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ABSTRACT 

In this research, draft data for chisel plows working with different soil 

conditions, rated plow widths and operational parameters were obtained 

with the help of simulation results using artificial neural networks. 

Whereas, polynomial draft models from regression analyses were 

formulated. The independent variables were forward speed, plowing depth, 

nominal tractor power, rated plow width, soil texture index, initial soil 

moisture content and initial soil specific weight. Effects of independent 

variables on simulated draft were in agreement with the published data in 

literatures for the chisel plow. Whereas, the coefficients of determination 

(R
2
) were higher than 93%. Using the weights obtained from the trained 

neural network model, new formulations were presented for the calculation 

of draft of chisel plow. These formulations could be employed with any 

programming language or spreadsheet program for the estimation of draft 

of chisel plow. 

INTRODUCTION 

raft of tillage implements reflects the soil physical conditions and 

the degree of soil compaction. For unique soil type, plowing speed 

and tool design, draft varies with bulk density, moisture content 

and plowing depth. These influencing factors were the main axis of interest 

of previous research, which adapted field experiments to understand how 

these factors affect the draft of tillage implements (Mouazen and Ramon, 

2002). Instrumentation systems and field experiments are needed to 

determine draft of tractor-implement combination. This is time consuming 

and generally is complex and expensive work. So, simulation techniques are 

important and effective factors in efficient planning in such problems.  
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Mamman and Oni (2005) mentioned that draft of different plows varies with 

variations in soil conditions, tool design and operational parameters. 

Meanwhile, Zadeh (2006) reported that the amount of energy consumed 

during tillage operations depends on soil, tool and operating parameters.  

Kheiralla et al. (2004) formulated polynomial draft models from orthogonal 

regression analyses based on linear and quadratic functions of travel speed 

and tillage depth. Dahab and Al-Hashem (2002) studied the effect of tractor 

power working on clay loam soil on drawbar pull. The results showed that 

the increase in tractor power had a highly significant effect on drawbar pull. 

Shebi et al. (1988) investigated the influence of tractor speed; tractor power 

and tractor tire inflation pressure with different tillage implements. They 

showed that measured drawbar pull was consistently higher than estimated 

drawbar pull. Also, travel reduction decreased from 11.2 to 3.5% while 

estimated drawbar pull increased from 0.72 to 1.42 kN when the tractor 

power was increased from 19 to 47 kW. Grisso et al. (1996) reported that 

draft required during tillage is a function of soil properties, working depth, 

tool geometry, travel speed and width of the implement. It is an important 

parameter for measuring and evaluating implement performance for energy 

requirements. Mouazen and Ramon (2002) showed that soil moisture 

content, wet bulk density and tillage depth are important variables that 

affect draft.  

Tong and Moayad (2006) found that from field experiments with a chisel 

plow the draft increased with increasing soil bulk density. Metwalli et al. 

(2002) showed that forward speed, plowing depth and inflation pressure had 

significant effect on draft during executing tillage in clay loam soil. Abo-

Elnor et al. (2004) concluded that the blade cutting width had a significant 

effect on cutting forces so that the cutting forces increased but not in linear 

proportion as the cutting width increased. Dahab and Mutwalli (2002) 

reported that the traction force for chisel plow was higher in a soil of higher 

bulk density. Mouazen et al. (2003) showed that draft decreased with 

increasing moisture content. Al-Janobi et al. (2002) found that plowing 

depth and forward speed affect the horizontal force required to pull chisel 

plow. 

 Sahu and Raheman (2006) reported that the draft of the tillage implements 

was significantly affected by depth and speed of operation and with increase 



Misr J. Ag. Eng., January 2007 

 
44 

in depth and speed of operation, the draft of the combination tillage 

implements increased. This was because of the higher soil resistance and 

more volume of soil handled with increase in depth and higher force 

required to accomplish the soil acceleration with increase in speed of 

operation. By browsing in literatures, different forms of statistical and 

mathematical models for prediction of draft of different tillage implements 

were developed as results of Al-Janobi et al. (2000), Elbanna (1992), Al-

Hamed and Aboukarima (2001) and Godwin and O’Dogherty (2007). 

Artificial neural networks are a calculation technique originated from the 

structure and function of a human brain. The basic propriety of artificial 

neural networks is a possibility of less or more self-reliant investigation of 

the relationships between sets of inputs and corresponding sets of outputs 

through the determination of functional dependencies with any degree of 

complexity. It takes place in, so-called, network self-learning process, which 

is a gradual generalization of the information on a given phenomenon along 

with the investigation of particular real-time relationships among variables 

(Adamczyk et al., 2005). Artificial neural networks perform particularly 

well in the detection and incorporation of non-linear relationships and can 

be applied to a wide variety of fields such as Parlak et al. (2006) who used 

artificial neural network to predict specific fuel consumption for a diesel 

engine. 

Many authors found a high effectiveness of artificial neural networks 

estimation of draft of tillage implements with great success, as results of 

studies by Aboukarima (2004), Aboukarima and Saad (2006), Aboukarima 

et al. (2003), Al-Janobi et al. (2001), El Awady et al. (2003), El Awady et 

al. (2004), El Awady et al. (2002), Kushwaha and Zhang (1997), Zhang and 

Kushawaha (1999), Tohmaz and Hassan (1995) and Hassan and Tohmaz 

(1995). All of these studies did not perform parametric study to show the 

trend and effect of individual variable on draft of tillage implement when 

the others were held. Occasionally, farm mechanization manager wants to 

know the magnitude of draft of a tillage implement at levels of separate 

forward speed, plowing depth, nominal tractor power, rated plow width, soil 

texture index, initial soil moisture content and initial soil specific weight. In 

these cases, numerous experiments are needed to get draft data and the cost 

is very high. So, simulation technique to generate draft data using artificial 
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neural networks is useful in this case, because the results obtained depend 

on data performing in the actual field. 

The aims of this research were: 

(1) To obtain draft data of chisel plows working with 

different soil conditions, rated plow widths and 

operational parameters with the help of simulation results 

using artificial neural networks to formulate simple draft 

models from regression analyses. 

(2) To introduce new formulations that can be employed 

with any programming language or spreadsheet program 

for the estimation of draft of chisel plow. 

(3) To illustrate an example of how to predict draft of 

mechanization unit (chisel plow + tractor) using the 

developed formulations.   

MATERIALS AND METHODS 

Soil texture index developed by Aboukarima and Saad (2006) was used to 

represent soil type in this research. The soil texture index (STI) could be 

obtained as follows: 

100

)(C log
  STI

iS

a=  (1) 

Where  iS  and Ca are % of silt and clay fractions in the soil, respectively.  

Meanwhile, the sand fraction is represented implicitly since the sum of sand, 

silt and clay contents is always constant. 

Collecting required data: 

Available data in literatures, which directly relate to the subject, are 

collected from (Abd El Maksoud, 1970; Nasr, 1985; El Sheikha, 1989; Idris, 

1990; Obaia, 1991; Bahnas, 1999; Shaban, 1999, Ghazy, 2000, Khader, 

2004 and Yaya, 2004). Also, the obtained data (80 data points) for chisel 

plow by the author were taken (the description of the field experiments was 

in Aboukarima et al., 2006). Whereas, these studies executed field 

experiments using different chisel plows (only one pass over the soil) in 

different sites having different moistures, bulk densities and textures with 

different changeable working conditions. Collected data set was consisted of 

1121 data points. Table (1) shows some statistical parameters of collecting 
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data that describe affecting input variables used in developing artificial 

neural network model for predicting draft of chisel plow. 

Table (1): Statistical parameters* of collecting data. 

 
Structure and developing artificial neural network model: 

Artificial neural networks consist of simple processing elements or 

‘neurons’ linked with each other in a particular configuration, Fig. (1). Each 

neuron is a non-linear transducer of input signals. Input signals (Xi) are 

given weight coefficients (Wi), summed and transferred to a non-linear 

function of activation (transfer function, F) that forms an output signal (Y). 

‘Training’ of the network then consists of the adjustment of the weight 

coefficients of input neuron signals. Values of the vector of input signals 

and the vector of desired output signals are presented to the network. 

Weight coefficients are chosen in such a way that the vector of predicted 

output signals maximally correspond to the vector of desired output signals.  

The action of the neural network is determined not only by neuron 

properties and weights of connections between them, but also by net 

topology, i.e. the relative positions of neurons. 

The development of a particular training algorithm, called the ‘delta rule of 

error back propagation’ has made multilayer feed forward networks the 

most popular type, Fig. (2). 

Using commercially available software, Qnet2000 (Vesta Services, 2000), 

the artificial neural network used in the present study was characterized by 

the following parameters: feed-forward, back-propagation training 
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algorithm, one hidden layer (5 hidden neurons), random choice of starting 

values of weights ranged from –1 to 1, constant learning coeffcient of 

0.00729, momentum factor of 0.8, logistic function (sigmoid transfer 

function) of neuron activation, 200000 training cycles. These configurations 

gave training error of 0.040711. The choice of the artificial neural network 

type was done based on the results of preliminary investigations (data not 

included). The input layer of the model consisted of the nodes 

corresponding to the following variables: plowing depth, rated plow width, 

forward speed, soil texture index, initial soil moisture content, initial soil 

specific weight and nominal tractor power. The output layer (representing 

the variable that is being predicted) consisted of the one node related to 

draft, Fig. (2). 

 

 

 

 

 

 

 

 

Fig. (1): Structure of a single neuron. 

 
Fig. (2): Illustration of a three-layered neural network with one input layer, 

one hidden layer and one output layer. 
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The whole data set (1121 data points) was randomized and used for training 

the artificial neural network. Because the logistic function of neuron 

activation in the hidden layer was chosen, the input and output values were 

normalized between 0.15 and 0.85 prior to use with the model, according to 

the following formula: 

15.0)15.085.0(
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Where t is the original values of input and output variables, X is normalized 

value and tmax and tmin are maximum and minimum values of input and 

output variables, Table (1). The final step in neural network activity is the 

denormalization of output.  

The accuracy of artificial neural network predictions was evaluated using 

the different error statistics as follows: 
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Where RMSE is root mean square error and MAE is mean absolute error. D 

is index of agreement between measured (
iO ) and predicted (

iP ) values 

according to Willmott (1981), where OPP ii −=
′  and OOO ii −=

′ , with 

O  the mean measured value. The index, D, can be any value between 0 and 

1, the nearer D is to 1 the better the agreement between measured and 

predicted values. In this research, parametric study showing the effects of 

forward speed, plowing depth, nominal tractor power, rated plow width, soil 

type, initial soil moisture content and initial soil specific weight upon the 

draft of a chisel plow were investigated by graphs and different draft models 

were obtained for each parameter by regression analyses. 

RESULTS AND DISCUSSION 

Fig. (3) shows the relationship and coefficient of determination between 

measured and predicted draft. It shows that scattering points are around the 
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regression line with coefficient of determination  (R
2
) of 0.819. Whereas, 

Table (2) shows error statistics for predicting draft of chisel plow using 

artificial neural networks. Using the weights obtained from the trained 

neural network model, new formulations were presented in Annex (A) for 

the calculation of draft of chisel plow. These formulations could be 

employed with any programming language or spreadsheet program for the 

estimation of draft of chisel plow. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig. (3): The relationship between measured and predicted draft. 

Table (2): Error statistics for predicting draft of chisel plow using artificial 

neural networks. 

Error items  Value 

Root mean square error, RMSE 2.14 kN 

Mean absolute error, MAE 1.48 kN 

Index of agreement, D  0.948 

Using formulations in Annex (A), the effects of nominal tractor power, rated 

plow width, plowing depth, forward speed, soil texture index, initial soil 

moisture content and initial soil specific weight upon simulated draft of a 

chisel plow were depicted as shown in Figs. (4 through 10). Results showed 

that increasing forward speed, plowing depth, nominal tractor power, rated 

plow width, soil texture index and initial soil specific weight result in 
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increasing simulated draft of chisel plow. Meanwhile, increasing initial soil 

moisture content results in decreasing simulated draft of chisel plow. These 

results are in agreement with the published data in literatures for the chisel 

plow. It is seen that increasing nominal tractor power from 45 to 70 kW i.e. 

by 56% results in increasing simulated draft by 21%, Fig. (4). Meanwhile, 

increasing rated plow width from 1.25 to 2.50 m i.e. by 80% results in 

increasing simulated draft by 68%, Fig. (5). Also, increasing plowing depth 

from 10 to 20 cm, i.e. by 100 % results in increasing simulated draft 

by120%, Fig. (6).  

 
Fig. (4): Effect of nominal tractor power from 45 to 70 kW on simulated 

drawbar pull. 

(Rated plow width =1.75 m, plowing depth =12 cm, forward speed = 4.5 

km/h, soil texture index = 0.220, initial soil moisture content =16% d.b and 

initial soil specific weight = 12.16 kN/m
3
) 
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Fig. (5): Effect of chisel plow rated width from 1.25 to 2.25 m on simulated 

draft. 

(Nominal tractor power = 80 kW, plowing depth =15 cm, forward speed = 

3.5 km/h, soil texture index = 0.441, initial soil moisture content =25% d.b 

and initial soil specific weight = 13.34 kN/m
3
) 

 
Fig. (6): Effect of plowing depth from 10 to 20 cm on simulated draft of a 

chisel plow. 

(Nominal tractor power = 47 kW, rated plow width =1.75 m, forward speed 

= 4.5 km/h, soil texture index = 0.441, initial soil moisture content =22% 

d.b and initial soil specific weight = 13.34 kN/m
3
) 
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Fig. (7): Effect of forward speed from 2.5 to 6.5 km/h on simulated draft of 

a chisel plow. 

(Nominal tractor power = 47 kW, rated plow width =1.75 m, plowing depth 

=16 cm, soil texture index = 0.441, initial soil moisture content =22% d.b 

and initial soil specific weight = 13.34 kN/m
3
) 

 
Fig. (8): Effect of soil texture index from 0.054 to 0.655 on simulated draft 

of a chisel plow. 

(Nominal tractor power = 50 kW, rated plow width =1.75 m, plowing depth 

=15 cm, forward speed = 4.5 km/h, initial soil moisture content =25% d.b 

and initial soil specific weight = 12.15 kN/m
3
) 



Misr J. Ag. Eng., January 2007 

 
53 

 
Fig. (9): Effect of initial soil moisture content from 16 to 35 % on simulated 

draft of a chisel plow. 

(Nominal tractor power = 47 kW, rated plow width =1.75 m, plowing depth 

=16 cm, forward speed = 3.5 km/h, soil texture index = 0.441 and initial soil 

specific weight = 13.34 kN/m
3
) 

 
Fig. (10): Effect of initial soil specific weight from 11.77 to 17.24 16 kN/m

3
 

on simulated draft of a chisel plow. 

(Nominal tractor power = 80 kW, rated plow width =1.75 m, plowing depth 

=20 cm, forward speed = 4.8 km/h, soil texture index = 0.255 and initial soil 

moisture content =18.5 % d.b) 
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From Fig. (7), increasing forward speed from 2.5 to 6.5 km/h, i.e. by     160 

% results in increasing simulated draft by 5%. This indicates low 

contribution of forward speed in draft of chisel plow. Also, soil type had 

effect on draft of a chisel plow, where increasing soil texture index with 

over 100% (1113%) from 0.054 to 0.655 results in increasing simulated 

draft with 35%, Fig. (8). Meanwhile, increasing the initial soil moisture 

content by 119%, i.e. from 16 to 35% (d.b), result in decreasing simulated 

draft with 28%, Fig. (9). Also, increasing initial soil specific weight by 46% 

from 11.77 to 17.24 kN/m
3
 simulated draft increases with 55%, Fig. (10). 

Coefficients of determination (R
2
) of simulated draft models at different 

independent variables for chisel plow are higher than 93%. The obtained 

polynomial simulated draft models from regression analyses on each figure 

will be helpful to develop comprehensive information on draft of chisel 

plow for the formulation of Egyptian agricultural machinery management 

database. The high determination coefficients indicate that the draft of a 

chisel plow can be estimated as a function of nominal tractor power, rated 

plow width, plowing depth, forward speed, soil texture index represents soil 

type, initial soil moisture content and initial soil specific weight with a high 

degree of accuracy. 

CONCLUSION 

The effect of forward speed, plowing depth, nominal tractor power, rated 

plow width, soil texture index, initial soil specific weight and initial soil 

moisture content on simulated draft of chisel plow was investigated. 

Whereas, polynomial draft models from regression analyses were 

formulated based on simulated draft data obtained using artificial neural 

networks. The results showed that the trend between the simulated draft of 

chisel plow and the affecting variables was in agreement with the published 

data in literatures for the chisel plow. Whereas, the coefficients of 

determination (R
2
) were higher than 93 %. Using the weights obtained from 

the trained neural network model, new formulations were presented for the 

calculation of draft of chisel plow. These formulations could be employed 

with any programming language or spreadsheet program for the estimation 

of draft of chisel plow. These obtained results will be helpful to develop 



Misr J. Ag. Eng., January 2007 

 
55 

comprehensive information on draft requirements of chisel plow for the 

formulation of Egyptian agricultural machinery management database.  
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ANNEX (A) 
The following equations were used to predict draft of chisel plow based on 

training artificial neural network model: 

Step 1: Normalize the original input variables as follows: 

15.0
)07.2201.103(

)15.085.0)(07.22
+

−

−−
=

kW power,tractor(nominal
  X1  (1-a) 

15.0
)00.110.3(

)15.085.0)(00.1
+

−

−−
=

m ,widthplow(rated
  X2  (2-a) 

15.0
)826(

15.085.0)(8
+

−

−−
=

cm ,depth(plowing
  X3  (3-a) 

15.0
)94.020.7(

)15.085.0)(94.0
+

−

−−
=

km/h ,speed(forward
  X4  (4-a) 

15.0
)022.0781.0(

)15.085.0)(022.0
+

−

−−
=

(--) ,indextexture(soil
  X5  (5-a) 

15.0
)60.473.41(

)15.085.0)(60.4
+

−

−−
=

,%dbcontentmoisturesoil(initial
  X6  (6-a) 

15.0
)79.895.17(

)15.085.0)(79.8
+

−

−−
=

3
kN/m,weightspecificsoil(initial

  X7  (7-a) 

Step 2: Compute the sum of input signals as follows: 

S1 = 5.458× X1+5.088× X2+2.080× X3– 1.489× X4–0.624× X5           

+ 6.385× X6  –2.703× X7-8.838 
(8-a) 

S2 = -3.152× X1+ 0.184× X2 + 2.543× X3 –1.516× X4–1.718× X5       

-9.624× X6 +1.463× X7+2.463 
(9-a) 

S3 =3.501× X1-0.588× X2- 0.065× X3 –1.240× X4 +3.246× X5   

+0.034× X6   –2.757× X7-0.588 
(10-a) 

S4 =1.787× X1+5.993× X2+0.123× X3 –0.480× X4 +1.671× X5  

+5.394× X6 –2.461× X7-7.206 
(11-a) 

S5 = -5.519× X1+2.621× X2-3.011× X3 +1.485× X4-2.441× X5 

+6.113× X6  +2.971× X7-1.555 
(12-a) 

Step 3: Apply the sigmoid transfer function on the sum of input signals as 

follows: 

1S
e1

1
  F1

−+
=  (13-a) 

2S
e1

1
  F2

−+
=  (14-a) 
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3Se1

1
  F3

−+
=  (15-a) 

4Se1

1
  F4

−+
=  (16-a) 

5Se1

1
  F5

−+
=  (17-a) 

Step 4: Compute the sum of hidden signals as follows: 

Y = -5.668× F1-2.469× F2-4.805× F3 +7.813× F4 –3.864× F5+3.545 (18-a) 

Step 5: Compute the normalized output signal (draft) as follows: 

Y
e1

1
  )normalized(draft X

−+
=  (19-a) 

Step 6: Denormalize the output signal (draft) as follows: 

75.2
)15.085.0(

)75.246.39)(15.0
+

−

−−
=

(X
  (kN)Draft  (20-a) 

Example: Predict draft (kN) of a chisel plow hitched by a tractor having 

nominal power of 50 kW and running at 4.8 km/h with depth of 15 cm in 

soil having 18.12% sand, 34.78% clay and 47.10% silt (soil texture index, 

==
100

)(34.78 log
  STI

47.1

=
+

100

18.12)(34.78 log
 

47.1

0.726). The rated plow 

width was 1.75 m, the initial soil moisture content was 15.40 % (d.b) and 

the initial soil specific weight was 13.44 kN/m
3
.  

The solution: 

By applying equations (1-a through 19-a), the following results are 

obtained: 

Equations  (1-a 

through 7-a) 

Equations  (8-a 

through 12-a) 

Equations  (13-a 

through 17-a) 

Equation  

(18-a)  

Equation  

(19-a) 

X1= 0.3916 S1= -4.2614 F1= 0.0139 Y =-0.3373 X =0.4165 

X2= 0.4000 S2= -2.5419 F2= 0.0730   

X3= 0.4222 S3= 1.0109 F3= 0.7332   

X4= 0.5816 S4= -2.3381 F4= 0.0880   

X5= 0.7992 S5= -1.3619 F5= 0.2039   

X6= 0.3536       

X7= 0.5057       

Then by applying equation (20-a), the draft value is obtained and equals to 

16.73 kN. 
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 ا��
	� ا�����
 


���اث ا����ر �
� أ��س ا����آ�ة ���ذج� ���ة ا��  
 م+*	�م� ا��%)�ت ا��&% � ا$#"!�� �

 
 *�%� ا��اح� م��� أ�� آ�ی��./د

                   

-, ه�ا ا�*�( �) ا��'�ل %�$ #"�!�ت ��ة ا��� �����اث ا����ر وا��ي ���� ��
 ��وف ������ 
و��4"�ات ا���4"� #�/�%�ة !��23 ا����آ�ة �/����� ا��*�0ت ا��'*"� ����#� وا�/�ع ا����اث 

 ح"( ��7, ا����آ�ة �6;� !��23 د�"<� =!;� -, ��ح�� ��ر�*;� ����� %�$ �"�س�ت ا9ص%�67"�،
و�) ا��'�ل �F ه�E . ح<�"� -��"� ����خBت وا�����Aت ا��<�#�� �;� و�"@ ���د9ت �/�6*�7

��ار ����د ا���ود %�$ !��ذج �<�ة ا���، ح"( آ�!
 ا��Jه�ت �HI"�ات %�ا�� ا�23��6 #�س���ام ا9!
�ر -, ا��راس�ت ا�/�#<�، ح"( ��اوح �6� �ا��راس� %�$ ��ة ا��� ا����اث ا����ر ���<� �N �� ه

 F� �Oار %�6 ����� %.�����٩٣ ا9ر�*�ط =آ�ا��راس� وس"�� س;�� و�*/�7 ���9ذ ا�< Eه� �و���* 

 ��وف ��4"� ���دة �����اث و��رة ) ���اث ح��ر+ A�ار (وح�ة ا��"�60 ا���6س*� �� �����
و�F �") ا=وزان ا����'� %�";� �F ��ر�W ا��*�0 ا��'*"� ا9ص�67%"� . ا�J�ار و!�ع ا���#�

�%� �F ا�����J� ���7� F0ل أ�Bخ F%��، و� ��أو داخ� ور �J��# �4� يI# �;�J��# F0�� د9ت
�*�0ت �� �A4"� ا������� دون ا����ذ�\ ��F0 إ��Jد �") ��ة ا��� �����اث ا����ر ��
 ��وف ا��

 .ا��'*"� ا9ص%�67"�
__________________________________________________________ 

 . ��آ_ ا�*��ث ا�_را%"�ا%"�،��;� #��ث ا�;�6س� ا�_ر#�ح(، * 


