known as "boosting". It is flexible in that 

the next classifiers that run are adjusted according to the 

cases that the previous classifiers misclassified. It is possible 

to view the strict focus on the data used for training samples 

that the previous weak classifier mislabeled as each weak 

classifier making every effort to increase the overall 

classification rate. AdaBoost repeatedly uses the weak 

classifiers to run a series of   t = 1 ,..., 50 classifiers (23). The 

"weight" assigned to the incorrectly categorized cases 

increases (or decreases) with each categorization, contingent 

on the circumstances. New classifiers are restricted to 

focusing on cases that previous classifiers misclassified (24). 

Ridge regression 

In OLS regression analysis, multicollinearity indicated by VIF 

values is addressed using ridge regression. It is a useful 

biased estimating technique that improves the overall 

prediction performance of models by reducing 

multicollinearity. The method, which was first put forth by 

Hoerl and Kennard  in 1970, has been shown to be better 

predictive when a small amount of bias is included to the 

model (25). This keeps overfitting from happening and lowers 

overall variance.  

 This feature makes it a good fit for estimating machine 

learning models, especially since MLM explanatory variables 

typically show multicollinearity (26). The following matrix 

formula (Standardized cost model- Ridge Regression) is used 

to 

Eqn.4 

 

Fig. 3. Simplified structure of RF model. 

 

Fig. 4. Comprehensive setup of the GBR. 

(Eqn. 3) J(θ) = Σ i=₁
n (yi - ŷi)²/2n + α Σmi=1θi²  
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estimate the coefficients in ordinary least squares: 

 The truth value (y), the predictions (y^), the relevant 

parameters (θ), the penalty (α) and the loss function (J (θ) 

are all expressed in the above equation.                                                                                                

Least Absolute Shrinkage and Selection Operator 

(LASSO) 

The LASSO is a regression analysis technique that 

performs both regularization and feature selection by 

shrinking some regression coefficients to zero, thereby 

eliminating less significant variables and reducing model 

complexity. In order to improve prediction accuracy and 

the understandability of regression models, this method 

selects a subset of the available factors that has the 

greatest influence on the response variable. By penalizing 

large regression coefficients, LASSO reduces overfitting 

and enhances generalization. However, if too much 

regularization is applied, important variables may be 

overly shrunk, leading to increased bias and reduced 

predictive accuracy. In order to make model interpretation 

simpler, it can also be used to select variables, removing 

those that greatly contribute to variation (27).  

These penalized sums of squares are minimized by LASSO: 

 

                                                                                                        

  (Eqn. 4) 

 Here, Xij represents the value of the j-th predictor 
variable for the i-th observation, 'n'(n=) denotes the number 

of observations and yi is the response variable for the i-th 

observation. The penalty parameter λ, which determines the 

regularization scale, shrinkage intensity and ultimately the 

number of variables in the final model, must be changed in 

order for LASSO to perform as intended. A cross-validation 

procedure is used to do this, with the lowest calculated 

prediction error yielding the recommended λ value. Although 

correlations between performance measures and methane 

emission were statistically significant, including all predictor 

variables in a regression model may not retain all 

associations as significant (17). The LASSO approach makes it 

easier to identify the most important performance metrics.  

Tools used 

Python has been chosen as the primary programming 

language for this study, which includes all stages from data 

extraction to model evaluation. An application is developed 

using the Python 3.6 software platform to assess the 

performance of the proposed design. This choice was made 

because Python has strong framework support in the fields of 

artificial intelligence and machine learning, making it perfect 

for real-world problem solving. Because Python is adaptable 

and does not require a certain operating system, the project 

is more accessible and flexible. 

Model evaluation metrics 

Cross-validation creates validation ensembles from the 

dataset in order to evaluate the model's performance (28). 

The validity and efficacy of the models were assessed using 

the statistical measures R2, MAE, RMSE and MSE. 

 

 When predicting how an event will pan out, a 

statistical measure known as the coefficient of 

determination, or R2, examines how changes in one variable 

may be explained by fluctuations in another. One statistical 

metric used to evaluate a model's predictive power is the 

coefficient of determination. The strength of the linear 

relationship between the two variables is shown by this 

coefficient. The outcome is represented by the dependent 

variable in the model. R2 can have values as low as 0 and as 

high as 1. A portion of the variation in the dependent variable 

is explained by the model (29). The R2  value is shown in the 

formula below.  

 

 

 

The variables Yi ,ȳ  , Pi and   p̅  represent the observed and 

predicted greenhouse gas emission values, with ‘n’ indicating 

the number of samples employed in the MLMs (where i = 1, 2, 

..., 14). 

 In statistics, the mean absolute error, or MAE, is a 

metric that determines the median number of deviations 

from a set of predictions regardless of the direction of the 

deviations. To calculate the percentage difference between 

the values that were predicted and the values that really 

occurred, an average across the full data set is used. MAE only 

measures the quantity of errors; it does not concern about 

their direction. A decreasing MAE improves a model's 

accuracy (30). The MAE formula is displayed in equation:  

 

 

 

 

Where, ‘e’ represents the error value and ‘n’ the number of 
data points. 

 In regression models, the mean squared error (MSE) 

between the expected and actual values is a frequently 

used model evaluation metric. Since MSE squares the 

mistake, it highlights severe inaccuracies. The MSE is a 

metric that has a range of 0 to infinity; values that are 

closer to zero are thought to be better. A model that 

derives from the same set of data and has a less MSE value 

is considered accurate (31). 

 

 

 

Where, ‘e’ represents the error value and ‘n’ the number of 

data points. 

 One of the most popular evaluation standards to 

assess the model's truthfulness is the root mean squared 

error (RMSE), which is computed from: 

 

  

Eqn.6 

 (Eqn. 5) 

Eqn. 7 

Eqn. 8 
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 In this case, 'n' indicates the total number of data 

points, 'Y' indicates the true methane concentration and 'P' 

represents the predicted value. The RMSE determines an 

average volume of the computation error and assigns greater 

weight to large errors. It's obvious that a prediction's 

accuracy increases with decreasing root mean square error 

(RMSE) values. 

 

Results 

An overview of the results obtained from using the model 

covered in the previous chapter is given in this part. To gain a 

comprehensive understanding of the dataset, we first 

examine the outcomes before applying the model. This 

section first presents descriptive statistics (such as mean, 

variance and standard deviation) to summarize the dataset, 

followed by an evaluation of the model’s performance using 

key inferential statistics (such as R², RMSE and MAE) to assess 

predictive accuracy. 

 The scatter plot in Fig. 5 shows the methane emissions 

from various agricultural sectors and activities between 1990 

- 2021. Emissions have been steadily rising as a result of 

intensive farming practices, widespread use of fertilizers, 

pesticide and manures. While the increase in methane 

emissions from agriculture is concerning, there are steps that 

may be taken to address the issue. The agricultural industry 

should adopt mitigating its impact on the environment by 

introducing more efficient irrigation systems, curbing food 

waste and promoting agroforestry practices. Sustainable 

methods and technology must be adopted by agricultural 

sectors to reduce the environmental impact of methane 

emissions. By implementing strategies such as precision 

cultivation, organic farming and improved manure 

management, the industry can significantly contribute to 

climate change mitigation and a more sustainable future. 

Investment in research and development of sustainable 

farming methods can help the agricultural industry lower 

methane emissions while improving soil quality and 

biodiversity. 

Model construction and assessment 

The dataset consisted of 320 data points on annual methane 

emissions, sourced from FAOSTAT and Climate Watch for the 

period 1990 - 2021. These data points were used to train and 

test the models. Eighty percent (80 %) of the dataset was 

used for model training, while the remaining 20 % was 

reserved for model evaluation. Eighty percent (80 %) of the 

dataset was used for model training, while the remaining 20 

% was reserved for model evaluation. Table 1 presents the 

complete dataset. 

 Fig. 6 shows a funnel chart that illustrates the MAE 

metrics for various machine learning models on the testing 

dataset. The graph indicates that the XGB approach had the 

greatest RMSE values, while the LASSO and Ridge regression 

models had the lowest. In a funnel chart, the model at the top 

represents the model with the highest RMSE value among all 

the models and the model at the bottom represents the best 

performer with the lowest RMSE value. 

 Fig. 7 shows a bar diagram representing the MSE 

values of different machine learning models that were 

calculated using methane emissions data. The picture shows 

that the LR model performed best with a score of 3.86 and the 

XGB model scored lowest with an MSE value of 17.43. Higher 

MSE values suggest that a model is more accurate at 

predicting the data pattern when comparing models with 

different values. 

 Fig. 8 presents a bar chart of RMSE values for various 

machine learning models, derived from methane emissions 

data. The LR model performed best with a score of 3.86 and 

the XGB model scored lowest with an MSE value of 4.17 (Fig. 

8). Higher MSE values suggest that a model is more accurate 

at predicting the data pattern when comparing models with 

different values. 

 Fig. 9 presents a radar chart of R² values for various 

machine learning models, computed using methane 

emissions test data. The radar's length serves as a measure of 

these variables' magnitude. The analysis's findings showed 

that the model based on LR had the highest R2 value (0.988) 

and the XGB model had the lowest R2 value (0.957). 

 MAE quantifies the average difference between the 

predicted and actual methane emission values, providing a 

straightforward measure of forecast error. MSE and RMSE 

emphasize larger errors by squaring differences, with RMSE 

offering error magnitude in the same units as emissions. The 

R² score indicates the proportion of variation in methane 

emissions explained by the model; values closer to 1 reflect 

more reliable forecasting. 

 Table 2 presents accuracy metrics for various machine 

learning models used to predict methane emissions from 

agricultural operations in India between 1991 and 2021. We 

evaluated the performance of these models in predicting real

-world methane emissions using actual emissions data. The 

Linear Regression Model outperformed every other model in 

terms of forecasting accuracy. The Root Mean Squared Error 

(RMSE) and Mean Absolute Error (MAE) values were lowest 

and the R2 value was practically maximum for the methane 

emissions predicted by the linear regression. Furthermore, as 

evidenced by its best R2 value, the XGB model performed 

exceptionally well even when evaluated inside the predicting 

period. 

 Fig. 10 presents a visual comparison of observed and 

predicted methane emissions for different models. 

 With the lowest RMSE (1.95), MSE (3.86) and MAE 
(1.45), along with the highest R² value (0.98), the linear 

regression model achieved the best forecast accuracy among 

all models. With the lowest RMSE (1.95), MSE (3.86) and MAE 

Methane emission Year Total data Test data Train data 

Eight variables 
(mention in previous section) 

1990 - 2021 
(31 years) 

320 
64 

(20 %) 
256 

(80 %) 

Table 1. Details on dividing the methane emission dataset 

Forecasting upcoming years - next 10 years (2021 - 2030) 

https://plantsciencetoday.online
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Fig. 5. A concise overview of India's methane emissions from agriculture. The years (1990 - 2021) are represented by the X axis and the me-
thane emission volume (measured in MtCO2eq per year) is indicated by the Y axis. Fig (a) show the cultivation of rice, the disposal of waste 

from agri-food systems (b), the burning of crop residues (c), the enteric fermentation process (d), the consumption of food by households (e), 
the management of manure (f), the use of energy on farms (g) and the manufacturing of pesticides (h). 

a b 

c d 

e f 

g h 
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(1.45), along with the highest R2 (0.98) value, the linear 

regression model achieved the best forecast accuracy among 

all models. Its higher training accuracy further validated its 

superior performance over other models. 

  This research component focuses on the 
significant task of projecting methane emissions from India's 

agricultural activities during the next 10 years, from 2021 - 

2030. Using relevant historical data patterns and 

environmental characteristics, we apply advanced machine 

learning techniques (LR, RF, XGB, GDR, ABR, RR and LASSO) to 

predict future emissions. Table 3 and Fig. 10 provide a 

comprehensive summary of the predicted methane 

emissions levels, offering insights in potential future trends. 

To ensure accuracy, we compare these projected values to 

genuine datasets of methane emissions from agricultural 

operations between 1990 and 2019. The contrast is shown 

graphically, with the historical trends displayed beside our 

model's approximations. Adding the best-performing Linear 

regression technique aims to increase our forecasts' accuracy 

and consistency. 

 Our analysis incorporates dynamic factors and 

unpredictable settings beyond simple extrapolation. This 

approach aims to capture the complexity of environmental 

and agricultural dynamics, providing a deeper understanding 

of future emissions trajectories. This strategy enables 

accurate forecasting for the 2021 - 2030 time frame 

contributing valuable insights to climate change mitigation 

and policy development (Fig. 11). 

 

 

Fig. 6. MAE assessment 

 

Fig. 7. MSE assessment. 

Evaluation metrics MAE MSE RMSE R2 Test accuracy (%) Train accuracy (%) 
LR 1.45 3.86 1.95 0.988 98 99 
RF 1.91 5.15 2.27 0.985 98 99 
GDR 2.01 6.36 2.52 0.981 98 99 
ABR 2.41 6.64 2.62 0.982 96 99 
XGB 3.46 17.43 4.17 0.957 95 99 
RR 1.50 5.01 2.23 0.985 98 98 
LASSO 1.50 5.10 2.34 0.984 98 98 

Table 2. Evaluation criteria values for all the machine learning models used in this study 

https://plantsciencetoday.online
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Conclusion 

Our study shows that the linear regression approach 

demonstrates superior predictive performance in forecasting 

methane emissions from agricultural operations in India for 

the period of 2021 - 2030, outperforming other machine 

learning models. With the highest R2 (0.98) value and the 

lowest RMSE (1.95), MSE (3.86) and MAE (1.45) among all 

models, the linear regression model scored best in terms of 

forecasting accuracy. This model can be used to forecast 

methane emissions from agriculture and inform economic 

strategies aimed at reducing air pollution. 

  The models developed in this study have 

demonstrated strong positive predictive performance for 

forecasting agricultural methane emissions. However, these 

models are limited to estimating emissions from agricultural 

fields and do not account for all possible pollution scenarios, 

such as variations in farming practices or external 

environmental factors.  Although non-linear models like 

XGBoost and Random Forest typically outperform linear 

regression in complex datasets, our analysis found that 

methane emissions from agriculture exhibited a strong linear 

trend over time. The linear regression model achieved an R² 

of 0.98, outperforming other models due to its simplicity and 

reduced overfitting risk. However, further research should 

explore hybrid models that incorporate both linear and non-

linear approaches. 

 Policymakers can use these findings to develop 
targeted methane reduction strategies in agriculture by 

promoting low-emission rice cultivation, improved livestock 

 

Fig. 8. RMSE assessment. 

Fig. 9. R2 assessment. 

Year Total CH4 emission, MT 

2021 448.134 

2022 478.664 

2023 468.121 

2024 485.859 

2025 472.382 

2026 487.66 

2027 502.188 

2028 489.138 

2029 492.335 

2030 498.894 

Table 3. Predicted agricultural methane emissions over the next 
decade (2021-2030) 
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Fig. 10. Line graph of machine learning algorithms used to forecast emissions of methane. The anticipated values are shown on the y-axis in 
the image, while the actual values are shown on the x-axis. The orange curve shows the outcomes that the model anticipated, whereas the 

blue curve shows the actual data.  

a b 
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feed management and enhanced manure treatment 

practices. The study’s machine learning-based forecasting 

approach can aid in better monitoring and regulation of 

agricultural emissions. Integrating these insights into 

national climate policies can help India align with global 

methane reduction commitments, improving sustainability 

and food security while mitigating climate change impacts. 

Limitations 

This study focuses solely on methane emissions from 

agricultural activities and does not account for methane from 

wetlands, waste management, or energy production. Our 

dataset covers the period 1990 - 2021, but future research 

should incorporate real-time satellite observations to 

enhance accuracy. Linear regression provided the best results 

for our dataset, future studies should explore ensemble 

learning techniques to model seasonal and regional 

variations in methane emissions. 
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