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Abstract: This study analyzes the series of annual emissions of greenhouse gases (GHGs) 
from agriculture in the European Union countries for 32 years. The outliers, autocorrela-
tion, and change points were detected for each series and the Total one using the boxplot, 
autocorrelation function (ACF), and Pettit, Hubert, and CUSUM tests. The existence of a 
monotonic trend in the data series was checked against the randomness by the Mann–
Kendall test; further, the slope of the linear trend was determined by Sen’s nonparametric 
approach and classical regression. The best distribution was fitted for each data series. The 
results indicate that most series present aberrant values (indicating periods with high 
emissions), are autocorrelated, and have a decreasing tendency over time (showing the 
diminishing of GHG emissions from agriculture during the study period). The distribu-
tions that best fit the individual series were of Wakeby, Johnson SB, Burr, and Log-logistic 
type. The Total series has a decreasing trend, presents a second-order autocorrelation, and 
is right-skewed. An ARIMA(1,1,2) model was built and validated for it and was used for 
the forecast. 
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1. Introduction 
Agriculture is essential for feeding the global population, but certain agricultural 

practices contribute significantly to various forms of environmental pollution. The rela-
tionship between agricultural practices and pollution is complex. Many farming tech-
niques and activities directly or indirectly lead to water-, soil-, and air-quality degradation 
[1], as summarized below. 

(a) Water pollution is produced by the following: 

• Nutrient runoff due to fertilizers (often containing nitrogen and phosphorus) 
that can wash into rivers, lakes, and oceans during rain, leading to eutrophica-
tion [2]. 

• Pesticides and herbicides, which often find their way into water systems 
through runoff or leaching, contaminate drinking-water sources and become a 
possible risk to human life and ecosystems [3]. 

• Livestock waste, which contains harmful pathogens, excess nutrients, and 
chemicals that can contaminate water supplies when they are improperly man-
aged [4,5]. 

(b) Soil pollution is the result of the following: 

• Overusing pesticides and synthetic fertilizers that can contaminate soil, reduc-
ing soil quality and biodiversity [6]. 
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• Agricultural practices like deforestation, overgrazing, and unsustainable farm-
ing methods can lead to soil erosion, degrading the land quality and contrib-
uting to sedimentation in waterways, thus harming aquatic habitats [7]. 

(c) Air pollution appears due to the following: 

• Ammonia (NH₃) released into the atmosphere from two main sources—animal 
manure and synthetic fertilizers—which can cause health issues, especially res-
piratory problems [8]. 

• GHGs emitted from livestock farming (that produces methane—CH4—through 
enteric fermentation), and fertilizers use (emitting nitrous oxide—N2O). They 
are essential contributors to climate change [9], and their effects are mostly irre-
versible. Apart from burning fossil fuels, CO2 is mainly produced by microbial 
activity in the soil and the plants’ decay [10]. 

CH4 remains approximately 12 years in the atmosphere and traps heat more than 25 
times better than CO2 in the short term [11,12]. N2O is an important anthropogenic green-
house gas, and agriculture is its most significant producer [13,14]. Compared to CO2, N2O 
has a global-warming potential that is 310 times greater over 100 years, persisting in the 
atmospheric environment for approximately 109 years and significantly contributing to 
climate change on the long-range horizon [15]. 

The FAO report [16] comprehensively analyzes livestock’s contribution to GHG 
emissions and identifies mitigation strategies, mainly focusing on methane from enteric 
fermentation. Using life cycle assessment, statistical analysis, and scenario modeling, it 
also estimates the sector’s mitigation potential and highlights specific options for reducing 
emissions. Hristov et al. [17] review strategies to mitigate methane emissions from live-
stock, such as feed additives, breeding for lower methane-emitting animals, and improved 
livestock management. 

Various models for the emission process were also proposed. For example, Niko-
laisen et al. [18] proposed a GAM model for the emissions of CH4 from rice paddies, con-
sidering as variables the soil organic carbon, pH, water regime during the growing season, 
crop duration, and organic amendment. They also suggested possible mitigation strate-
gies, such as water management (alternate wetting and drying) and the use of metha-
notrophic bacteria. The article [19] presents a comparison of the models proposed in 
[20,21] for the same conditions. Cheng et al. [22] and Begum et al. [23] used the DayCent 
model to simulate the GHG mitigation possibility in China and Bangladesh, respectively. 
In the same category as DayCent are the following process models for grassland, livestock, 
and crop: APSIM, DNDC, EPIC-APEX, NASA-CASA, Roth-C, and RUMINANT [24]. A 
review of various types of models (DairyWise, FarmGHG, FarmSim, GLEAM, SIMS-Di-
ary, IFSM, IMAGE, LEITAP, and MITERRA) for the emission of different GHGs from live-
stock is provided in [25]. Still, none of the mentioned articles considers the GHG emission 
series; instead, they cover their emission mechanism and the factors that influence it. 

The spatiotemporal patterns of different types of methane emissions were also deter-
mined [26]. The scientists indicate that it is critical to understand the laws governing the 
emission process in order to be able to take measures for pollution reduction from agri-
culture, as proposed in [27]. 

The factors favoring the N2O emissions from agricultural soils are discussed in 
[28,29], whereas the options for their reductions and the costs involved are presented in 
[30]. Given the effort of diminishing pollution with GHG from agriculture, various solu-
tions have been proposed [22,31–34]. According to Smith et al. [35], the most significant 
impact in this direction is enhancing cropland and grazing-land management, restoring 
degraded lands, and cultivating organic soils. Water and rice management, land use 
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changes, agroforestry, manure, and livestock management also play an important role in 
achieving this goal. 

Whereas a projection for 2050 indicates 1.7 gigatons of GHG emissions from agricul-
ture [36], the European Union (EU) targets the reduction of CO2 emissions by 55% by 2030 
and aims to achieve climate neutrality by 2050 [37]. Considering this goal, the novelty of 
this research is to provide a deep investigation of the evolution of the GHG emissions 
series from agriculture in the EU countries from 1990 to 2022, including their trend (in-
creasing or decreasing) and the distributions that better characterize them. The attempt is 
important for a future forecast of the series’ tendency in the pursuit of reaching the EU 
objective. 

We also propose an ARIMA model describing the total GHG emissions from agricul-
ture in the EU. This model is used for forecasting the data series. The research extends the 
results from [38,39] and represents the basis for predicting agricultural GHG series evolu-
tion as a significant background for evaluating the stage of achieving the EU directives. 

The rest of the article is structured as follows: Section 2—Materials and Methods—
contains the data series and the methodology, including the statistical methods used to 
determine the series characteristics and the modeling technique. Section 3—Results and 
Discussion—presents the results of the analysis of the individual series, their distribu-
tions, and the ARIMA model for the Total series. Section 4—Conclusions—summarizes 
the study’s findings. 

2. Materials and Methods 
The data series consists of the annual GHG emissions from agriculture in the UE coun-
tries from 1990 to 2022 (Figure 1), downloaded from [40], whereas Figure 2 presents the 
volumes of GHG (in thousand tons) emitted in 2022, generated from [41]. 

 

Figure 1. Volume of GHG emissions from agriculture in the EU countries from 1990 to 2022 (pro-
cessed from the data available in [40]). 

Statistical analysis of the data series consisted of the following: 

i. Determining the boxplots and the outlying values. 

In this study, boxplots were built considering the quartiles and the interquartile 
range (IQR, i.e., difference between the upper quartile (𝑄ଷ) and the lower quartile (𝑄ଵ)). 
The outliers (aberrant values) are the values greater than 𝑄ଷ + 1.5 × IQR or lower than 𝑄ଵ  
− 1.5 × IQR [42]. 

ii. Investigating the autocorrelation in each series. 
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Figure 2. Volume of GHG emissions from agriculture in 2022 [41]. 

ACF indicates the variation in the correlation between two series values when the 
distance (lag) between them is modified [43]. For a time-series process, Xt, ACF is de-
fined by the following: 𝜌௛ = Cov(𝑋௧ ,𝑋௧ା௛) ටVar(𝑋௧)Var(𝑋௧ା௛) ,  (1) 

where Cov(𝑋௧,𝑋௧ା௛) is the covariance of 𝑋௧ and 𝑋௧ା௛, and Var(𝑋௧) is the variance of 𝑋௧. 
ACF measures the process memory. In our case, the series autocorrelation indicates 

the persistence of pollution over a certain period and the fact that the previous values 
influence the values recorded at a particular moment. To address this, we draw the corre-
lograms and empirical confidence intervals at a 95% confidence level. The autocorrelation 
hypothesis cannot be rejected if there are ACF values outside the confidence interval. 
iii. Investigating the change points existence. 

This analysis was performed by various techniques. The classical Pettitt test [44,45] 
determined a single change point for each series, whereas the Hubert [46] and CUSUM 
[47] tests were utilized to detect multiple break points. Given the autocorrelation of the 
residuals in the model on which the CUSUM is based, this procedure could not be per-
formed for all series, as shown in Table 2, column 6. The change points are listed based on 
their importance as they were detected by the method implemented in the Change-Point 
Analyser 2.3 (https://variation.com/product/change-point-analyzer/ (accessed on 10 Feb-
ruary 2025)). 
iv. Analyze the existence of a decreasing trend in the data series. 

Two methods were used to detect the existence of such a trend for each data series. 
The first one was fitting a linear parametric model of the GHG volume as a function of 
time. The significance of the coefficients was tested by the t-test, and that of the model as 
a whole was tested by the F-test. The R2 was also computed. If the coefficients and the 



Atmosphere 2025, 16, 295 5 of 17 
 

 

model were significant, we reported the slope. When it is negative (positive), the trend is 
decreasing (increasing). 

If the coefficients in the parametric model or the model itself were not significant, the 
Mann–Kendall test was used to test the hypothesis that the series has a monotonic trend 
against its randomness [48]. Sen’s (nonparametric) slope was detected for the linear trend 
when the randomness was rejected. It must be mentioned that the slope from the deter-
ministic model and Sen’s procedure are not equal because of the specific background of 
each method. 

In the following, we call the sum of the series recorded in all the 27 EU countries the 
Total series. 

v. Fit the best distribution for each data series and for the Total one. 

For this goal, the Kolmogorov–Smirnov [49], Chi-squared [50], and Anderson–Dar-
ling [51] goodness-of-fit tests have been employed. If the results were not concordant, the 
distribution ranked in a lower position (by summing up the ranks assigned by each crite-
rion) was chosen. 

vi. An ARIMA [43,52] model has been proposed for the Total series evolution. 

The Box–Jenkins approach has been used because of its flexibility and successful 
modeling results in various domains for time-series forecast [49,53–55]. 

Given a time series, {𝑌௧}, 𝑡 ∈ N∗, an ARIMA(p,d,q) model for it is defined by Equation 
(1): ൫1 − 𝜑ଵ𝐵 −⋯− 𝜑௣𝐵௣൯∇ௗ𝑌௧ = ൫1−𝜃ଵ𝐵 −⋯− 𝜃௤𝐵௤൯𝜀௧,   (2)

where B is the backshift operator; 𝜑௣ ≠ 0,𝜃௤ ≠ 0, p is the autoregressive order; q is the 
moving average order; d is the degree of differentiation, ∇ௗ= (1 − 𝐵)ௗ;  (3)

and {𝜀௧} is a white noise with a constant variance and zero mean. 
The left side of Equation (2) represents the autoregressive (AR) part of the model, 

whereas the right-hand side is the innovation part (the moving average part). 
Determining the ARIMA model involved the following stages: 

i. Analyze the data series, e.g., trend detection, computation of the ACF, and partial 
autocorrelation function (PACF). PACF indicates the correlation between a station-
ary time series and its lagged values, after removing the effects of intermediary time 
steps. 

ii. Test the series stationarity using the KPSS test [56]. The null hypothesis is trend (or 
level) stationarity, and the alternative is the non-stationarity. 

{𝑌௧} is called stationary if the expectation of 𝑌௧ଶ, E(𝑌௧ଶ), is finite, 𝐸(𝑌௧) is constant in 
time, and, the covariance, Cov(𝑌௧ ,𝑌௧ା௛), does not depend on the time t [52]. 

iii. If the stationarity hypothesis cannot be rejected, move to step iv. Otherwise, process 
the data series: take the difference when the trend is linear, and redo the test to check 
the stationarity of the new series. After reaching the stationarity, move to the next 
step. 

iv. Determine the model’s parameters based on the correlogram and the chart of PACF. 
A peak of PACF is a potential AR term in the model. The PACF’s cut-off represents 
a potential p, whereas the ACF’s cut-off is a potential q [52]. 

v. Select the best model using the Akaike criteria: 𝐴𝐼𝐶 = −2 ln(𝐿) + 2𝑘, where 𝑘 is the 
number of parameters, and 𝐿 is the maximum of the likelihood function. 
Among the possible models, the best model is that with the smallest 𝐴𝐼𝐶 [52]. 

vi. Predict future values based on the built model. 
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3. Results and Discussion 
3.1. Results for Individual Series 

We used the abbreviations:  Austria—AT; Belgium—BE; Bulgaria—BG; Cyprus—
CY; Czech Republic—CZ; Germany—DE; Denmark—DK; Estonia—EE; Spain—ES; Fin-
land—FI; France—FR; Greece—GR; Croatia—HR; Hungary—HU; Ireland—IE; Italy—IT; 
Luxembourg—LU; Lithuania—LT; Latvia—LV; Malta—ML; Netherlands—NL; Poland—
PL; Portugal—PT; Romania—RO; Sweeden—SE; Slovenia—SI; and Slovakia—SK. 

i. To give an image of the extent of GHG emissions during the study period, Figure 3 
presents the boxplots of the study series. BG, CZ, DE, EE, FI, FR, HR, HU, LT, LV, PL, 
RO, and SK series have outliers, represented by stars, indicating the existence of years 
with very high GHG emissions. Moreover, we can differentiate between the high-
emitters—FR and DE; medium emitters—ES, PL, NL, RO, and IE; and all the other 
countries, which are much lower polluters. 

 

Figure 3. Boxplots of the study series. The stars represent the outliers. 

ii. The ACF’s analysis indicated that all series present autocorrelation. Figure 4 contains 
the AT, IT, and FI series correlograms with a 95% confidence interval. 

 

Figure 4. ACF for (a) AT, (b) IT, and (c) FI series with a 95% confidence interval. 
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The ACF’s values are represented by the vertical bars, and the dotted red curve rep-
resents the confidence interval limits. AT has a second-order autocorrelation because two 
values of ACF are outside the confidence interval, whereas IT (FI) has third- (first-) order 
autocorrelation. 

The third column of Table 1 indicates the autocorrelation order for each series. Sum-
marizing, 9, 12, and 6 series present first-order, second order, and third-order autocorre-
lation, respectively, indicating the accumulation of the pollutants in the atmosphere. 

Table 1. Autocorrelation, change points, and the distribution fitted for each series. 

No. Series Autocorrelation  
Order 

Change Points 
Pettitt Hubert CUSUM 

1 AT 2 13 3, 10, 13 - 
2 BE 3 16 11, 14, 17 11, 14, 17 
3 BG 2 8 2, 4, 5, 9 5, 25 
4 CY 2 18 4, 19 - 
5 CZ 1 8 2, 3, 5 - 
6 DE 1 13 2, 13 - 
7 DK 3 8 7, 10, 15, 20 - 
8 EE 1 6 3, 4, 6, 23 - 
9 ES 2 - 7, 19 7, 10, 16, 19, 28  

10 FI 1 13 2, 10 16 
11 FR 2 13 14, 21, 30 - 
12 GR 3 15 4, 11, 19, 25 4, 11, 19, 25 
13 HR 1 19 3, 24 3, 15, 20, 24 
14 HU 1 24 2,3,5,26 - 
15 IE 2 - 6, 15, 27 - 
16 IT 3 15 11,15,20 11, 15, 20 
17 LT 1 9 3,4,5,10 - 
18 LU 2 11 13, 26 13, 19, 26 
19 LV 1 8 3,4  - 
20 ML 3 15 11, 15, 20 - 
21 NL 2 13 5, 8, 13 - 
22 PL 1 11 2, 3, 11 - 
23 PT 2 15 16, 28 - 
24 RO 2 19 2, 3, 7, 10 - 
25 SE 3 16 10, 16 10,16 
26 SI 2 14 7,19 7, 11, 14, 21, 26 
27 SK 2 16 3, 4, 9, 16 4,15, 28  

iii. The three methods have found various change points. While the Pettitt test indicated 
when the most probable change point is likely to appear, the other two procedures 
either found at least two such points or could not be performed due to the deviation 
from the hypothesis they rely on (this is the case of CUSUM).  
In most cases when both Hubert and CUSUM tests could be performed, common 

change points were found. Comparing the results of the Pettitt and Hubert test, we found 
that the predominant breakpoint (Pettitt) either corresponds with one of the change points 
found by the Hubert procedure (in turquoise in Table 1) or is in the neighborhood (e.g., 
for PT, 15 by Pettit, and 16 for Hubert). 

Given the various methodologies on which the tests are based, a perfect match be-
tween the results of these three tests was not expected. Still, the fact that each series has at 
least a break point indicates a significant modification in the average GHG series after the 
change-point moment with respect to the average before it. 
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iv. After examining the data series visually, we fit a linear model for each series’ evolu-
tion in time (so, the independent variable was time, and the dependent variable was 
the volume of GHG emissions from agriculture) to address whether pollution ten-
dency was to diminish or increase during the study period. Column 2 of Table 2 con-
tains the slopes in the linear trends determined by the parametric procedure of the 
least squares method and the corresponding determination coefficients (R2) inside 
the brackets. 

Table 2. Slopes of the linear trend determined by the parametric (least squared method) and non-
parametric (Sen’s slope) methods. 

No. Country Slope of the Linear Parametric Trend 
and R2 (Inside Bracket) 

Sen’s Slope and p-Value  
(Inside Bracket) 

1 AT −28.6255 (60.89%) −28.2904 (<0.0001) 
2 BE −86.7240 (84.54%) −79.4657 (<0.0001) 
3 BG −81.0714 (20.06%) −10.2054 (0.6985) 
4 CY Model not significant −1.2258 (0.1777) 
5 CZ −90.2248 (28.98%) −37.9688 (0.0050) 
6 DE −266.5380 (62.61%) −249.4031 (<0.0001) 
7 DK −62.1136 (87.97%) −63.7738 (<0.0001)   
8 EE Model not significant 8.5937 (0.1496) 
9 ES Model not significant 8.8672 (0.8891) 

10 FI −18.6326 (52.15%) −15.6786 (<0.0001) 
11 FR −312.4920 (75.09%) −284.375 (<0.0001) 
12 GR −73.6078 (94.46%) −72.86611 (<0.0001) 
13 HR −32.8327 (58.02%) −27.2886 (<0.0001) 
14 HU Model not significant 4.7892 (0.7685) 
15 IE Model not significant 38.6600 (0.1038) 
16 IT −249.6000 (98.42%) −252.2263 (<0.0001) 
17 LT −68.2652 (29.61%) −11.9541 (0.1679) 
18 LU Model not significant −0.7542 (0.0973) 
19 LV −30.4156 (14.89%) 10.4355 (0.1496) 
20 ML −1.1150 (85.47%) −1.1163 (<0.0001)   
21 NL −236.0144 (71.36%) −231.2398 (<0.0001)   
22 PL −236.0796 (38.29%) −153.6965 (0.0097) 
23 PT −14.3618 (29.33%) −14.8273 (0.0061) 
24 RO −281.3051 (61.70%) −219.9531 (<0.0001) 
25 SE −32.7583 (77.40%) −4.3634 (<0.0001) 
26 SI −4.8368 (46.20%) −32.7668 (<0.0001) 
27 SK −76.7572 (69.74%) −57.4438 (<0.0001) 

The significance of the parameters in the model (slope and intercept) was tested by 
the t-test, whereas the F-test was performed to verify the model’s significance. When the 
model was not significant (the p-value of the F-test for the model significance was greater 
than 0.05—the significance level), we filled in Table 2 with “Model not significant”. 

Given that the linear parametric models for CY, EE, ES, HU, IE, and LU series were 
found to be non-significant, and R2 was very small for other models (BG, CZ, LT, LV, PL, 
PT, and SI), we applied the MK test, followed by the nonparametric Sen’s procedure to 
assess the existence of a decreasing trend of each individual series. The Sen’s slopes and 
the p-values (inside the brackets) are found in the last column of Table 2. A p-value less 
than 0.05 indicates a significant slope. 

The MK test did not confirm the existence of a significant monotonic trend for CY, 
EE, ES, HU, IE, LU, BG, LT, and LV (p-values > 0.05). For CZ, PL, PT, and SI, they 
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confirmed the existence of a decreasing trend (p-values < 0.05, and the corresponding z-
scores—not listed here—are negative). 

Performing the same analysis for the period after the change point detected by the 
Pettitt method and the last change point found by the Hubert procedure, the hypothesis 
that there is no trend could not be rejected for CY, HU, IE, and LU. A decreasing trend 
was found for BG, and an increasing one was found for EE, ES, LT, and LV. So, in the most 
recent period, EE, ES, LT, and LV experienced pollution augmentation, whereas no pollu-
tion decrease was noticed in CY, HU, IE, and LU. 

v. Table 3 contains the best distributions fitted for each series. 

Table 3. Distributions for the studied series. 

No. Series Distribution Type Parameters 
1 AT Wakeby α = 468.81, β = 0.12802, γ = 0, δ = 0, ξ = 7170.8 
2 BE Log-logistic (3p) α = 2.0921, β = 954.25, γ = 9069.6 
3 BG Log-logistic (3p) α = 1.578, β = 786.35, γ = 4628.1 
4 CY Wakeby α = 262.67, β = 2.4572, γ = 7.7626, δ = 0.3875, ξ = 427.07 
5 CZ Wakeby α = 43,469.0, β = 30.709, γ = 424.2, δ = 0.53181, ξ = 6618.7 
6 DE Johnson SB γ = −0.88026, δ = 1.7234, λ = 4072.1, ξ = 57,376.0 
7 DK Burr k = 0.15628, α = 118.94, β = 11,892.0 
8 EE Wakeby α = 601.18, β = 3.3156, γ = 146.65, δ = 0.39334, ξ = 1085.5 
9 ES Johnson SB γ = 0.55243, δ = 0.89958, λ = 10,158.0, ξ = 30,386.0 

10 FI Wakeby α = 34,358.0, β = 73.525, γ = 176.17, δ = 0.18494, ξ = 5688.7 
11 FR Wakeby α = 1.5485 × 105, β = 15.529, γ = 6854.9, δ = −0.76949, ξ = 60,279 
12 GR Johnson SB γ = −0.09028, δ = 0.88826, λ = 3275.6, ξ = 7481.8 
13 HR Wakeby α = 1551.4, β = 2.1665, γ = 67.241, δ = 0.54782, ξ = 2504.6 
14 HU Wakeby α = 11,285.0, β = 20.593, γ = 472.66, δ = 0.28557, ξ = 5260.8 
15 IE Johnson SB γ = 0.42233, δ = 1.0066, λ = 5437.7, ξ = 18,305.0 
16 IT Frechet α = 14.976, β = 33,858.0 
17 LT Log-logistic α = 2.2218, β = 509.44, γ = 3753.3 
18 LU GEV k = −0.52367, σ = 28.652, µ = 670.77 
19 LV Wakeby α = 1399.6, β = 8.1012, γ = 210.83, δ = 0.51505, ξ = 1615.1 
20 ML Wakeby α = 23.88, β = 0.47147, γ = 0, δ = 0, ξ = 79.431 
21 NL Frechet (3p) α = 1.2358, β = 1153.5, γ = 17486.0 
22 PL Burr k = 0.15628, α = 118.94, β = 11892.0 
23 PT Inverse Gaussian (3p) λ = 3037.6, µ = 3529.7, γ = 30,798.0 
24 RO Wakeby α = 4061.0, β = 7.0628, γ = 2431.2, δ = 0.1862, ξ = 17,525.0 
25 SE Burr k = 0.02475, α = 670.18, β = 6411.0 
26 SI Burr k = 0.35268, α = 83.442, β = 1737.5 
27 SK Log-logistic (3p) α = 1.7925, β = 571.29, γ = 1902.3 

Most PDFs are of Wakeby, Johnson SB, and Log-logistic types and are right-skewed. 
Once again, inhomogeneity between the various series is noticed, indicating a different 
pattern in the emissions series evolution. This finding is important for modeling the vol-
ume of GHG emission series at the regional scale and determining the best spatiotemporal 
model for pollutant series spread in the UE. We shall not insist on this topic, as it is the 
subject of another study. 

Figure 5 shows the probability density function (PDF) chart of the Wakeby type fitted 
for HR. 
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Figure 5. The probability density functions and histograms for HR. 

3.2. Results for the Total Series 

i. The boxplot of the Total series indicates the existence of a single outlier in 1990, repre-
sented by stars in Figure 6a, and a median value between 375,000 and 400,000 mega-
tons. 

 

 

Figure 6. (a) Boxplots of the Total series. The stars represent the outliers, (b) ACF, and (c) PACF of 
the Total series. The blue bars represent the values of ACF (in (b)) and PACF (in (c)) at different lags, 
and the red lines are the limits of the confidence interval with 5% significance level. 

ii. Figure 6(b) shows the ACF chart, and Figure 6c contains the chart of PACF. The limits 
of the confidence interval at a significance level of 5% are represented by red curves. 
A second-order autocorrelation and a first-order partial autocorrelation are observed. 
The decreasing shape of ACF can indicate a non-stationarity of the data series, which 
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will be later addressed. ACF and PACF level off after the second and first lag, respec-
tively (i.e., all the values are inside the confidence interval). This property will be used 
to determine the parameters for the ARIMA model, as explained in Section 2. 

iii. The Pettitt test indicates the 16th year (2005) as a change point, and the Hubert proce-
dure returned the 12th and 19th years (2001 and 2008). The CUSUM hypotheses were 
violated, so the test was not performed. 

iv. After fitting a linear deterministic model for the time series, we found a significant 
decreasing slope of (–2256.81), with a corresponding variance explained by the model 
of 74.19%. The MK test confirmed the existence of a significant monotonic trend, with 
the Sen’s slope of (−2128.652 and a p-value < 0.0010). Both procedures indicated a dec-
rement in the volume of GHG emissions from agriculture at the EU level during the 
study period. 

v. Three criteria were utilized to detect the best distribution that can be fit for the Total 
series. The Johnson SB distribution belongs to the same class of distributions as John-
son SU, normal, and log-normal. Every element of this class could be transformed into 
a Gaussian distribution by elementary transformations (e.g., 1/x, sin, exp, ln, arccos, 
and radical) [57,58]. 

The equation of the probability distribution function—Johnson SB—fitted for the To-
tal series is as follows: 

𝑓(𝑥)  =  ቐ 𝛿√2𝜋 𝜆(𝑥 − 𝜉)(𝜉 + 𝜆 − 𝑥) exp ቊ− 12 ൤𝛾 + 𝛿ln ൬ 𝑥 − 𝜉𝜉 + 𝜆 − 𝑥൰൨ଶቋ , if (5)0                                                                                            , otherwise     (4) 

where 𝜉 < 𝑥 < 𝜉 + 𝜆, 𝛿 > 0,−∞ <  𝛾 < +∞, 𝜆 > 0, 𝜉 ≥ 0. (5) 

The parameters are, in this case, as follows: 

γ = 2.1063, δ = 1.0534, λ = 218520, ξ = 36,4610. (6) 

This PDF is represented in Figure 7 by the blue curve, and the histogram of the data 
series is represented by blue rectangles. The PDF is right-skewed, indicating a higher fre-
quency of the lower values with respect to the higher ones. 

 

Figure 7. The histogram of the Total series (blue rectangles) and the chart of the Johnson SB theoret-
ical PDF (blue curve). 

vi. After analyzing the shape of the data series and its characteristics (trend and autocor-
relation), we found that there are no abrupt changes in series evolutions. Moreover, 
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the existence of a decreasing linear trend determined by the Mann–Kendall and Sen’s 
slope indicates that Box–Jenkins techniques (including ARIMA) can be successfully 
used, given that they provided good results on modeling time series with similar char-
acteristics from various scientific fields [59–62]. Moreover, the existing implementation 
of such algorithms in various software helps evaluate the modeling results. 

Before fitting the ARIMA model, the series was tested for trend and level stationarity 
against the unit root hypothesis, using the KPSS test. Since the stationarity hypothesis was 
rejected, we took the first-order difference to stationarize the series and performed the 
tests again. 

Analyzing the ACF and PACF shapes and the lag where these functions level off, we 
set p = 1 and q = 2 in the ARIMA model, whose equation was determined to be as follows: (1 + 0.363𝐵)(1 − 𝐵)𝑌௧ = (1 − 576.805𝐵)𝜀௧ .      (7)

The model validation involved proving that the residual is a white noise. Figure 8(a) 
shows that the normality hypothesis could not be rejected by the Ryan–Joiner test [63] 
because the p-value is greater than 0.100 > 0.05 (which is the significance level). 

 

 

Figure 8. Results of (a) the Ryan–Joiner normality test, (b) the Levene test for homoscedasticity, (c) 
ACF, and (d) PACF of the residual in the model ARIMA(1,1,2). 

The Levene homoscedasticity test [64] was performed by dividing the residual series 
into four sets and comparing their variance. Figure 8(b) indicates that the associated p-
value was 0.442 > 0.05, so the homoskedasticity hypothesis could not be rejected. Based 
on Figure 8(c), (d), we remark that the residual series is not correlated or partially auto-
correlated. Therefore, the residual is homoscedastic, Gaussian, independent, and identi-
cally distributed. Therefore, the model is validated from a statistical viewpoint. 

Based on model (7), forecasts were made on known data series, starting with the 16th 
year (2005) to 2023 (Figure 9(a)), and for a future period of 5 years, starting from 2023 
(Figure 9(b)). 
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Figure 9. The Total series (blue), the forecast (central red curve), and the limits of the confidence 
interval (the two divergent lateral curves): (a) forecast starting the 16th year (2005) for 17 years; and 
(b) forecast for the future 5 years, starting from 2023. 

For the first period, the forecast is represented by the red curve near the blue one 
(formed by the actual data series in Figure 9a), showing a good fit of the recorded values. 
This procedure validates the prediction quality provided by the model on the known val-
ues of the series. For the second period, the forecast provided future (unknown) values 
and was built based on the entire series. Since the model was validated from the statistical 
viewpoint and verified in the first case, we consider the forecast for the future reliable. 
Figure 9b indicates a decreasing trend of pollution with GHGs from agriculture from 2023 
to 2028. In this figure, the predicted values are represented by the central brown curve, 
and the confidence interval limits are represented by the other two brown curves.  

Comparisons of the results of the actual study with those related to the evolution of 
the CO2 emission and GHG from all sources in Europe [38,39], lead to the following con-
clusions: 

- The trend of GHG emissions from agriculture recorded a significant decrease in 18 
countries out of 27, but no significant increase was noticed for the entire period in 
any country. By comparison, the study of the CO2 series from all sources in the EU 
indicates an increasing tendency in the AT and CY series and non-significant trends 
in nine countries.  

- The change points of the CO2 series in Europe and the GHG series from agriculture 
are different. In the first case, one significant change point was found (2003), while in 
the second one, at least two change points were found (2001 and 2005). 

- There was a significant decay in the slope of the Total GHG series from agriculture 
in 1990–1993 and a slight increase between 2003 and 2007, after which a significant 
new decrease happened.   

- Countries like FR, IT, DE, and NL, where the highest volume of GHG emissions from 
agriculture was recorded, made the most significant progress in pollution reduction, 
with the most significant negative slope of the trend. 

- ES, an important GHG polluter, made no significant progress in reducing these emis-
sions in general and from agriculture in particular. 

4. Conclusions 
This study examined the series of GHG emissions from agriculture recorded in EU 

countries from 1990 to 2023. Significant differences were found across countries, reflected 
by the fitted distributions, which are mostly right skewed. Based on the determined dis-
tribution, the extreme in GHG volume can be easily addressed, and the return period can 
be also detected. 
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The results of the Mann–Kendall test emphasize the progress of 18 countries in re-
ducing pollution from this source and a non-significant trend of the rest. The highest pol-
luters made the most significant progress (expressed as the slope of the trend) by dimin-
ishing their contribution to the total volume of emissions. 

The results indicate that despite decreasing GHG emissions from agriculture at the 
regional level over the last decade, a third of the UE countries must implement measures 
to significantly reduce these emissions and achieve the UE directive’s goals. 

One of the novelties of the article was building an ARIMA model for the Total GHG 
series. Given the series’ statistical characteristics, especially the existence of a linear trend, 
this technique was appropriate for this purpose. The model was validated on the actual 
data series before being used to forecast future values of the Total series. The approach 
can be also utilized for the individual series for which a significant decreasing trend was 
determined for the entire study period. Moreover, the forecast based on validated models 
can be successfully utilized to provide precise estimations of the amount of GHG when 
the conditions on which the models were built are preserved. Still, any potential change 
in the series’ evolution will impact the prediction. 

Another advantage of the proposed methodology is its ease of use, given that free-
ware software with specific packages can be employed. 

A limitation of the presented approach is that it does not individually consider the 
emissions from subsectors of agriculture (but their total), which can impact the modeling 
accuracy. Therefore, future research should address this issue, model each type of GHG 
separately, and utilize an aggregation method that will diminish the uncertainty in the 
modeling. Various other methods, such as those based on the artificial intelligence algo-
rithm, should be utilized to improve forecast accuracy. 
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