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Abstract: Tillage in agricultural production is one of the most demanding in terms of the tractor's
energy requirements, consuming a large amount of fuel and therefore releasing the harmful products
of fuel combustion into the atmosphere, where carbon dioxide and nitrogen oxides are released. The
experimental test was carried out under real operating conditions on the property, where an analysis
was made of all the important parameters that can be correlated with ground resistance and thus the
changes in the observed parameters, i.e. the changes in specific fuel consumption and the changes in
exhaust emissions. Machine learning techniques were used as highly effective modelling techniques
to predict the appropriate tractor operating conditions and soil condition. XGBoost model was
selected due to its flexibility and high level of learning. The models were built to predict the CO:
content in the exhaust gases and the specific fuel consumption. Although the statistical parameters
were not the highest, the prediction of CO: content based on the data analysis has an accuracy of over
80%, and the prediction of specific fuel consumption is over 65%, which can be used for a quick or
initial analysis, but also represents a challenge for further research on this topic.

Keywords: tractor exhausts emission; predictive soil tillage; VRA soil tillage; precise agriculture;
machine learning; XGBoost model

1. Introduction

Global energy consumption, according to the International Energy Agency, is expected to
double by 2050 [1]. Unfortunately, fossil fuels still account for about 80% of total energy consumption,
not only in certain countries but also in specific economic sectors [2]. Diesel fuel predominates in
agricultural production due to its economic efficiency, durability, and lower emissions of unburned
hydrocarbons and carbon dioxide compared to some alternatives [3-5]. Although biodiesel is
increasingly replacing diesel in many countries [6], in the Republic of Serbia the production of
biodiesel is not yet competitive [7]. Therefore, analyzing energy inputs—namely fuel consumption,
as well as monitoring gas emissions in different tractor operating modes—is extremely important.

Due to diverse operational requirements, tractors must be structurally, energetically,
ergonomically, and ecologically adapted to current conditions. As a multifunctional working
machine, a tractor’s ability to adapt to operational requirements greatly influences exhaust gas
emissions and overall environmental impact [8-11]. Many studies have examined the adverse effects
of exhaust gases on the environment, including contributions to global warming, acid rain, and
changes in air composition [12], as well as their potential threats to human health and other living
organisms [13,14]. In [15], the authors developed a simplified approach to evaluating the key factors
of tractor fuel consumption. These factors are often classified into three groups [16]: (1) the tractor’s
technological equipment for exhaust gas after-treatment, (2) operational factors, and (3) the type and
composition of the fuel and lubricants. The first group involves the tractor’s technical and
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technological solutions for emission control, the second encompasses operational setups (e.g.,
tractor-implement matching, speed, load), and the third includes characteristics of the fuel itself
(type, chemical composition, etc.).

This paper focuses on the second group—operational factors—affecting exhaust gas
composition during primary soil tillage with a plow. Because the tractor operates under variable load
conditions during plowing, exhaust emissions can fluctuate accordingly. An inadequately tuned
working mode of the tractor for given field conditions can significantly increase emissions [17,18].
Optimizing the tractor’s operating mode is thus highly relevant from an economic standpoint, as it
can reduce exhaust gas emissions without large financial investments—often requiring only minor
adjustments or software solutions.

Various authors have analyzed tractor fuel consumption and the environmental impact of
exhaust gases under different operating regimes [19]. According to [20], the differences in observed
parameters can range from just a few percent to several times more, depending on the conditions.
Setting the engine load is crucial in determining exhaust emission levels. For instance, operating the
engine at around 1000 rpm and low torque (~30% Mmax) is neither economically nor ecologically
favorable. At higher torque (>50% Mmax) and medium (1000-2000 rpm) to high (>2000 rpm) engine
speeds, the tractor tends to be more efficient and more acceptable environmentally [21,22].

In [23], it was found that the tractor’s draught force during tillage varies with clay content, soil
bulk density, organic matter, and cohesive forces between soil aggregates. Repeated application of
increased organic fertilizer rates reduced diesel consumption by 25%, whereas standard fertilization
saved 14% of diesel compared to unfertilized plots. Soil moisture is another key factor influencing
specific draught and thus fuel consumption [24].

In addition to standard numerical methods for modeling exhaust emissions, artificial
intelligence (Al) is increasingly being used. Neural networks (ANN) often provide exceptionally
accurate predictions [25-29]. While common models include ANN, Decision Trees (DT), Random
Forest (RF), Support Vector Machines (SVM), and others [30,31], this research employs the XGBoost
model to predict specific fuel consumption and CO, emissions, leveraging its flexibility for handling
experimental data.

Hence, the main objective of this study is to analyze how different operational (working) modes
of the tractor during primary tillage affect exhaust gas composition and fuel consumption. By
investigating these operational factors, we aim to propose adjustments that could reduce exhaust
emissions and optimize fuel efficiency in a cost-effective manner.

2. Materials and Methods

Experimental tests were carried out in December 2019 and November 2020 on a 243 ha sample
area in Vojvodina, in the municipality of Stara Pazova, at the coordinates 44°59°38.0” N, 20°06"10.3”
E. The area lies at an altitude of 81-86 m above sea level, which is relevant because terrain height
minimally influences the plow’s traction resistance. The tractor’s movement path on the plot is shown
in Figure 1, extending approximately 2,000 m in the direction E 75°-W 256°. The plot is divided into
80 cultivation zones, of which 33 were effectively used during the 2019 and 2020 trials. The soil type
is carbonate chernozem.

Soil compaction was measured with a penetrometer at 50 points. In 2019, the measured
resistance ranged from 100 to 200 N/cm?, and in 2020 from 90 to 220 N/cm?. In each production year,
soil moisture was monitored in specific cultivation zones along the tractor’s path, to exclude
moisture-driven changes in tillage resistance. Sampling was carried out at three points during a
tractor pass. Soil moisture in 2019 ranged between 24.10% and 27.63%, while in 2020 it was between
24.20% and 27.20%.

The average volumetric mass of the sampled soil in 2019 was 1.42 g/cm?, and 1.40 g/cm? in 2020.
During tillage, the tractor moved along the direction E 75°-W 256°, maintaining one operating mode
per pass end-to-end, then switching to one of six different working modes at each subsequent pass
(with a 2.4 m plow working width). The movement was confined to similar soil zones to neutralize
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the influence of secondary factors such as soil moisture and compaction. Thus, soil characteristics
could exert their effect on the variation of observed parameters.

Wheel slippage in 2019 ranged from 9-16%, while in 2020 it was 8-14%. The test tractor was a
2017 Fendt 936 (AGCO, Marktoberdorf, Germany) equipped with a Deutz Fahr TTCD 6-cylinder
diesel engine (7,750 cm?), rated at 263 kW (358 hp) at 2,200 rpm (ECE R24). The tractor used diesel
fuel specified by DIN EN 590. The engine compression ratio is 1:18 + 0.3, and fuel injection is via a
Deutz common rail system with a Bosch EDC 17 hardware control unit. The engine meets the Tier IV
standard with a 2-stage turbocharger, cooled air intercooler, EGR valve with cooled exhaust gases, a
DPF filter, and SCR technology with AdBlue (DIN 77070). The DPF filter was regenerated after 80
working hours in 2019, and after 130 working hours in 2020. Table 1 summarizes the key experimental
setup data.

TRACTOR OPERATING MODES:
TMS 1.300 - 1.700 o/min
TMS 1.400 - 1.600 o/min
TMS 1.400 - 1.500 o/min
TMS 1.500 - 1.600 o/min
TMS 1.600 - 1.700 o/min
wfo TMS 1.300 - 1.700 o/min

SOIL PROPERTIES:

Clay Content:

42-48An. A
49-51An *
59— GOAN.

Humus Content:

2,00 - 3,06 % ®
3,07-3,20% /
3,21 - 4,00 % »

Figure 1. The direction of movement of the tractor on the sample plot in 2019 and 2020 under different working
regimes depending on the previously determined soil properties, the clay content indicated in the Arany yarn
number and the humus content.

During operation, the Tractor Management System (TMS) set the transmission ratio with load
limit control in combination with Vario technology, enabling direct engine-transmission
communication. The TMS processor optimizes each operating mode for efficiency.

Besides the factory tractor mass of 10,830 kg, additional ballast of 3,000 kg was installed (1,800
kg front ballast and 1,200 kg rear wheel ballast). The soil was tilled with a 6-furrow reversible Kuhn
Multi-Master 183 plow (mounted, 240 cm working width, support wheel limiting depth to 25 cm).
The tractor moved on unplowed ground (“on land”), using high-precision navigation (+2.5 cm),
ensuring a consistent 2.4 m working width.
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Table 1. Experimental setup data.
Technical characteristics tractor Technical characteristics plough
Engine power (kW)
263 Number of working body 6

ECE R24

No. of revolution at max. power (min- 1900 Working width per working body 10
) ' (cm)
Mumax/Nimax (Nm/min?) 1.498/1.450 Plough working width (cm) 240
q [g/kWh] 195 Tillage depth (cm) 25
Energy supply in reference to
8y supply 24 80
const. mass [kW/t] Clearance (cm)
Specific mass without ballast
41,5 Hitching type Mounted
[kg/kW]
Specific mass with ballast
52,99 Mass (kg) 2.341

[kg/kW]

Mass without ballast 10.830 Required power (kW) 243

2.1. Remote Method for Determining Management Zones Based on NDVI

Remote sensing (NDVI) was used as a starting point to create management zones with varying
conditions across the 243 ha plot. Remote sampling offers a relatively simple way to gather large
amounts of multidimensional data [32-34]. Factors affecting the NDVI index include drought, plant
health, insects, soil compaction, nutrient availability, the quality of performed operations, soil texture
variations, and other issues.

To minimize one-year-only variability (e.g., weather anomalies) and capture long-term factors
such as soil composition, a multi-year (seven-year) Landsat image analysis was performed. This
resulted in 80 management zones of irregular shape, ranging from 0.92-5.9 ha [35].

2.2. Soil Sampling with an Automatic Soil Sampler

After determining the management zones, soil sampling was performed within each of the 80
zones. From each management zone, using an automatic soil sampler mounted on a car and with the
aid of GPS navigation, sampling was performed from 5 samples for a management zone of 0.92 ha,
up to 30 samples for a management zone of 5.9 ha. Then, all the samples from one management zone
are combined to form one representative sample, which is then analyzed in the laboratory. A total of
about 1,200 samples were taken. The sampling depth is the depth at which the plowing operation is
performed, i.e., a depth of 25 cm.

2.3. Soil Testing Methods in the Laboratory

The textural class of the soil was determined by the Arany method [36], which is based on
determining the amount of water (in cm3) that needs to be added with continuous mixing to air-dried
soil to reach the upper limit of plasticity. To differentiate the results according to different soil
compositions, the classification of the clay content in the soil was carried out as follows: 42-48 Arany
number values indicate a low clay level, 49-51 Arany number values indicate a medium clay level,
and 52-60 Arany number values indicate a high clay level.

The content of organic carbon, i.e., humus, in the soil was determined by the dichromate method.
For the classification of soil according to humus content, as in the case of clay, a division was made
into low clay level 2-3.06%, medium clay level 3.07-3.2%, and high clay level 3.21-4.00%.

The instantaneous soil moisture content was determined by the gravimetric method, drying soil
samples in an oven at 105°C to a constant mass.

d0i:10.20944/preprints202503.0517.v1
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2.4. Method for Collecting Data from Tractors in Real-Time

For collecting data in real-time from the Fendt 936 tractor, a compatible data logger "FMB 120"
manufactured by Teltonika (Teltonika, Vilnius, Lithuania) was used. The device used GNSS
connection in communication with the operations centre: GPS, GLONASS, GALILEO, BEIDOU,
SBAS, QZSS, DGPS, AGPS and GSM mobile technology.

Table 2. Frequency range of the Teltonika FMB 120 device.

Channels Tx Rx

GSM 900 880 — 915 MHz 925 - 960 MHz

GSM 1800 1.710 - 1.785 MHz 1.805-1.880 MHz
BT/BLE 2.400 —2.483,5 MHz 2.400 - 2.483,5 MHz
GPS L1 1.575,42 MHz
GLONASS 1.602,56 — 1.615,50 MHz

The working parameters of the tractor obtained via the FMB 120 data logger were: current
location of the tractor on the experimental plot with an accuracy of <3 m, passed distance (m), fuel
consumption (L-1), engine load (%), and engine temperature (° C). Signals arrived at the operations
canter every 60 s. By placing POI polygons with management zones in the operations canter, the exact
position of the tractor within each zone was determined. Several authors have addressed the topic of
real-time data collection from tractors via the CAN bus. For example, in work [37], a specific data
logger is used to collect data for the analysis of fuel consumption, engine load, engine speed, tractor
performance, etc.

2.5. Method for Measuring Exhaust Gases

The composition of exhaust gases was measured with a portable gas analyser Testo 350
(TestoGMBH, Lenzkirch, Germany), which meets the requirements of EN50270:2000-01 and the ISO
9001 standard. The analyser was configured to monitor the concentration of molecular oxygen O2,
nitric oxide NO, nitrogen oxides NOXx, nitrogen dioxide NO2, sulphur dioxide SO2, carbon dioxide
CQO2, carbon monoxide CO. The time on the gas analyser was synchronized with the time on the data
logger installed in the tractor. This synchronization enabled mutual correlation of real-time data from
the mentioned devices and allowed for comparison of different operating conditions, performance
indicators, and exhaust gases.

2.6. Machine Learning Model

The application of Machine Learning (ML) models has proven to be an extremely effective
statistical tool in regression and classification problems. ML models are based on connecting input
data, which may not have a clear correlation in advance, which in the ML model, through learning
and training methods, provide output data. Extreme Gradient Boosting (XGBoost) belongs to
ensemble learning techniques, iterating through an ensemble of weak learners, mainly with decision
trees, to ultimately generate a strong prediction model. The advantages of the XGBoost model are
high flexibility, strong predictability, high scalability, and high efficiency in model learning. These
models have proven extremely successful in processing various types of data, in both their models -
regression and classification, because they use regularization to minimize the loss function. XGBoost
models successively correct prediction errors, with approximation through decision trees. Also, the
advantage of the XGBoost model compared to others is the generation of high model accuracy for
less model training time compared to other methods. The success of these networks lies in the fact
that they can be adapted to a wide range of applications. The current application of these models can
be direct, integrated with other algorithms, and optimized for parameters [38-45]. Figure 2 shows the
proposed XGBoost model for the analysis of experimentally collected data [46].
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XGBoost model
/ Training set .'rf
Model training
.rf Testing set /
New tree

No

Minimum residual?

Yes

Final model

Prediction result

Figure 2. Flowchart of XGBoost model.

The model selection and the final comparison of model efficiency based on standard statistical
variables, the coefficient of determination, the mean absolute error and the mean square error [47]:

21 ZimOi= 90
Y (i — )2 )
n
— 1 O
MAE = ZZ'YL’ - yil (2)
i=1
RMSE = 3)

3. Results and Discussion

The aim of this study was to determine the dependence between the tractor working regime, soil
type (clay and humus content), specific fuel consumption, and the CO2 content in exhaust gases. As
the input data were categorical, each model required transformation of these categories into numeric
values. Based on all input data, farm types were arranged into six categories, while soil composition
(humus and clay content) was grouped into three. Table 3 shows the input data converted into
numerical values.

Table 3. Input data.

Tractor working regime Clay[%] Humus[%]

1300 - 1700 TMS
25cm 2,4 m 1 42-50 1 2-3,06 1
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1400 - 1500 TMS

2 50-60 2 3,07-3,2 2

25cm 2,4 m
1400 - 1600 TMS

25cm 2,4 m 3 42-58 3 3,2-4 3
1500 - 1600 TMS

25cm 2,4 m 4 49-51 4
1600 - 1700 TMS

25cm 2,14 m 5 52-60 5

without TMS

25cm 2,4 m 6

(TMS = Tractor Management System; 25 cm = depth; 2.4 m / 2.14 m = plow working width.).

The correlation matrix (Figure 3) was created to determine the dependencies between various
input and output parameters. Positive values of the correlation coefficient indicate a positive
correlation, negative values indicate a negative correlation. The strength of the correlation is
indicated by the absolute value of the correlation coefficient. From the data shown, it can be seen that
none of the input data has a strong correlation with the output data, and this is the reason for choosing
the XGBoost regression model. The percentage composition of CO: in the exhaust gases shows a
negative correlation with all input parameters, and it is interesting to note that the percentage of
humus shows a negative correlation in relation to the specific fuel consumption and the amount of

CO.n.
()
£
o 0.3
7]
<
o
o
£
§ 0.2
=
[
(@)
0.1
v
3
E
T 0.0
=
.2
a
£ -0.1
2 - 0.1
c
S
O
™
o - -0.099 0.19 0.25 - 0.2
O
| | | |
WorkingRegime Clay Humus Consumption CO2

Figure 3. Correlation matrix for the machine learning (ML) model.

In order to optimise the XGBoost model for different output data for which the model needs to
be trained, the hyperparameters of the model, booster and learning rate, were varied to avoid
overfitting the model. The training score, i.e. the quality of the corresponding model, is determined
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according to the standard statistical equations from (1) to (3). and the modelling results for the case
of determining the percentage CO2 content in the combustion products are shown in Table 4.

Table 4. Variation of RMSE, MAE, and R? values for different XGBoost models for CO2% prediction.

Booster Learning rate R? MSE RMSE
gbtree 01 0,337811 0,256934 0,506889
gbtree 0,05 0,334865 0,243014 0,492964
gbtree 0,01 0,330987 0,254212 0,504195
gbtree 0,02 0,427529 0,147581 0,384163
gbtree 0,021 0,315038 0,266614 0,515885

dart 0,02 0,312012 0,253482 0,503470
dart 0,01 0,365701 0,256175 0,506137
dart 0,1 0,423450 0,217854 0,466748
dart 0,11 0,549201 0,132960 0,364636

Table 4. clearly shows that the last model has the best values of the statistical coefficients, R? has
the highest value and MSE and RMSE have the lowest value. For the selected values, the distribution
diagram of the measured and calculated values is shown in Figure 4. Although the model with the
selected gbtree booster and a learning rate of 0.02 shows a 22% lower R? value, an 11% higher MSE
value and a 0.05% higher RMSE value, it can be seen in Figure 5, which shows the distribution of the
measured and calculated values, that this model is also acceptable.

—— original
15 { —— predicted

0 50 100 150 200 250
Measured data

Figure 4. Distribution of measured and predicted values for best model with dart booster and learning rate =
0.11.
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—— original
15 4 —— predicted

0 50 100 150 200 250
Measured data

Figure 5. Distribution of measured and predicted values for best model with gbtree booster and learning rate =
0.02.

If you compare the calculated and measured values for Mode 1 and Mode 2, for example, with
the variation of other parameters in Figure 6, you can see that there are certain differences between
the predicted and measured values. The values obtained by the prediction, so that the difference with
the measured values is greater than 30%, have less than 15%. From this it can be concluded that the
model can be applied for the prediction of CO2 emissions depending on the input parameters.

—— original —— original

~—— predicted —— predicted
154

15

11 A

10 A

0 10 20 30 40 0 10 20 30 40
Measured data Measured data

(@) (b)

Figure 6. Differences between the predicted and measured values. (a) Working regime 1, (b) Working regime
2.

The modelling values for the optimisation of specific fuel consumption are listed in Table 5. In
contrast to the previous set of data, the statistical data show much lower values when predicting the
specific fuel consumption per hectare travelled. The best model was obtained with the selection
booster "dart" and learning rate = 0.05. The distribution of the measured and predicted values is
shown in Figure 7, where the deviations between the data can be clearly seen.

Table 5. Variation of RMSE, MAE, and R? values for different XGBoost models for fuel specific consumption.

Booster Learning rate R? MSE RMSE
gbtree 0.3 0.278144 8.712392 2.951676
gbtree 0.1 0.235264 10.042184 3.168940
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dart 0.05 0.289586 9.048537 3.008078
dart 0.04 0.274618 9.580924 3.095306
dart 0.3 0.286009 8.822204 2.970193
37.5 —
—— original
50— predicted
32.5 4
)
=
=.30.0 -
=
=
275 1
£
=
£ 25.0 4
O
O
22.5 A
20.0 1

0 50 100 150 200 250
Measured data

Figure 6. Distribution of measured and predicted values for best model with dart booster and learning rate =
0.05.

Although such data would be rejected due to the value of the statistical parameters, the
confusion matrix can be used to show that this model is not bad either and can be taken as a predictive
fit. 65% of those affected are correct, regardless of whether they are positive or negative. Based on
this value, it can be concluded that the model for predicting specific fuel consumption is not precise
and absolutely reliable, but that it can be used as a model for preliminary analyses and rough
predictions of specific consumption.

120
1Y
2
+~
1)
o
@ 100
]
0
&£
80
.02" - 60
:‘é
g - 27.0 55.0
w
=
= -40
| |
True negative False positive

Figure 7. XGBoost model confusion matrix for specific fuel consumption.
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4. Conclusions

This study investigated the viability of the ML model in predicting specific fuel consumption
during tractor operation and the CO2 content of combustion gasses. As such, all ML techniques have
proven to be highly effective and have been applied in almost all fields of science and technology
over the last decades. Agriculture is an exceptional field thanks to the application of various ML
models in all areas of production.

The choice of the appropriate model depends on the type of data available. The problem that
arises in this paper is the avoidance of clustering methods, which would be very easily applicable to
experimental data, but such a method would not provide an answer to the question posed, how to
establish a mathematical dependency between different tractor operating modes, soil quality and fuel
consumption and exhaust gas emissions. Such dependencies are of great importance when it comes
to assessing the environmental impact of certain processes in agricultural production. Most of these
problems are solved either by multivariable linear regressions or by some of the standard artificial
neural network models, which have excellent predictive accuracy. Based on the initial analyses,
which are not presented here to avoid overload, it has been shown that the previously mentioned
models do not provide good accuracy, moreover, the prediction accuracy of the model is extremely
low. For this reason, the RGBoost network with exceptional precision was chosen, which can process
data with the profile described in this article.

The simulation results show that the prediction of the CO2 content is very good. There are slight
differences depending on the choice of booster in the network, but the prediction accuracy is over
80%.

Such models are of particular interest in Republic of Serbia and countries that do not yet use
biodiesel, not only for agricultural purposes but in general. These models can be used to estimate air
pollution during tractor operation, which is not insignificant and could be completely avoided by
switching to biodiesel or some other more environmentally friendly one’s energy such as electricity

The model created to predict specific fuel consumption, on the other hand, was much less
accurate, as can be seen from the statistical parameters. The confusion matrix analysis suggests that
the prediction accuracy is around 65%, which can be used for quick and preliminary analyses.

Although the results of the analysis are promising, they clearly indicate that there is potential
for further consideration and modelling of ML models in this area, which would be developed from
and improve the models interrupted in the thesis, but perhaps also the development of other models
or the improvement of certain segments of the ML model to raise the prediction to a higher level. All
problems that directly or indirectly affect environmental protection are of great importance,
especially in agricultural production, so it can be concluded that these models will be increasingly
used in precision agriculture.
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