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ABSTRACT

The relationship between the power consumed in the engine and the power take-off (P.T.O.) shaft of a maize silage
harvester is critical to understanding the efficiency and performance of the harvester. The power consumed in the
engine directly affects the power available for use on the P.T.O. shaft, which is the power source for the suspended
silage harvesters. The research aimed to predict the power consumption of the P.T.O. shaft based on the power
consumption of the tractor engine at different operating parameters, which are two applications of the P.T.O. shaft
(540 and 540E rpm) and two forward speeds (1.8 and 2.5 km/h) using machine learning algorithms. The best re-
sults in terms of engine power consumption were achieved in the 540E P.T.O. application, and the forward speed
was 1.8 km/h. The results also gave a correlation between the power consumed by the engine and the P.T.O shaft
of 87%. Regarding prediction algorithms, the Tree algorithm gave the highest prediction accuracy of 98.8%, while

the KNN, SVM, and ANN algorithms gave an accuracy of 98.1, 60, and 60%, respectively.

Keywords: power take-off shaft, forward speeds, maize silage harvester, machine learning techniques.

INTRODUCTION

Maize (Zea Mays) is a main crop in most
countries of the world, including Iraq and Tur-
key. It is considered a major forage source for
many livestock products. Whole plant silage is
a feed source for dairy and beef production [1].
The maize production in Iraq and Turkey for the
year 2022 amounted to 496,003 and 8,500,000
tons, respectively [2]. Cutting maize plants into
silage using maize silage harvesters requires a
lot of energy. The cutting process of plants con-
sumes 85% of the total energy [3], and therefore
a careful analysis of the cutting process is very
important. The energy requirements for silage de-
pend not only on the technical characteristics of
the combined cutting unit of the combine but also
on the initial compaction of the material by the
feed rollers [4]. Disc-type harvesters are gener-
ally used to harvest maize silage. A single row of

these harvesters requires tractor power of 40-80
Hp, two rows of 80—120 Hp, and four rows with
more than 120 Hp [5]. After cutting the plant, it
is thrown onto the agricultural trailer behind the
tractor, and this process requires additional ener-
gy by increasing the speed of the cutting disc [6].
The power generated in a tractor engine is known
as thrust power, hydraulic power, and power take-
off shaft power. The power generated must be
sufficient to meet the needs of agricultural equip-
ment and machinery connected to the agricultural
tractor. In contrast, more energy will be needed
to complete the agricultural process, so fuel con-
sumption will increase further to provide this en-
ergy [7]. The P.T.O. speeds close to the maximum
engine speed must be provided, so that the ma-
chine can best meet the loads. However, running
the engine at high speeds for low-power maize
silage harvesters causes unnecessary energy and
therefore high fuel consumption [8]. International
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companies have provided different P.T.O. shaft
speeds, namely 540-540E and 1000—1000E rpm,
which are considered standard with a higher
transmission rate and lower engine speed [9].
The relationship between the energy con-
sumed in the engine and the P.T.O. shaft is very
important, as the energy consumed in the engine
directly affects the energy available for use on
the P.T.O. shaft, since the latter is considered the
power source for the suspended silage harvesters.
Efficient power transfer from the engine to the
P.T.O. shaft is essential to improving the overall
system performance and fuel consumption. The
power consumed in the engine is usually greater
than the power available at the P.T.O. shaft, due to
friction, inefficiency in the transmission system,
and other mechanical losses. These losses reduce
the power available on the P.T.O. shaft compared
to the power generated by the engine [10]. To
calculate the power consumed on the P.T.O. shaft
based on the power consumed by the engine, one
needs to consider the efficiency of power trans-
fer from the engine to the P.T.O. shaft. Efficiency
may change with engine speed and load. An accu-
rate calculation may require specific information
about the engine and P.T.O. setting. More accu-
rate predictions involve calculating efficiency at
various speeds of the loads and engine using ex-
perimental data or mathematical models derived
from experimental measurements [11]. Predict-
ing the power consumed on the P.T.O. shaft in-
cludes various factors, such as engine speed, fuel
consumption, forward speed, etc. Studies have
developed equations and models to estimate trac-
tor fuel consumption and the energy expended on
the drawbar and P.T.O. shaft using laboratory and
field tests. In addition, the efficiency of the trans-
fer of power from the engine to the P.T.O. shaft
plays a crucial role in accurately predicting the
power consumed by the P.T.O shaft [12].
Karwasra et al. [13] predicted the perfor-
mance of the tractor power take-off shaft using
twenty different parameters as inputs to pre-
dict the P.T.O. performance based on machine
learning algorithms, and more accurately, the
ANN algorithm was used. Rahimi-Ajdadi and
Abbaspour-Gilandeh [14] also predicted fuel
consumption using the Back Propagation Artifi-
cial Neural Network (ANN) algorithms. Jalilne-
zhad et al. [15] predicted tractor fuel consump-
tion based on the data on tire pressure, plowing
depth, tractor forward speed, dynamic load on the
front axle, number of wheel passes, soil cone, and

soil moisture index based on the convolutional
neural network. Mohamed et al. [16] Predicted
drawbar power as a ratio of engine power in dif-
ferent soil types (clay soil sandy clay soil, and
concrete roads) by analyzing operating parame-
ters and using predictive models, it is possible to
effectively estimate the power consumed in the
P.T.O. shaft. Tucki et al. [17] analyzed the possi-
bility of using neural networks to determine the
parameters of the chemical composition of ex-
haust gases as a function of engine performance
parameters. The research aimed to predict the
power consumption of the P.T.O. shaft based on
the power consumption of the tractor engine at
different operating parameters, which are two
applications of the P.T.O. shaft (540 and 540E
rpm) and two forward speeds (1.8 and 2.5 km/h)
using machine learning algorithms.

MATERIALS AND METHODS

Measurement methodology

The measurement methodology consisted
of three stages: The first stage was to study the
effect of mechanical operating factors, both for-
ward speed and P.T.O. shaft speed, on power con-
sumption based on statistical analysis (P < 0.05).
The second stage was to study the relationship
between the power consumed by the engine and
the power consumed by the P.T.O shaft. The fi-
nal stage included determining the best machine
learning algorithms for predicting the power on
the power take-off shaft. Figure 1 shows a dia-
gram of the measurement methodology.

Field experiment

The experiment was carried out at the Re-
search and Applications Center of the Faculty
of Agriculture, Selcuk University, where yel-
low maize plants (Zea mays indentata) were
harvested. The distance between one line and
another was 70 cm, the average moisture con-
tent of the plant was 70.56%, and the soil type
was silty. The experiment was carried out for
two applications of the P.T.O. shaft (540 and
540E rpm) and two different forward speeds
V, and V, (1.8 and 2.5 km/h). Using a New
Holland TD110D tractor equipped with a fuel
consumption meter (Sea YF-S401), a torque
meter (Datum brand Series 420 P.T.O. 1800
Nm model), and speed sensors. The 540-rpm
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Figure 1. Measurement methodology diagram

speed for the 540 and 540E P.T.O applications
is achieved at engine speeds of 2200 and 1600
rpm, respectively. The experiment also used a
single-row suspension-type disc maize silage
harvester (Figure 2). The machine takes its
movement from the P.T.O. The silage mate-
rial is cut using the cutting disc knives located
on the two feeders of the machine. The plants
are compressed between feed drums and trans-
ferred to chopping knives. The chopper knives
consist of 12 pieces and are attached to a disc
located on the cover. The cutting unit is of ra-
dial knife type and consists of a knife and a
counter knife. The cut plants are transported to
the trailer by the conveyor tube by the airflow
generated by the chopper knives.

To calculate the power consumed on the
P.T.O. shaft, the P.T.O. shaft torque is measured.
Using the torque values obtained, the P.T.O. ca-
pacity of the harvester was calculated with the
help of the following Equation [8].

_ Md Xn
9550 (1)

where: N — power consumption in P.T.O. (kW),
M, — torque for PT.O. (Nm), n — number
of P.T.O. shaft revolutions (rpm).

The energy required to operate the harvester
was estimated from fuel consumption data after
each operation using the following Equation [18]:

p= Fc
" 3600
427 1
X Men X 55 X 136

X P X Nmee X LCV X 2

where: P—power consumed by the engine (kW), F.
— fuel consumption (L/h), p ) — fuel density
(kg/L) (for diesel = 0.85), LCV — calorific
value of fuel (10,000 kcal/kg), 427 — me-
chanical thermal equivalent (J/kcal), , —en-
gine thermal efficiency of the engine (~35%
for diesel engines), 77, . — the mechanical ef-
ficiency of the motor (~80%).

Laboratory analysis

The relationship between the power values con-
sumed in the engine and on the P.T.O. shaft was stud-
ied by calculating the correlation coefficient. Statis-
tical analysis of the power consumed in the engine
and on the P.T.O. shaft was performed for the data
obtained from all applications. The LSD test was ap-
plied to the significant means with the least signifi-
cant difference (P < 0.05) using the SPSS program.

MatlabR2022b installed on a Lenovo device
with a 16 GB storage capacity and an Intel Core 17
processor with a clock speed of 2.3 GHz was used
to predict the power consumed on the P.T.O. shaft.
The data set contains 800 readings of the power con-
sumed in the engine and on the P.T.O. shaft. In the
research, 80% of the data were selected for training
neural networks and 20% for testing. To predict pow-
er consumption on the P.T.O. shaft, inputs included
engine power values and operating parameters at
three forward speeds and two P.T.O. shaft applica-
tions. To compare different network architectures,
the training, validation, and test sets were randomly
selected to be used for all tests in this study.

The operating parameters used in the ex-
periment, both forward speed and P.T.O. shaft
speed, affect the performance of the machine
learning algorithms, as shown in Table 1.

To determine the best algorithms to predict the
energy consumed on the P.T.O. shaft, the following
algorithms were used. The reason for this is that the
performance of these algorithms would be better
with the size of the considered research sample [19]:

Tree

The decision tree technique is like a tree
structure, where each leaf node represents a
classification, and the inner node is a test at-
tribute while each branch represents possible
test results [20, 21].
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Figure 2. Maize silage harvester

K-Nearest neighbor (KNN)

The basis of this algorithm is to identify a
query point that belongs to a certain class (the
distance in the feature space is a measure of simi-
larity) if many samples like this query point in the
feature space do so [22, 23].

Support vector machines (SVM)

This algorithm classifies points by comparing
them with each other at two different distances. The
algorithm identifies the hyperplane of data that can
be linearly separated, which maximizes the distance
between the training samples [24, 25].

Artificial neural network (ANN)

Mathematical programs that collect data and
index it according to a specific design (neurons)
are called neural networks. The layers in the neu-
ral network are connected through nodes, so the
operation of this algorithm is similar to that of
the neuron network [26, 27]. To determine the
performance measure for the employed machine
learning algorithms, the Precision, Recall, and
F-Measure metrics were used (Table 2) [28].

RESULTS AND DISCUSSION

The results show that the power consump-
tion values decrease when applying the P.T.O

shaft speed at 540E and lower forward speeds
(Table 3). The average power consumption
when applying the 540 P.T.O is 19.06 kW and
when applying the 540E is 17.61 kW. The av-
erage power consumption at the first forward
speed is 17.32 kW, and at the forward second
speed, it is an average of 19.35. The interaction
between the first forward speed (1.8 km/h) and
the 540E application of the P.T.O. shaft gave
the lowest power consumption value of 16.44
kW. The amount of energy consumption de-
creased by 8.23% when applying 540E and by
11.72% when reducing forward speed. When
forward speed increases, the engine power con-
sumption also tends to increase [29]. The pow-
er consumption also decreases with the number
of revolutions, which is related to the applica-
tion of the P.T.O. shaft [30]. According to the
results of the analysis of variance applied to
the values of the engine power consumption, it
was found that there is no significant effect of
the change in the P.T.O. application and the av-
erage forward speed on the engine power con-
sumption (P < 0.05) (Table 3). Since the P.T.O.
speed remained constant at 540 rpm in both
P.T.O. applications in the experiment, the pow-
er requirements of the P.T.O. shaft were also
changed at similar rates (Figure 3). The high-
est power consumption was achieved for the
P.T.O. shaft with a forward speed (2.5) of 17.93
kW, while the lowest power consumption was
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Table 1. The effect of operating parameters on the performance of machine learning algorithms

Operating
parameters

Effect of operating parameters on the performance of machine learning algorithms

Forward speed

Forward speed directly affects the feed rate and engine speed when harvesting maize silage, which affects
the energy required to cut the silage. Therefore, forward speed is a critical factor that affects the accuracy and
effectiveness of the error diagnosis method and thus affects the performance of machine learning algorithms.

The P.T.O shaft rotates at different speeds, with rotation proportional to the speed of the tractor engine.
P.T.O shaft speed |Higher PTO shaft speeds can impact the performance of machine learning algorithms by affecting the
efficiency and energy consumption of the maize silage harvester.

Table 2. Metrics for measuring the accuracy of the performance of the algorithms used

TP1 — positive true,

FP1 — positive false,
TN1 — negative true,

FN1 — negative false.

Metrics Equations
Precision TP1/(TP1 + FP1)
Recall TP1/(TP1 + FN1)
TP1-TN1-FP1-FN1
F-Measure J(TP1+FP1)(TP1+FN1)(TN1+FP1)(TN1+FN1)

Table 3. LSD test results for engine power consumption values

Forward speeds (km/h)

P.T.O application
PP VA1

Average
V2 g

540 18.19

19.93 19.06

540E 16.44

18.77 17.61

LSD = 3.05

LSD =2.15

17.32
Average

19.35

LSD =2.15

20
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Power consumption (P.T.O) [kW]

O N B O ®

Vi

V2

Figure 3. The power consumption depends on the forward speed

achieved for the P.T.O. shaft with a forward
speed (1.8) of 14.79 kW. P.T.O. power con-
sumption increases along with the combine’s
operating speed. Increasing the forward speed
increased the average P.T.O. shaft power con-
sumption by 21.23%. The power consumption

on the P.T.O. shaft increases along with the
working speed [6]. After determining the effect
of the operating parameters of both the P.T.O.
shaft application and the forward speeds on the
power consumption of the tractor engine and
the P.T.O. shaft, the relationship between the
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Figure 4. The relationship between the power consumed in the engine and on the P.T.O. shaft

power consumed in the engine and the P.T.O.
shaft was determined (Figure 4).

The power consumed in the engine directly
affects the power available for use in the P.T.O.
shaft, and the power consumed in the engine is
usually greater than the power available at the
P.T.O. shaft [10]. Therefore, there is a very im-
portant relationship between the energy con-
sumed at the two places above. The correla-
tion coefficient between the energy consumed
in the engine and the P.T.O shaft reached 87%
based on the data obtained.

After determining the relationship between
the energy consumed in the engine and the
P.T.O. shaft, used machine learning algorithms,
and more specifically the KNN, Tree, SVM, and

120

100

80
60
40
20

0

Tree

Accuracy [%]

ANN algorithms to predict the amount of energy
consumed on the P.T.O. shaft based on data on
the values of the energy consumed in the engine
and various operating factors (two applications
of P.T.O. shaft and two forward speeds). Figure 5
shows the accuracy of the algorithms used in the
prediction. It can be seen from Figure 5 that the
algorithm with the highest classification accuracy
is the Tree algorithm with an accuracy of 98.8%
and that the algorithm with the least accuracy in
prediction is the SVM and ANN algorithm with
an accuracy of 60%. In comparison, the KNN al-
gorithm gave a prediction accuracy of 98.1%. To
further analyze the accuracy, the precision, recall,
and F-Measure were calculated. On the basis of
the data in Table 4, the Tree algorithm gave the

KNN SVM ANN

Figure 5. Accuracy of algorithms used in prediction
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Table 4. Precision, recall, and F-Measure values for the algorithms used

Algorithm name Precision Recall F-Measure
Tree 0.8030 0.8068 0.8049
KNN 0.8 0.8 0.8
SVM 0.7114 0.7823 0.7452
ANN 0.7114 0.7823 0.7452

highest values in Precision, Recall, and F-Mea-
sure. However, SVM and ANN algorithm gave
the lowest values in the measured parameters.
As a result of the training and testing of the data
given as input to the machine learning algorithms,
a confusion matrix was obtained. Figure 6 shows
the confusion matrix of the algorithms used in the
prediction. The blue values in the figure above in-
dicate positive or accurate results, while the red

values indicate negative or false results. Total
cost (validation) shows the amount of prediction
error for the above algorithms (Table 5).

The ANN algorithm gave the least accuracy.
The reason for this is that the ANN algorithm
has a high accuracy for samples of more than
1000 [31]. The other algorithms outperformed
it because the number of samples was close to
100 [32, 33].

15116 7 15116 7
49838 17 49838 17
84109 17 8.4109 17
11.883 11.883
1531 1531
P
s} 3]
Q 18782 3 18.782
E =
22254 7 22254 17
25681 5 25881( 1 4 ‘
27.936 1 27.936 1
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Figure 6. Correlation matrix of the machine learning algorithms used
in the experiment. (a) Tree (b) KNN (c) SVM (d) ANN

Table 5. Values of the total cost (validation) of the algorithms used

Algorithms Tree

KNN SVM ANN

Total cost (validation) 2

3 64 64




Advances in Science and Technology Research Journal 2024, 18(5), 1-9

CONCLUSIONS

When evaluating the results in general, it was
concluded that the 540E P.T.O shaft application
was the best for use in operating a disc maize
silage harvester. The amount of engine power
consumption decreased by 8.23% when apply-
ing 540E, and by 11.72% when reducing forward
speed. Increasing the forward speed also increased
the average power consumption of the P.T.O shaft
by 21.23%. The results also showed that the cor-
relation coefficient between the energy consumed
in the engine and the P.T.O. shaft was 87%. The
Tree machine learning algorithm gave the highest
prediction accuracy of 98.8%, whereas the algo-
rithms with the lowest prediction accuracy were
the SVM and ANN algorithms with an accuracy
of 60%. In comparison, the KNN algorithm gave
a prediction accuracy of 98.1%. It can be conclud-
ed that there is a linear relationship between the
energy consumed in the engine and on the P.T.O.
shaft, and therefore machine learning techniques
can be relied on to predict the energy consumed
on the P.T.O. shaft. The results obtained are con-
sidered the most important results of machine
learning algorithms that focus on statistical anal-
ysis. Obtaining accurate forecasts can help in se-
lecting the most suitable tractor for specific tasks
and operations, ensuring that the chosen tractor is
well suited to the user’s needs and requirements,
as well as modification, improvement, and selec-
tion of appropriate operating parameters that en-
sure high working efficiency. Future research can
be conducted to predict the energy consumed by
various other operating parameters, such as other
P.T.O. shaft speeds, other forward speeds, the
clearance between the fixed and mobile knife of
the disc maize silage harvester, and the speed of
the rotating cutting disc.
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