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USE OF THE CLASSIFICATION TREE MODELING TO INVESTIGATE THE INFLUENCE 
OF CROPS ON N2O AND CH4 EMISSIONS RELEASED FROM THE 

AGRICULTURAL SECTOR 
 

Summary 
 

Methane and nitrous oxide are key pollutants emitted from agriculture. Primarily the livestock production has a significant 
share in CH4 emissions. The N2O emissions largely correspond to direct emissions associated with the cultivation of soils. 
The priority task of agriculture is to develop adaptive solutions enabling the reduction of pollutions in the next years. These 
capabilities apply to both technological solutions on the farms, as well as improved methods of management and policy 
tools. Therefore complementary information to the knowledge in the field of the possibilities for reducing CH4 and N2O are 
extremely valuable. The study of predictions of N2O and CH4 emissions on the basis of different arable crops areas with the 
use of Flexible Bayesian Models of neural networks was carried out. The decision trees have been designed in order to 
provide the knowledge and methods that allow the rapid identification of the most important arable crops that affect the 
quantity of these emissions. On the basis of the conducted analysis, wheat, maize and potatoes in the case of N2O emission 
and wheat and maize in the case of CH4 emission are the most important differentiating variables. 
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1. Introduction 
 

In the course of the broadly understood agricultural pro-
duction a number of pollutants arises. The main sources of 
greenhouse gas emissions from the agricultural sector are 
usually considered to be direct emissions from crop and 
livestock production as well as changes of soil use and very 
rarely the use of means of transport [20, 24]. The key pollu-
tants are methane and nitrous oxide which present a real 
threat to the environment. Efforts undertaken by the agri-
cultural sector aim to limit and reduce these emissions, and 
represent one of the priorities of the modern food economy. 
One-third of N2O emissions has anthropogenic nature [27]. 
Some of them are direct and other indirect emissions. 
Among direct sources it is possible to distinguish N2O 
which is emitted directly to the atmosphere from agricultur-
al land and fertilized and/or grazed pasture systems. Indi-
rect emissions are caused by transfer of N from agricultural 
systems into soil and surface waters through drainage and 
surface runoff, or emission as ammonia or nitrogen oxides 
and deposition elsewhere, inducing N2O production [22]. A 
by-product of microbial nitrification and denitrification 
processes utilizing manure nitrogen is also produced in ma-
nure as a result of N2O emissions from Manure Manage-
ment N2O [14, 21]. Such factors as oxygen concentration, 
temperature, pH and microbial community affect the 
amount of N2O produced which depends on the manure ni-
trification process. More than 71% of N2O emissions asso-
ciated with the direct cultivation of the soil, and nearly 26% 
of the emissions come from indirect processes - such as nitro-
gen dispersed into the environment at various stages of produc-
tion in the field and on the farm [14]. Only about 2% of the 
emissions is attributed to animal faeces left on pastures [1]. 

The first complete inventory of N2O emissions from ag-
ricultural sources in Poland with the application of a modi-
fied method of the IPCC and having taken into account the 
realities of Polish agriculture was performed at the Depart-
ment of Chemistry of the Soil and Water in the Institute for 
Land Reclamation and Grassland Farming in 2002 [19]. 

There are large discrepancies in the literature in the assess-
ment of N2O emissions from agriculture areas in Poland 
[3]. NOx emissions models from soils applied in the world 
are used for global inventory of N2O emissions, but none of 
them is used throughout the world [21]. 
 

In Poland cereals are the leading group in arable crops. 
A large concentration of the crops is unfavorable for several 
reasons: it leads to yields reduction and increased use both 
of mineral fertilizers and plant protection products [11]. 
The basic kinds of plants cultivated in Poland include: 
wheat, rye, triticale, barley, oats, maize, oilseed rape, sugar 
beet and potatoes. The last two decades of arable crops are 
presented in Figure 1. 
 

Agriculture, particularly livestock production, is a sig-
nificant contributor to CH4 emissions. The main sources 
include enteric fermentation and manure management. The 
digestive system of livestock produces CH4 as a by-product 
of microbial fermentation of feed and is breathed out by the 
animals [7]. The main sources of CH4 through enteric fer-
mentation are both ruminants (cattle, sheep, goats) and non-
ruminant livestock (horses and swine) which produce CH4 
in their digestion track. Different factors such as, ie. the 
type and amount of feed influences the amount of CH4 pro-
duced [7, 15]. The decomposition of organic material in an-
aerobic conditions by facultative bacteria is the result of 
CH4 production in livestock manure [9]. The amount of 
CH4 produced is dependent on the amount of manure pro-
duced, manure characteristics (pH, nutrient content, volatile 
solids (VS) content), climatic conditions (temperature, rain-
fall) and the manure management system used [9, 15]. 
Handling manure in a solid form (e.g., in stacks) or deposit-
ing it on pasture, range, or paddock lands, it tends to de-
compose aerobically and produce little or no CH4. The 
amount of CH4 produced is affected by ambient tempera-
ture, moisture, and manure storage or residency time be-
cause they influence the growth of the bacteria responsible 
for CH4 formation. Agricultural emissions of N2O and CH4 
in last two decades in Poland presents Figure 2. 
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Fig. 1.The areas of the main crops in Poland [29] 
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Fig. 2. Agricultural emissions of N2O and CH4 in Poland [30] 
 

The priority agriculture mission in the coming years is 
to develop adaptive solutions which allow the pollutions 
reduction. These opportunities apply to both technological 
solutions on the farms, as well as improved methods of 
management and policy tools. Therefore complementary 
information to the knowledge of the possibility of reducing 
N2O and CH4 are extremely valuable. 
 

2. The aim of the study 
 

Each plant species has different nutritional require-
ments, as evidenced by the diverse potential yield and the 
percentage of individual components in the parts of the 
plants reaped from the field. So far proposed calculation 
methods of N2O does not include the influence on emis-
sions of the type of arable crops. 

The effect of arable crops species on CH4 emissions has 
not been previously recognized, although the type of feed 
consumed by the animals has an impact on the emissions of 
this pollutant [18]. It is estimated that the share of CH4 
emissions in burning of agricultural waste is different for 
each plant species [17]. 

Undertaken scientific problem was brought to: 
1. The prediction of agricultural N2O and CH4 emissions 

on the basis of different area sizes of arable crops with 
the use of Flexible Bayesian Models neural networks, 

2. Indicating variables values using the method of a deci-
sion tree (crop sizes) in which the emitted N2O and CH4 
pollutants achieve the lowest and highest rates. 

 
3. Methodology research 
 

The study used data from international databases in the 
previous 20 years. Data concerning crops areas was derived 

from the FAO [29] and emissions data come from the 
UNFCCC database [30]. To start with, the importance of 
the attributes based on Spearman’s test was verified. The 
selected variables were used for further analysis. They are 
summarized in Table 1. 
 
Table 1. Statistical description of the variables; own calcu-
lations 
 

Variable  Min Mean  Median 
Standard  
deviation  

Max 

Wheat 2,111,980 2,404,516 2,406,790 149,394.2 2,635,100 

Rye 1,316,200 1,902,075 2,033,910 440,458.3 2,451,600 

Maize 48,165 187,230 152,273 127,324.3 411,704 
Sugar 
beet 

187,484 329,775.1 333,131 80,311.28 452,638 

Potatos 490,853 1,120,315 1,250,620 486,180.1 1,835,340 

 
The variables are presented as percentiles (Table 2). 

 
Table 2. Percentile values for analyzed attributes; own cal-
culations 
 

Percentiles 
Wheat Rye Maize 

Sugar 
beet 

Potatos 

ha 

10% 2,218,090 1,395,600 54,521 199,936 548,884 

20% 2,280,650 1,396,520 59,021 262,046 588,184 

30% 2,310,740 1,479,300 70,123 286,300 713,250 

40% 2,405,100 1,560,000 85,180 303,000 803,384 

50% 2,406,790 2,033,910 152,273 333,131 1,250,620 

60% 2,414,180 2,212,770 261,975 371,714 1,295,010 

70% 2,476,870 2,289,500 298,700 384,477 1,341,890 

80% 2,555,090 2,297,920 317,193 400,274 1,697,250 

90% 2,627,050 2,414,980 339,342 419,364 1,757,340 
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The research was carried out with the use of Flexible 
Bayesian Models on Neural Networks [16] and R-Project 
package. The synthesis of the results was explored on the 
basis of the decision trees, which are one of the possibilities 
of constructing models. Classification tree modelling is a 
tool successfully used to solve a wide variety of problems 
[4, 5, 10, 13, 23, 25]. Trees are an effective method for 
scoop data and often used in the prediction. A decision tree 
is a directed acyclic graph. A rule for forecasting the class 
of an object from the values of its predictor variables is a 
classification tree. The tree is created by multiple dividing a 
learning sample of data in which the class label and the val-
ues of the predictor variables for each case are known. A 
node in the tree represents every partition [26]. It consists 
of a root and branches leading to the consecutive nodes. 
The root focuses the entire chosen sample. In this case, the 
classifier is represented by a binary tree, where nodes are 
questions about the values of the determined attribute and 
in the leaves are located the classes assessments [2, 12]. 
There are several reasons for the classification trees being 
especially attractive in a data mining environment. Not on-
ly, due to their intuitive representation, is the resulting clas-
sification model easy to assimilate by humans, but also 
classification trees are non-parametric. As no assumption 
about the underlying distribution is made by classification 
tree construction algorithms, they are especially suited for 
exploratory knowledge discovery. Moreover, classification 
trees can be constructed comparatively fast compared to 
other methods and their accuracy is comparable or superior 
to other classification models [6, 8]. 

The final result of analysis should be a tree with the 
least number of branches and nodes in order to determine 
the classification rules as simple as possible. In the R pack-
age the method of determining decision trees is available 
for instance as a function of tree(tree), which was used in 
these analyses [2]. 
 

4. Results and discussion  
 

Knowledge obtained from the selected (numerical and 
graphic) parameters of the Flexible Bayesian Models net-
work learning, among others, so called recoil index and the 
trajectory graph of the control values, it is possible to draw 
conclusions the process of the network learning moved in 
optimal conditions. The balance in the impulses flow 
through the network that provides the resulting coefficient – 
0.489 within the range of variability 0.2-0.8 proves that the 
network generalizes the acquired knowledge correctly. 

Because of the numerous group of results (15 thousand. 
combinations), the synthesis of projected emissions are pre-
sented in the form of a classification tree. The results of a 
built tree for N2O emissions are 10 divisions visible (Figure 
3). 

Based on the above graph you can see that the most im-
portant predictive variable is wheat. It separates the set of 
all records of the value 5.5. The most important decision 
rules of this analysis is as follows: if the variable V1 is less 
than 5.5, ie the area of wheat crops is less or equal to of 
1,129,750 ha and the variable V3 - maize values is greater 
or equal to 280,337.5 ha, the lowest N2O emissions will be 
obtained. 

The other end of the graph indicates conditions of the 
highest possible emissions. They may take place in the in-
crease of wheat crops over 2,414,180 ha, while the potato 
crops at less or equal than 803,384 ha and taking into ac-
count the secondary diversity of crops wheat - for areas 
over 2,476,870 ha.  

In conclusion, the graph analysis suggests that wheat, 
maize and potatoes have an impact on the N2O emissions 
value. 

The total insights into CH4 emission projections are pre-
sented below in the form of a decision tree (Figure 4). The 
most important variables affecting the emissions are V1- 
wheat, V3 – maize, V4 -sugar beet and V5 - potatoes. 
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Fig. 3. Tree graph of N2O emissions depending on the size of the of crops, where: V1 - wheat, V2 - rye, V3 - maize, V4 - 
sugar beet, V5 – potatoes; own calculations 
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Fig . 4. Tree graph of CH4 emissions depending on the size of the of crops, where: V1 - wheat, V2 - rye, V3 - maize, V4 - 
sugar beet, V5 – potatoes; own calculations. 
 

In the present case the most important predictive varia-
ble is also wheat. As in the previous analysis, the set was 
divided of 5.5 value. The lowest CH4 emissions were esti-
mated when the variable V3 was greater than 2.5, ie maize 
crop is less or equal to 85,180 ha, and for V1 - wheat for 
less than 2,280,650 ha. In summary, the lowest emissions of 
CH4 have been noted with the decline in wheat crops but 
simultaneously with the increase in maize crop. 

Two cases were observed which in various conditions 
achieved the highest scale of CH4 emissions. In the first in-
stance, where the variable V1 (wheat) is less than 2,406,790 
ha, V3 (maize) is less than 152,273 ha, V4 (sugar beet) 
more than 333,131 ha, and for V5 - potatoes less than 
713,250 ha the highest emissions were noted. Emissions of 
very close values were observed also for the wheat over 
2,414,180 ha and maize crops below 70,123 ha. 
 
5. Conclusions 
 

The paper presents an example of using Data Mining 
Tools to analyze the variables describing the amount of 
CH4 and N2O gases released from the agricultural sector, 
including arable crops areas. For this purpose predictive 
capabilities of neural network of Flexible Bayesian Models 
and modelling based on a decision tree using the tree func-
tion in an R-Project were used. 

It has been shown that the analysis of data in a multidi-
mensional approach extends the existing information in this 
field. 

The decision trees devised within the framework of this 
analysis, provide the knowledge and methods that allow a 
rapid identification of the most important arable crops that 
affect the N2O and CH4 emissions released from the agri-
cultural sector. The most important differentiating variables 
are wheat, maize and potatoes for N2O emission and wheat 
and maize for CH4 emission. 

The noticeable difference in the two cases of classifica-
tion tress is the scale of generated gases emissions - much 

more intensive, in a wide spectrum range for N2O emis-
sions (from 1.23 to 6.6) than CH4. 
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