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ABSTRACT

This study examines the key factors influencing greenhouse gas emissions from the agricultural sector in India using an econometric framework. Time series data for the period 1990-2021 were collected from the secondary sources,namely World Development Indicators and national databases. The variables considered include livestock production index, crop production index, fertiliser consumption, forest area, agricultural land area, electricity consumption and total fisheries production. To ensure robustness, unit root tests were conducted, confirming that all variables are integrated of order one. The Johansen Cointegration test revealed the presence of a long-run equilibrium relation among the variables. The Dynamic Ordinary Least Squares model was employed to estimate long-run elasticities. The results indicate that crop production, livestock production index, fertiliser consumption and total fisheries production significantly increase greenhouse gas emission. In contrast, forest area and agricultural land area exhibit a significant negative impact, highlighting their mitigating role. Electricity consumption was found to be statistically insignificant. Diagnostic tests confirms the absence of multicollinearity, heteroscedasticity and autocorrelation, validating the model’s reliability. The findings suggest that agricultural intensification significantly contributes to emissions, while land-use management and forest conservation play a crucial role in mitigation. The study provides important policy insights for promoting climate-smart and sustainable agricultural practices.
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INTRODUCTION

One of the most threatening global issues in the 21st century is climate change due to greenhouse gas emissions from various sectors. Agriculture sector is also a primary sector represents about one-third of total anthropogenic greenhouse gas emissions (Thongnim and Charoenwanit, 2024).Literatures suggest that while considering historical data from 1991 to 2020 a slight decline in global agricultural emissions from 11.50 to 10.89 Gt CO2eq were found due to reduced deforestation.By using deep learning models it is predicted that if the current trend persist, by 2050 the emission would rise to 11.82 GtCO2eq (Li et al.,2025). This rise might be due to the intensive practices adopted to increase the productivity to ensure food security rather than focusing on long term environmental sustainability (Doğan & Kan, 2024).

The main drivers of these emissions are multifaceted,involving biological, technical and economic aspects. Among agriculture sector, livestock continues to account for the majority of the emissions through enteric fermentation and manure management and are expected to generate over 80% of the global increase in agricultural emissions by 2030 (Teske and Nagrath, 2022). Next to that crops like maize, potato and rice production contributes nearly 31% of crop-related field emissions (Zhou et al.,2025). To increase the yield of these crops synthetic nitrogen fertilisers are widely used. But the supply chain of synthetic fertilisers from manufacture to the field alone contributes 10.6% to total agricultural greenhouse gas emissions (Menegat et al.,2022). In addition to it, as of economic aspect is considered population growth and trade trends also plays a prominent role in shaping the emission trajectories of regions worldwide, especially within Asia and Europe (Rokicki and Fayisa, 2025).

Identifying and quantifying the impact of each factors is detrimental. Various gases will be emitted from each factors (Table.1). It requires sophisticated modelling because the relation between agricultural development and environmental degradation is often non-linear. Evidences insist that expansion of agricultural land increases emission due to intensive agricultural practices and economic indicators like agricultural value-added may exhibit complex U-shaped or N-shaped relationships with greenhouse gas emissions (Mahmood et al.,2024). Econometric analysis plays a crucial role in determining the long term effect of various factors influencing emissions which in turn help policy makers to design efficient policies that promote climate smart agriculture and conserve ecosystem (Ahmed et al.,2025). Therefore, the objective of my research is to analyse the key factors influencing greenhouse gas emissions from agriculture through econometric analysis.

Table 1. Factors contributing to Greenhouse Gas Emissions from Agriculture

	Variable
	CO₂
	CH₄
	N₂O
	Explanation
	Reference

	Rice area
	
	✅
	✅
	Paddy fields emit CH₄ under flooded conditions and N₂O from nitrogen fertilizers.
	 Pathak (2013)

	Livestock production index
	
	✅
	✅
	Livestock produce CH₄ through enteric fermentation and N₂O from manure management.
	Merve et al.(2021), Valencia et al.(2022), Ali et al. (2022),

	Fertilizer consumption
	✅
	
	✅
	Fertilizer application increases N₂O emissions, and energy used in fertilizer production leads to CO₂ emissions.
	Rezbova et al.(2022)



	Energy Use in Agriculture
	✅
	
	
	Higher electricity use in agriculture leads to CO₂ emissions from fossil fuel-based power generation.
	Waheed et al.(2017), Raihan et al.(2023)

	Agriculture value added
	✅
	✅
	✅
	Higher agricultural activity can increase CO₂ (energy use), CH₄ (livestock, rice), and N₂O (fertilizers).
	Waheed et al.(2017), Valencia et al.(2022)  



	Forest area (negative effect)
	✅ (↓)
	
	
	Higher forest area reduces CO₂ emissions by sequestering carbon, indirectly affecting GHG levels.
	Waheed et al.(2017),  Kumara et al.(2023)

	Total fisheries production
	
	✅
	
	Aquaculture (especially wetlands-based) contributes to CH₄ emissions.
	Valencia et al.(2022), Li et al. (2023)



	Crop production index
	✅
	
	✅
	Increased production requires fertilizers (N₂O) and mechanization (CO₂).
	Waheed et al.(2017),  Ali et al. (2022),  Sah & Devakumar (2018)

	Agricultural Land Area

	✅
	✅
	✅
	Larger agricultural land area increases emissions due to higher fertilizer application (N₂O), increased livestock production (CH₄), and energy use for mechanization (CO₂). However, land management practices, such as conservation tillage and agroforestry, can mitigate emissions
	 Ali et al. (2022), Raihan et al (2022), 




METHODOLOGY

Data:

This study investigated the dynamic impact of livestock production index, forest area, fertiliser consumption,total fisheries production, crop production index,agricultural land area, electricity consumption in agriculture on greenhouse gas emission from agriculture in India employing the dynamic ordinary least squares (DOLS) approach of cointegration (Stock and Watson, 1993). The secondary time series data on following variables were collected from official government websites for the period from 1990 to 2021 (Table.2).

Table 2. Description of Variables

	Variables
	Description
	Logarithmic Forms
	Units
	Sources

	GHG
	Green House Gas Emission from Agriculture
	LGHG
	CO2 eq
	World in data

	LPI
	Livestock Production Index
	LLPI
	International dollars
	WDI

	FA
	Forest area
	LFA
	000’ha
	Land Use Statistics At A Glance 2022-23

	FC
	Fertilizer consumption
	LFC
	kg per hectare of arable land
	WDI

	TFP
	Total fisheries production
	LTFP
	Metric tons
	WDI

	CPI
	Crop production index
	LCPI
	International dollars
	WDI

	ALA
	Agricultural Land Area
	LALA
	000’ha
	Economic Survey Report 2023-24

	EC
	Electricity Consumption in Agriculture
	LEC
	Giga Watt Hour
	 Reports from Govt. of India


Empirical Model:

The economic function developed for the study is,

GHGt = f ( LPIt, CPIt, FCt, FAt, AVAt, ECt, TFPt )…………………………………………..Eq.1

The following equation depicts the empirical model,

GHGt = β0 + β1 LPIt + β2 CPIt + β3 FCt + β4 FAt + β5  AVAt + β6 ECt, + β7 TFPt…………Eq.2 
Where, β0 is the  Intercept term, β1, β2, β3, β4, β5, β6, β7 are the Coefficient of the variables 

The econometric model of the Eq.2 is,

GHGt = β0 + β1 LPIt + β2 CPIt + β3 FCt + β4 FAt + β5  AVAt + β6 ECt, + β7 TFPt + εt ……Eq.3
Where, εt = Error Term
The Logarithmic form of the Eq.3 is,

LGHGt = β0 + β1 LPIt + β2 LCPIt + β3 LFCt + β4 LFAt + β5  LAVAt + β6 LECt, + β7 LTFPt + εt…………………………………………………………………………………………………Eq.4
Stationarity Test (Unit Root Test):

Time series variables usually need stationarity check for reliability in econometric results. Augumented Dickey Fuller (ADF), Dickey-Fuller generalised least squares (DF-GLS) and Phillips and Perron (P-P) tests are employed to check the stationarity of each time series variable. The ADF test assesses the null hypothesis of a unit root by examining the Tau-statistics, often selecting the optimal lag length based on the Schwarz Criterion. Eventhough ADF test is a standard approach, for robust investigation DF-GLS and P-P test were conducted. In this analysis, if the variables are found to be non-stationary at level but found to be stationary at their first difference then that variables are taken for further analysis in the model (Dickey and Fuller,1979; Elliott et al.,1992; Phillips and Perron, 1988).

Johansen Cointegration Test:

Johansen Cointegration test is done to determine whether a stable long term relationship exist between greenhouse gas emission from agriculture and the factors influencing the emission. This multivariate approach is helpful in identifying the number of cointegrating vectors among variables that are integrated of the same order. The test utilises two likelihood ratio statistics: one is Trace Statistic and the another one is Maximum Eigenvalue. The null hypothesis is there are no cointegrating equations (r=0) and a rejection of this hypothesis at 5% significance level indicates that there is a presence of at least one long-run equilibrium relationship (Johansen,1988).

DOLS Cointegration Regression:

This study employs dynamic ordinary least squares model to evaluate the long-term relationship between the emission and its factors. DOLS is an extended form of ordinary least squares. The main advantage of this model is it produces unbiased and efficient estimates by incorporating leads and lags of the first-differenced explanatory variables, which will effectively address the issues of endogeneity and serial correlation that usually affect cointegrating regressions. By augmenting the static regression with these dynamic components, the model provides a more robust analysis of the long-term elasticities between agriculture emission and environmental degradation compared to standard OLS. This method is especially useful in environmental economics to confirm the stability of the long-run equilibrium when variables are integrated of the order (Hardi et al.,2023). 

The extended form of Eq.4 is,

LGHGt = β0 + β1 LPIt + β2 LCPIt + β3 LFCt + β4 LFAt + β5  LAVAt + β6 LECt + β7 LTFPt + γ1 LPIt-1 + γ 2 LCPIt-1 + γ 3 LFCt-1 + γ 4 LFAt-1 + γ 5  LAVAt-1 + γ 6 LECt-1, + γ 7 LTFPt-1 + δ1 LPIt+1 + δ 2 LCPIt+1 + δ 3 LFCt+1 + δ 4 LFAt+1 + δ 5  LAVAt+1 + δ 6 LECt+1, + δ 7 LTFPt+1 + εt…………Eq.5

Where, β is the Coefficient of the current terms, γ is the Coefficient of the lagged terms and δ is the Coefficient of the lead terms

RESULT AND DISCUSSION

Descriptive Statistics and Correlation Analysis

The statistical values of various normality test were presented in the (Table.3) which highlights whether the variables are suitable for further analysis. Each variable has 32 observations. The greenhouse gas emission has minimal standard deviation of 0.08, suggesting consistent environmental pressure over the period. LEC and LLPI exhibit the highest variability with standard deviation of 0.42 and 0.41 respectively, reflecting significant shifts in agricultural intensification and livestock management. These are factors which contribute over 80 per cent of projected increases in global methane and nitrous oxide (Raihan et al.,2023). LFC shows notable dispersion and LALA shows nearly constant standard deviation. Further, all variables shows negative kurtosis values ranges from -0.83 to -1.34 which indicates a platykurtic distribution with flatter peaks than a normal distribution. When skewness is considered all the variables shows a value nearer to zero, confirming that data is relatively symmetric structure suitable for subsequent analysis.
Table.3 Descriptive Statistics of Key Variables
	Variables
	LGHG
	LLPI
	LCPI
	LFC
	LFA
	LTFP
	LEC
	LALA

	Mean
	20.30
	4.17
	4.35
	4.84
	11.16
	15.79
	11.63
	14.40

	Standard Error
	0.01
	0.07
	0.05
	0.06
	0.00
	0.07
	0.07
	0.00

	Median
	20.30
	4.11
	4.29
	4.88
	11.18
	15.74
	11.49
	14.40

	Standard Deviation
	0.08
	0.41
	0.26
	0.33
	0.02
	0.37
	0.42
	0.00

	Sample Variance
	0.01
	0.17
	0.07
	0.11
	0.00
	0.14
	0.18
	0.00

	Kurtosis
	-1.29
	-1.21
	-1.29
	-1.34
	-1.30
	-0.94
	-0.92
	-0.83

	Skewness
	-0.01
	0.28
	0.18
	-0.24
	-0.45
	0.29
	0.24
	-0.10

	Range
	0.28
	1.31
	0.86
	1.05
	0.07
	1.31
	1.51
	0.02

	Minimum
	20.15
	3.59
	3.93
	4.30
	11.12
	15.17
	10.83
	14.40

	Maximum
	20.44
	4.91
	4.79
	5.35
	11.19
	16.49
	12.34
	14.41

	Sum
	649.51
	133.56
	139.19
	154.89
	357.22
	505.22
	372.01
	460.94

	Count
	32
	32
	32
	32
	32
	32
	32
	32


The correlation matrix reveals a high degree of linear relationship between the variables (Fig.1). GHG shows a strong positive correlation with Fertiliser consumption and crop production index, which is mainly due to the reason that intensive cultivation requires more synthetic nitrogen fertilisers for their effective growth in turn it leads to nitrous oxide, methane and carbon di oxide emission. Similarly livestock production index and fisheries production also has positive correlation. Through enteric fermentation more methane and nitrous oxide will be released. Electricity consumption also has positive correlation because nowdays modernisation has been came up in the field of agriculture. In contrast, agricultural land area shows negative correlation with emission because as agriculture land decreases the use of these inputs got increased for intensive cultivation practice to improve yield in turn the emission got increased irrespective of stable or slightly declining land use. Further, the LPI and EC and LPI and CPI shows very high inter-correlations among the independent variables, potentially cause multicollinearity. But this can be rectified by using differencing technique  and also advanced econometric techniques like dynamic ordinary least squares is used to obtain unbiased long-run estimates (Zwane et al.,2023).
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Fig.1 Correlation Heatmap

Unit Root Test

(Table.4) confirms all the variables are integrated of order one, which is essential for establishing cointegrating relation. According to ADF and P-P tests, all the variables including LGHG, LFC and LPI are non-stationary at their log levels but becomes stationary at 1% significance level upon first differencing in ADF and P-P test. While in DF-GLS test shows some significance at the level, the consistent findings across the ADF and P-P tests reinforce the conclusion that the series follows a unit root process and are transformed into stationary state after differencing (Fofack and Derick,2020). The uniform integration property across the dependent and independent variables ensures that the data is suitable for the Johansen Cointegration test and Dynamic Ordinary Least Squares estimation.
Table.4 The result of Unit Root Test
	Variables
	ADF
	DF-GLS
	P-P

	
	Log

 level
	First

 Differencing
	Log

 level
	First 

Differencing
	log 

level
	First

 Differencing

	LGHG
	-0.4406
	-4.7460***
	0.8973**
	0.0532*
	-0.323
	-4.9620***

	LLPI
	2.5397
	-7.4102***
	0.8921**
	0.6343**
	3.0556
	-6.9215***

	LCPI
	0.0146
	-7.5641***
	0.8973**
	0.0676*
	0.9600
	-8.6632***

	LFC
	-1.9488
	-4.6476***
	0.8709**
	0.1007*
	-1.3084
	-4.6256***

	LFA
	-1.7629
	-5.9743***
	0.8555**
	0.2758*
	-2.2829
	-6.0496***

	LTFP
	1.8839
	-10.1582***
	0.8984**
	0.2147*
	0.9212
	0.9055***

	LEC
	-0.2165
	-3.4226**
	0.8652**
	0.1137*
	-0.9055
	-4.0594***

	LALA
	-0.1912
	-7.3733***
	0.8905**
	0.1370*
	0.7516
	-8.9572***


Johansen Cointegration Test

The results of the Johansen Cointegration test, presented in the (Table.5), establish a robust long-term equilibrium relationship between agricultural greenhouse gas emissions and its factors determining emission. To determine the number of cointegrating vectors , both the trace statistic and maximum eigenvalue are evaluated against their respective 5% critical values. The trace statistic indicates the presence of four cointegrating equations, as the null hypothesis is rejected. Specifically, at the trace statistic of 266.59 significantly exceeds the critical value of 159.52 and this pattern continues until r=3, where the statistic (70.02) remains above the threshold (69.81). While the maximum eigenvalue test is slightly more conservative, it confirms the existence of atleast two cointegrating vectors, rejecting the null hypotheses at r=0 (109.79>52.36) and r=1 (57.38>46.22). This results are consistent with previous research on the energy-enviromnent nexus, suggesting that despite short term fluctuations, agricultural inputs and emissions move together over time (Dogan and Karakas, 2019; Raihan et al.,2023). Consequently, the presence of these cointegrating vectors justifies the use of the DOLS framework to estimate the specific long-run elasticities of the model.

Table.5 The results of Johansen Cointegration Test

	Rank
	Trace Statistic
	Critical Value  at 5%
	Decision
	Max Eigen Statistic
	Critical Value  at 5%
	Decision

	0
	266.59
	159.52
	Cointegration exist
	109.79
	52.36
	Cointegration exist

	1
	156.80
	125.61
	Cointegration exist
	57.38
	46.22
	Cointegration exist

	2
	99.41
	95.75
	Cointegration exist
	29.39
	40.07
	No cointegration 

	3
	70.02
	69.81
	Cointegration exist
	27.14
	33.87
	No cointegration 

	4
	42.87
	47.85
	No cointegration 
	16.95
	27.58
	No cointegration 

	5
	25.92
	29.79
	No cointegration 
	15.87
	21.13
	No cointegration 

	6
	10.04
	15.49
	No cointegration 
	6.22
	14.26
	No cointegration 

	7
	3.82
	3.84
	No cointegration 
	3.82
	3.84
	No cointegration 


Dynamic Ordinary Least Squares Estimation
The results presented in (Table.6), provide the long-run elasticities of GHG and its determinants. The model demonstrates exceptional explanatory power, with an R-Squared of 0.97 which indicates that the selected variables account for 97% of the variance in emissions. The F-statistic confirms that overall significance of the model, while Durbin-Watson statistic suggest that the DOLS framework was effectively addressed potential serial correlation issues, yielding unbiased estimates. The empirical results highlight several critical drivers of environmental degradation,

(i) Crop and Livestock Indices: Both the CPI and LPI exert a significant positive influence on emissions. A 1% increase in Crop production leads to a 0.189% increase in GHG, while a similar increase in livestock activities increase the GHG emission by 0.127%. This is consistent with findings of Teske and Nagrath,2022 and Zhou et al.,2025.

(ii) Fertiliser Consumption: It is a major technical determinant, with a 1% rise in consumption contributes to 0.137% increase in GHG. This aligns with global data and findings of Menegat et al.,2022.

(iii) Mitigating Factors: Forest area and Agricultural land area both show significant negative coefficients. The negative forest coeffcient underscores its role as a vital carbon sink (Ahmed et al.,2025; Teske and Nagrath,2022). Interestingly, the negative land area coeffcient suggests that land expansion may reduce emission intensity compared to highly concentrated intensive farming or it reflect a transistion towards more efficient land management practices.

(iv) Total Fisheries Production: This variable also significantly increases the carbon footprint, confirming that aquatic production is an integrated component of agricultural emission (Ahmed et al.,2025)
Notably, Electricity Consumption was found to be statistically insignificant suggesting that in this specific context, direct electrical energy use may be a secondary factor compared to the biological and chemical drivers of emissions such as livestock and fertilisers (Rokicki and Fayisa,2025). Overall, these DOLS outcomes provide a robust empirical foundation for tailoring climate smart agricultural policies focused on optimising nitrogen use and managing livestock intensity.

Table.6 DOLS Cointegration Regression Outcomes

	Variables
	Coefficient
	Standard Error
	p-values

	Livestock Production Index
	0.1271***
	0.030
	0.000

	Crop Production Index
	0.1897***
	0.017
	0.000

	Agricultural Land Area
	-1.1314***
	0.434
	0.009

	Total Fisheries Production
	0.1097***
	0.020
	0.000

	Forest Area
	-0.2854***
	0.075
	0.000

	Electricity Consumption
	0.0142
	0.011
	0.182

	Fertiliser Consumption
	0.1373***
	0.010
	0.000

	C
	0.0039
	0.002
	0.023

	R2
	0.9700
	 
	 

	F-Statistic
	1562
	 
	 

	Prob (F-Statistic)
	0.0000
	 
	 

	Durbin-Watson
	2.043
	 
	 

	Root Mean Square Error (RMSE)
	0.0020
	 
	 

	Mean Absolute Error (MAE)
	0.0014
	 
	 


Diagnostic Check

To ensure the statistical validity and robustness of the test result, several diagnostic checks were carried out to confirm that the model is correctly specified and the estimates are unbiased. The results of multicollinearity show that the variance inflation factor (VIF) values for all the variables ranging from 1.02 for LTFP to 1.48 for LALA (Table.7) are well below the conservative threshold of 5, indicating that multicollinearity does not compromise the independent effects of the agricultural drivers. Furthermore, the general diagnostic test result presented in (Table.8) validate the residual properties: the Jarque-Bera test confirms that the residuals are normally distributed, while the Lagrange multiplier test indicates the absence of serial correlation, demonstrating that the DOLS framework effectively captured the dynamic agricultural time-series data. Finally, the Breusch-Pagan-Godfrey test establishes homoscedasticity, ensuring that the error terms have constant variance and the standard errors are efficient. Collectively, these diagnostic outcomes confirm that the empirical relationship between agricultural intensification and greenhouse gas emissions is robust and provides a reliable foundation for sustainable policy recommendations.
Table.7 The Results of  Multicollinearity Test

	Variable
	VIF Value

	LFC
	1.07

	LLPI
	1.21

	LTFP
	1.02

	LEC
	1.15

	LALA
	1.48

	LFA
	1.05

	LCPI
	1.39


Table.8 The Results of Diagnostic Test:

	Diagnostic Tests
	Coefficient
	p-value
	Decision

	Jarque-Bera test
	3.2175
	0.2001
	Residuals are normally distributed

	Lagrange Multiplier test
	6.5115
	0.7706
	No significant autocorrelation

	Breusch-Pagan –Godfrey test
	16.2567
	0.7551
	No heteroscedasticity exists.


CONCLUSION

This study analyses the determinants of greenhouse gas emissions from the agricultural sector in India using a robust econometric approach and concluded that there is an exiatence of long-run equilibrium relationship between agricultural greenhouse gas emission and its key production related determinant variables. Among the variables, crop production, livestock activities, fertiliser consumption and fisheries production significantly contribute to increased emission from agriculture, reflecting the environmental cost of agricultural intensification aimed at ensuring food security. On the other hand, forest area and agricultural land area show a mitigating effect on emissions, highlighting the importance of sustainable land-use practices and the role of forests as carbon sinks. The insignificance of electricity consumption suggest that biological and chemical inputs are more dominant drivers of emission in the agricultural sector than energy use.

The study highlights the need for targeted policy interventions focusing on efficient fertiliser use, improved livestock management and promotion of sustainable farming practices such as precision agriculture and integrated nutrient management. Strengthening afforestation programs and optimising land-use patterns can further help in reducing emission intensity. Overall, the findings emphasize the importance of balancing agricultural productivity with environmental sustainability. Further research may incorporate nonlinear models or region-specific analysis to capture the complex dynamics between agricultural development and climate change.
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