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One of our most valuable natural resources is soil. Sustainable agricultural pro-
duction is achieved with proper soil management. Tillage is considered to be one
of the largest operations, as the most energy need in agricultural production oc-
curs in tillage.

The main purpose of this study is to investigate the effects of chisel tine on draft
force and disturbed soil area and estimate them using artificial neural networks
(ANN) and multiple linear regression equations (MLR). The experiments were
carried out in a closed soil bin filled with clay loam soil at an average moisture
content of 13.2% (on dry basis). The draft force and disturbed soil area were
evaluated as affected by the share width at two levels (60 and 120 mm), forward
speed at four levels (0.7, 1, 1.25 and 1.5 ms'*) and working depth at four levels
(160, 200, 240 and 280 mm) at three replications. The draft force varied from
0.5 to 1.42 kN, depending on the controlled variables, while the disturbed soil
area varied from 260 to 865 cm?2. Test results show that share width, forward
speed and working depth were significant on the draft force and disturbed soil
area. Input variables of the ANN models were considered share width, forward
speed and working depth. In prediction of required draft force and disturbed soil
area respectively, on account of statistical performance criteria, the best ANN
model with coefficient of determination of 0.999 and 0.998, root mean square
error of 0.010 and 0.016 and mean relative percentage error of 0.960 and 1.673
was better performed than the MLR model.

1. Introduction

Conservation tillage is generally defined as any crop
production system that provides at least 30% (30-60 cm

Acrtificial intelligence systems are widely accepted as
a technology providing an alternative method to solve
complex and ill-defined problems. Artificial neural net-
work (ANN) is a technique with a flexible mathematical
structure, which is capable of identifying a complex
nonlinear relationship between the input and output data
(Carman et. al., 2016)

The tillage system chosen to produce an agricultural
product has a significant impact on soil erosion, water
quality and profitability. Of course, profitability is de-
termined from product yield and costs. However, it is
useful to include evaluations of not only short term yield
but also long term effects on soil loss and productivity.
Choosing a tillage system is therefore an important man-
agement decision (Fawcett and Towery, 2005; Ander-
son, 2009; Simmons and Nafziger, 2010).

* Corresponding author email: marakoglu@selcuk.edu.tr

high) on upright stubble after planting and at least 50-
60% residual cover on prostrate stubble after planting to
reduce soil erosion from water. At least 110 gm of flat,
small grain residue on the soil surface during critical
erosion period to reduce soil erosion due to wind (Faw-
cett and Towery, 2005; Anderson, 2009; Simmons and
Nafziger, 2010; Scott et al., 2010).

The chisel plow is considered the primary soil tillage
tool as it is mainly used for initial tillage operations. It
is widely used by Middle Anatolia farmers to reduce soil
strength and to cover plant materials in recent years.

The most important part of chisel plow is the leg and
they are manufactured in different sizes and shapes.
Winged chisel plows, which have become widespread in
recent years, have become more prominent than conven-
tional chisel plows due to their positive effects on the
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soil (Godwin and O’Dogherty, 2007; Kees, 2008; Salar
et al., 2013). Nowadays, wings at certain horizontal an-
gles have been added to both sides of the winged chart
leg. These wings cut the soil horizontally from below.
One of the major drawbacks of deep work chisel plows
is their high drawbar force requirements. Therefore, they
cause a significant energy consumption. However, spe-
cific energy consumption per unit deformation area de-
creases due to the large deformation area they cause. The
draft force of the machine varies depending on the soil
properties, the working speed of the tool and the geo-
metric structure of the tool (Boydas, 2004; Zadeh, 2006;
Armin, 2014; Neisy, 2014).

A research has been reported by Abbaspour-Gilan-
deh et al., (2008) in an attempt to develop the prediction
model of draft force and required energy for tillage op-
eration. In this study, artificial neural network model
was used. Input parameters such as working speed, till-
age depth and different soil parameters (cone index,
moisture content, clay and sand percentage) were used.
In regard to the high accurate prediction (98.8%) and
high accurate simulation (97.6%) the application of Lav-
enberg-Marquardt algorithm with 2 middle layers in-
cluding 12 neurons on its first layer and 10 neurons on
its second layer was distinguished as the most appropri-
ate algorithm in comparison with other ones. Artificial
neural networks were used to predict the draft force of a
rigid tine chisel cultivator by Abbaspour-Gilandeh et al.
(2020). They found that the average simulation accuracy
and correlation coefficient for estimating the draft force
of a chisel cultivator were 99.83% and 0.9445, respec-
tively. The linear regression model had a much lower
accuracy and correlation coefficient for predicting the
draft force compared to artificial neural networks.

Karmakar (2005) reported that artificial neural net-
works have been used as possible approach to solve
problems in the area of soil tool interaction. It is note-
worthy that there is a growing interest in modelling draft
and energy requirements of tillage implements using
ANN due to complexity and unavailable analytical mod-
els for all tillage implements. Al-Janobi et al. (2001)
used a Multilayer Perceptron with error backpropaga-
tion learning algorithm to construct neural network
model to predict the specific draft (kN m™) of four dif-
ferent tillage implements from the field data. The pro-
posed neural network model, by testing, indicated that
there is a small variation of measured and predicted data
with linear correlation coefficient equals to 0.987 and
mean squared error between experimental and predicted
specific draft equals to 0.1445.

Rahman et al. (2011) developed an artificial neural
network model to estimate the energy needs of a soil cul-
tivation tool from laboratory data. The artificial neural
network model was trained and tested with soil moisture
content, plowing depths and forward operating speeds as
input parameters. The measured energy requirement for

a soil tillage tool in silty clay loam was used as the out-
put parameter. Their results showed that the measured
and predicted variation in energy requirement was
small.

When all these studies were evaluated, parametric
studies were not conducted to show the tendency and ef-
fect of individual variables on the chisel tine’s disturbed
soil area and draft force in the soil bin. Occasionally,
farm mechanization manager wants to know the magni-
tude of disturbed soil area and draft force of a tillage im-
plement at levels of separate forward speed and working
depth. In these cases, numerous experiments are needed
to get draft and deformation area data and the cost is
very high. So, simulation technique to generate draft and
soil deformation area data using artificial neural net-
works is useful in this case, because the results obtained
depend on data performing in the soil bin.

In general, the objectives of this research can be
stated as follows:

1. To evaluate the effect of tine width, forward speed
and working depth on soil disturbance area and draft
force requirements of chisel tine.

2. Investigating the ability of artificial neural net-
work and multiple linear regression approaches for pre-
dicting the draft force and disturbed soil area by chisel
tines.

3. Comparison of the accuracy with statistical pa-
rameters and soil bin data of draft force and disturbed
soil area predictions using artificial neural network and
multiple linear regression model

2. Materials and Methods

This study was conducted in a soil bin in Selcuk Uni-
versity Faculty of Agriculture, Department of Agricul-
tural Machinery and Technologies Engineering. The soil
bin used in this study is 20 m long, 2.25 m wide and 1 m
deep. Soil bin facilities built for testing agricultural
equipment were described in detail by Marakoglu et al.
(2013). Test machine moves on rails by means of chain-
gear driven with electric engine. The chisel tine has been
connected as without stage adjustable on vertical planes
to front of test machine. All units of the soil bin are man-
ufactured to be demountable. This situation provides
convenience for the repair of any part of the system in
case of deformation or failure.

The chisel tine used in the study is fixed and the
chisel share have been changed. The construction details
of chisel tine are shown in Figure 1. The Chisel share
has a rake angle of 34°, a concavity depth of 21mm and
a concavity radius of 546mm. The test chisel tine varia-
bles included chisel share widths (W) 60 and 120 mm,
working depths (D) 160, 200, 240 and 280 mm, and for-
ward speeds (V) 0.7, 1.0, 1.25 and 1.5 m s—1. Chisel tine
were tested in a soil bin using fully randomized factorial
(2 x 4 x 4) experiments (triple replicates).
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Figure 1
The soil bin and chisel tine used in trials.

The soil bin was filled with a 0.5 m thick layer of
clay loam. The soil has a texture of clay-loam (sand:
38%, loam: 27%, clay: 35%) with a moisture content of
13.5 %, a shear stress of 1.50 Ncm a bulk density of
1.41 Mgm and a penetration resistance of 1650 kPa.
The soil surface was leveled with smoothing shovel that
had been connected to rear of test machine before each
trial, and then the soil compacted by heavy flat roller
loaded of 0.9 daN to unit area (cm?).

A speed measuring system has been developed to
measure the forward speed. This system consists of a
stopwatch and two speed sensors. The distance between
the two sensors is 15m. The forward speed has been de-
termined by considering the distance and time between
the two sensors.

To determine the draft requirement of the chisel tine,
a load cell was used to measure the draft force during
the operation of a chain drive for the front and rear mo-
tions of the testing machine. In measurements, a hori-
zontal load cell connecting the analog amplifier and dig-
ital data logger was used. In force measurements, 5 val-
ues were read per second and these results were aver-
aged by data logger. Obtained force data was recorded
as gross traction forces (GF). In addition, the rolling re-
sistance force (RF) of the test machine at idle (no load)
operation was recorded. Subsequently, required draft
force (DF) of the chisel tine was computationally ob-
tained by means of the following equation.

DF=GF-RF

Where, DF is draft force (kN); GF is gross traction
force (kN), and RF is rolling resistance force (kN).

In order to determine the disturbed soil area, a sheet
plate of 700x400x5 mm was placed as a perpendicular
to the direction of forward and in a vertical plane on the
soil treated. The soil on the front of the sheet metal has
been evacuated and the sheet metal has been removed.
The untreated area in front of the opened profile and the
disturbed limit were determined by applying lime with a
brush. Three copies of the disturbed soil section profile
were photographed after each application. Then the re-
sulting total area of disturbed soil were calculated by
plotting the measured coordinates of the cross sections

areas using the Fiji image computer package (Topakci,
2004; Marakoglu et al, 2013).

The ANNSs designed in this study were multilayer
back-propagation multilayer networks. Many studies
performed for prediction works have used the scaled
conjugate gradient, gradient descent with momentum,
and Levenberg—Marquardt algorithms (Suzuki 2013).
Multilayer networks are beneficial for prediction appli-
cations if they have enough neurons in the hidden layer.
The multilayer networks are susceptible to the number
of neurons in the hidden layer(s). A high number of neu-
rons causes overfitting and the network may lose its abil-
ity to generalize, and a low number of neurons can cause
mismatch. In network design, minimizing the number of
neurons in a hidden layer without affecting the network
performance is one of the important criteria. The most
important factor in the design of ANNs is the selection
of data used as the training data and testing data. The
input parameters were share width, forward speed of test
machine and working depth. The draft force and dis-
turbed soil area of the chisel tine were the output param-
eters of the designed network.

To train the designed network and test the network,
the collected data were divided into two separate files:
24 of the total data were used for network training and 8
for network testing.

While establishing the ANN model, all the data were
normalized between 0 and 1 (Purushothaman and Srini-
vasa, 1994). For normalization, the following equation
was used:

y = VY iin
nor YonaxY min

To obtain real values from the normalized values,
"y” value was calculated using the same formula.

In order to evaluate and compare the performance of
ANNs with the multiple linear regression model, the re-
gression models were developed to predict the draft
force (DF) and disturbed soil area (DSA) of the chisel
tine. SPSS 19 software was used to obtain the multiple
linear regression model. The parameters included in the
models were the chisel share width (W), forward speed
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(V) and working depth (D) as independent variables.
The multiple linear regression equation obtained from
the experimental data were given below;
DF=-0.0693+0.2862W+0.0475V+0.1655D,
DSA=-185.083+306.125W+28.742V+74.566D,
The commonly used RMSE, R? and values, which
are accepted as the basic accuracy criterion to determine
the performance of the results and based on the concept

of mean error, were calculated using the following for-
mulas (Bagirkan, 1993; Bechtler et al., 2001).

1
RMSE = (3 37 (1 — x,)?) g
R*=1- QL0 —x)?)/(Cq(x1)2),

€= 100 |(xi—x1i)
n X1

. )
i=1 i

Here, RMSE, Root Mean Square Error, R?, coeffi-
cient of determination, &, relative error, n, number of

data, X, measured value and, x1, predicted value.
3. Results and Discussion

The draft force required of chisel tine increased with
increasing share width, forward velocity and working
depth (Figure 2). The draft force varied from 0.52 to
1.42 kN. The effect on draft force of share width, for-
ward velocity and working depth were significant (p<
0.01). An increased of 100% at share width resulted in a
draft force increase of 38 %. Approximately, an in-
creased of 114 % at forward velocity resulted in a draft
force increase of 17 % while an increased of 75 % at
working depth caused a 49% increased of the draft force.
The greatest value in draft force was obtained at a share

0,8 -
0,6

Draft force (kN)

width of 120 mm, working depth of 280 mm and for-
ward velocity of 1.5 m s, Askari and Abbaspour-Gilan-
deh (2019) found that the highest values of draft force
are related to the winged subsoiler in depth of 50 cm and
speed of 3.5 km/h as 30.9 kN and the lowest one are re-
lated to the bent leg at the depth of 30 cm and speed of
1.8 km/h as 5.6 kN. The draft force was usually higher
for higher working depth. Working depth was the major
contributory factor on draft force as compared to for-
ward velocity.

The draft force of the subsoil tillage tines is less af-
fected by the forward speed but is much affected by tine
type, tillage depth and wing width (Askari et al., 2017).
In the study conducted by Carman et al., (2019), they
found that the working depth was more effective on the
draft force of the moldboard plough. Manuwa et al.,
(2010) found that the draft force increased at a decreas-
ing rate with tine width. The increase is also affected by
the forward speed since higher draft force values were
obtained at higher speed. Boydas (2017) studied the ef-
fect on draft force of various wing mouth forms in chisel
plough shank. Draft force was significantly affected
from the wing forms. The highest draft force (222.70 N)
obtained from the smooth mouth wing, and the lowest
draft force (183.45 N) occurred with the narrow angle
teeth wing.

Al-Suhaibani and Ghaly (2013) found that increas-
ing the chisel plowing depth and decreasing the forward
speed increased the specific draft force. Increasing the
working depth from 115 mm to 230 mm (100%) in-
creased the specific draft force by 161-165 % while in-
creasing the forward speed from 0.75 m/s to 2.25 m/s
(200%) decreased the specific draft force by 52-53 % for
the heavy duty chisel plows.

_'_\ 3
[3)
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The draft force requirement of chisel tine as a depending on share width, forward speed and working depth.

The disturbed soil area of chisel tine in a clay loam
soil under varying operating conditions were given in
Figure 3. The disturbed soil area was varied from 260 to
865 cm? as depending on different share width, forward
speed and tillage depths. Averagely, the lowest value of
disturbed soil area was obtained at share width 60 mm,
speed of 0.7m st and working depth of 160 mm, and the
highest value was obtained at share width 120 mm,
speed of 1.5 m s and working depth of 280 mm. An
increased of 100% at share width resulted in a disturbed
soil area increase of 80 %. Approximately, an increased
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of 114 % at forward velocity resulted in a disturbed soil
area increase of 17 % while an increased of 75 % at wor-
king depth caused a 53 % increased of the disturbed soil
area. The increase in tillage depth was more effective on
the disturbed soil area compared to the increase in
forward speed. The results obtained from the experi-
mental data were analyzed using analysis of variance.
(ANOVA). The results showed a significant difference
among the disturbed soil area values for the two diffe-
rent share width, four different forward speed and wor-
king depth at 1% probability level.
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The disturbed soil area of chisel tine as a depending on share width, forward speed and working depth.

Topake1 (2004) studied under the controlled conditi-
ons with chisel tine in soil bin. The experiments were
carried out the different tine wing arrangements and le-
ading tine arrangements. The disturbed soil area was va-
ried from 893.8 to 1655.2 cm?. It can be said that the
greater values obtained from our study were caused by
wing arrangements and deeper operating conditions.
Marakoglu et al. (2013) found the total disturbed soil
area as 939 and 639 cm?, respectively, in their study con-
ducted with winged and simple chisel tine in soil bin.

In the ANN model, the structure of the network is 3-
(6-8)-2, and it was designed as 3 input layers, 2 hidden
layers and 2 output layers, and the neuron numbers of
hidden layers were obtained as 6-8 (Figure 4). In the
structure of the created network, logsig in the first hid-
den layer, purelin in the second hidden layer and tansig

transfer functions in the output layer are used. For the
network, the lowest training error value was obtained at
96 epochs. Abbaspour-Gilandeh et al. (2008) conducted
trials to develop the prediction model of draft force and
required energy for tillage operation. In this study, para-
meters such as forward speed, tillage depth and different
soil parameters were used. Artificial neural network mo-
del is used in this study. The best training algorithm was
selected based on the comparison of made networks (in
training and data test stages). In regard to the high accu-
rate prediction (98.8%) and high accurate simulation
(97.6%) the application of Lavenberg-Marquardt algo-
rithm with 2 middle layers including 12 neurons on its
first layer. 10 neurons on its second layer was distingu-
ished as the most appropriate algorithm in comparison
with other ones.

blade width

forward speed

working depth

draft force

disturbed soil area

| input layer |

Hidden layer

Output layer

Figure 4
The network structure of the ANN model
The prediction ability of the developed models is in-
vestigated according to mathematical and statistical
methods. Table 1 shows the mean values of RMSE, R?
and € of the ANN and regression models to predict each

of the two output parameters. For draft force, the statis-
tical values RMSE and R? in ANN model were found as
0.010 and 0.999, respectively. In ANN model, the mean
relative error values were found as 0.960 %. The statis-
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tical values RMSE and R? in regression model were fo-
und as 0.040, and 0.992, respectively. In regression mo-
del, the mean relative error values were found as 3.756
%. Abbaspour-Gilandeh et al. (2020) compared the per-
formance of ANNs with a linear regression model, and
the data obtained from the two models were compared
to estimate the draft force of the chisel cultivator. They
found that the correlation coefficient and prediction ac-
curacy for the linear regression model were 0.592% and
61%, respectively, and the correlation coefficient and
prediction accuracy of the ANN model were signifi-
cantly lower than the prediction accuracy of 0.9445%
and 89%, respectively. These results are consistent with
the results of our study. Draft force data for chisel plows
working with different soil conditions and operational
parameters were obtained with the help of simulation re-
sults using artificial neural networks by Aboukarima
(2007). The coefficients of determination (R?) of of pre-
diction were found higher than 93%.

Manuwa (2009) reported that a good relationship
between draft force measurements and predicted using

Table 1

ANN was acquired. The relationship between depth and
draft force had a curved shape and was described by me-
ans of an exponential function. An artificial neural
network (ANN) model, with a back propagation lear-
ning algorithm was developed to predict draft require-
ments of two winged share tillage tools by Akbarnia et
al., (2014). The developed model predicted the draft
requirements with a mean relative error of 0.56 and
mean square errors of 0.049, when compared to measu-
red draft force values.

For disturbed soil area, the statistical values RMSE
and RZ in ANN model were found as 0.016 and 0.998,
respectively. In ANN model, the mean relative error va-
lues were found as 1.673 %. The statistical values
RMSE and R? in regression model were found as 0.023
and 0.997, respectively. In regression model, the mean
relative error values were found as 2.802 %.

Table 1 shows that R? was very close to 1 for the
ANN model. The ANN model gave smaller RMS values
compared to the regression model. The ANN model
gave the worst results compared to the other model.

Performance of the ANN and Regression models to predict each of the two output parameters

Models Performance Values Draft Force (kN) Disturbed Soil Area (cm?)
RMSE 0.010 0.016
ANN R? 0.999 0.998
€ 0.960 1.673
RMSE 0.040 0.023
Regression R? 0.992 0.997
€ 3.756 2.802

The correlations between the predicted (ANN and
regression) values and actual values for draft force and
disturbed soil area are shown in Figure 5 and 6. As the
correlation coefficients approach 1, the prediction accu-
racy increases. In the case presented in this study, the

correlation coefficients obtained are very close to 1, in-
dicating a perfect match between the ANN predicted va-
lues and the actual values.
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Figure 5

Correlation between predicted and actual values of draft force
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As can be seen in the figures and tables, the estima-
tion results and the actual results are in good agreement.
The deviations between predicted and actual results are
very small and negligible for any draft force and distur-
bed soil area. These results show that the best results
have been obtained with the ANN model.

4. Conclusions

The experiments to estimate the draft force of the chisel
tine and the disturbed soil area were carried out in the
soil bin under different working conditions. In the ANN
model, Feed Forward Back Propagation, Multilayer Per-
ceptron network structure the multilayer recurrent back-
propagation artificial neural networks were used to pre-
dict the draft force and disturbed soil area of the chisel
tine. The structure of the ANN model developed was de-
signed to have 3 inputs, 2 hidden and 2 output layers.
The input parameters of the ANNSs were sharing width,
forward speed and working depth. The draft force and
disturbed soil area of the chisel tine were the output pa-
rameter of the designed network. To train the network,
the training algorithm used was the Levenberg-Marquart
algorithm. In the ANN model, R?, RMSE and relative
error were found to be 0.999, 0.01061 and 0.96% for
draft force and 0.998, 0.01683 and 1.67% for disturbed
soil area, respectively. In the multiple linear regression
model (MLR), R?, RMSE and relative error were found
to be 0.992, 0.04097 and 3.75% for draft force and
0.997, 0.02399 and 2.80% for disturbed soil area, re-
spectively. Therefore, the model developed in this paper
is useful for predicting the draft force and disturbed soil
area of a chisel tine and designing a chisel tine with low
draft force and high disturbed soil area. It is proposed
that experiments be undertaken at several soil textures,
the different soil conditions and chisel tine geometries
order to develop a model with high accuracy and high

generalizability. In addition, this system can be com-
pared with other artificial intelligence methods such as
Fuzzy Inference System and Adaptive Neuro-Fuzzy In-
ference System method to get the best method to simu-
late the soil-chisel tine interaction under different work-
ing and soil conditions.
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