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Abstract. An Excel spreadshe#d estimate performance parameters for chisel piaotor
combination during tillage process based on tramedrtificial neural network was developed. The
performance parameters include field and fuel iefficies, draft, and required energy. The spreatishee
may be used as extension method for agriculturgineers for solutions of farm mechanization
management problems during tillage process. Thairigafactor of the tractor was selected to be an
optimizing criterion for the operating parameteffie spreadsheet offers an educational help and
clarification to most of the affecting parameters performance parameters. It was validated by
comparing predicted performance parameters witliahelts obtained during field experiments. It has
proven to be very user-friendly and efficient toanthe requirement.
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INTRODUCTION

The tillage operation is a basic practice in adnice to produce a desired soil
condition for crop establishment. The performanifieiency of tillage is measured in terms
of draft or input energy (Gill and Vanden Berg, IR6However, field machines contribute a
major portion of the total cost of crop productid?roper selection and matching of farm
machinery is essential in order to reduce the obstrop production. Performance data for
tractors and implements are, therefore, essental farm machinery operators and
manufacturers alike (Al-Suhaibaeti al., 2010). On the other hand, the efficiency of tresto
and machines applied in agriculture is usuallynested as an integrated value. Their
performance should be evaluated by optimal paraséilde and Pirs, 2008).

Many parameters affect draft of implements suctlyps and condition of soil and
tractor-implements characteristics. Tillage dep#xture and moisture content of soil are
important parameters that have effect on draft. Rivigr width, geometry and stability
arrangement of implements and forward speed am@mers that may have affect on draft
(Kepneret al., 1998).

Plowing is one of the most power consuming and esipe processes in agricultural
production (Vildeet al., 2009). Fuel and energy requirements of tillagerapon depend
upon soil moisture content. Energy requirementnisimportant consideration in selecting
tilage system. Its requirement of any tillage @den depends up on type of operation
(implement used, width, depth of operation), spefedperation and soil parameters. Energy
required per ha could be calculated on the badisebfconsumed and effective field capacity.



Using energy required per ha, the most efficidlage practice could be identified (Swarnkar
and Sharma, 2009). The soil properties that cauttilto tillage energy are moisture content,
bulk density, soil texture and strength (OlatumjdaDavies, 2009). Dahab and Al-Hashem
(2002) studied the effect of tractor power workimig clay loam soil on drawbar pull. The
results showed that the increase in tractor powvaer d highly significant effect on drawbar
pull.

The performance parameter of an aggregated trantbtillage machine is affected by
a number of factors. Various models to predict ehgmrameters such as draft, fuel
consumption, energy, field efficiency, fuel effio®y, etc were developed by regression and
dimensional analysis. These models developed basefield or soil bin experiments. In
recent years, Artificial Neural Network (ANN) hagdn employed, quite frequently, as a
promising tool for supporting the modeling of comated systems, which incorporate
multiple parameters or variables (Flood, 1994). ANNyenerally the software systems that
initiate the neural networks of the human brainfig8aet al., 2009). Neural networks are
powerful tools that have ability to identify undgrig highly complex relationships from
input-output data only (Haykin, 1999).

Feed forward ANNs are currently being used in aetarof applications with great
success. Their first main advantage is that theyndbrequire a user-specified problem
solving algorithm (as is the case with classic progning) but instead they “learn” from
examples, much like human beings. Their second adhmantage is that they possess inherent
generalization ability. This means that they caentdy and respond to patterns that are
similar but not identical to the ones with whicleyhhave been trained (Anantaclefral.,
2010).

Many authors found a high effectiveness of ANN reation of draft of tillage
implements with great success, as results of gunligeHassan and Tohmaz (1995), Zhang and
Kushawaha (1999), Al-Janolat al. (2001), Aboukarima and Saad (2006), Aboukarima
(2007), and Rougét al. (2009). Based on the results of Retukll. (2009), the ANN model,
with a back propagation learning algorithm couldcbasidered as an alternative and practical
tool for predicting draft requirement of tillage pements. ANN may be useful for the
integrated evaluation of tillage performance withltmobjectives and can be employed for
simulation of a dynamic constitutes model and idieation of soil conditions for agricultural
soils (Kushawaha and Zhang, 1998).

Although the ANN model is applied successfully griaultural engineering area and
having capability in handling complex problems, @hrelate to many parameters. They are
not being in applicable format to be used by ang. @n the other hand, farm manager wants
to know the performance parameters of tractor- ptmmbination at varying operating and
soil conditions and varying types of tractors atmyg for farm mechanization management
solutions. In this case, numerous experiments iwglrumentation systems are needed to get
data and compare them to select the best comhmsadind the cost is very high. This is time
consuming and generally is complex and expensivik.w®o, simulation technique by the
help of available software like Excel spreadsheaidt performance data in this case is very
useful, because the results obtained depend orpdetaming in the actual field.

With this objective in mind this particular invagition was undertaken. So, the
objective of this research work is to develop anNAModel and the resulted weights after
training were used to build an Excel spreadsheeeasy way to estimate performance
parameters for chisel plow-tractor combination.



MATERIALS AND METHODS

Collecting required data

To develop the ANN model and Excel spreadsheei|adla data for chisel plow in
literatures, which directly relate to the subjeate collected. Whereas, these data are field
experiments using different chisel plows (only @ass over the soil) in different sites having
different moistures, bulk densities and texturethwlifferent changeable working conditions.
Tab.1 shows some statistical parameters of caligatiata for training process and testing
process, respectively that describe affecting imaitables used in ANN model for estimating
performance parameters of tractor-chisel plow cowuoon.

Development of estimation method

Artificial neural networks consist of simple proseg elements or ‘neurons’ linked
with each other in a particular configuration, FigEach neuron is a non-linear transducer of
input signals. Input signal¥) are given weight coefficient§{), summed and transferred to
a non-linear function of activation (transfer funat F) that forms an output signak)
‘Training’ of the network then consists of the atjuent of the weight coefficients of input
neuron signals. Values of the vector of input sigi@d the vector of desired output signals
are presented to the network. Weight coefficiemschosen in such a way that the vector of
predicted output signals maximally correspond ® Wector of desired output signals. The
action of the neural network is determined not doyyneuron properties and weights of
connections between them, but also by net topologythe relative positions of neurons. The
development of a particular training algorithm, ledl the ‘delta rule of error back
propagation’ has made multilayer feed forward neksdahe most popular type.

Tab.1
Statistical parameters of collecting data for tiragrprocess
Inputs Qutputs
Statistical _ Plowing Forward Soil fractions Initigl soil | Initial soil Effgctive Fuel
Tractor Power| Plow width ] moisture bulk field L
parameters depth speed Sand Silt Clay | content | de nsity | capacity efficiency
kw m cm km/h % % % db% | glent ha/h lit/ha
Mear 68.04 1.95 16.64 3.99 36.01 2564 38p4 2090 146 0.60 2410
Minimum 25.35 1.35 7.06 2.00 11.39 11.0 9.0p 7.3 1.1 0.45 8.p2
Maximur 104.40 3.40 30.00 6.92 80.0 55.2p 53p0  50.30 1.46 1.p8 8748
Standard deviatioh 22.91 0.45 5.87 1.32 16.29 9.7 1040 6.5 0.1 0.0 13|59
Skewnes -1.08 2.21 -0.51 0.10 0.82 0.97 1.0 10.6f 2.7B 3.41 1.37
Kuriosie 0.31 1.87 0.5C 0.82 1.0z 0.87 | -1.17 2.2% 1.3€ 1.8€ 1.17
Coefficient of 33.67 22.99 35.28 32.97 45.1 3sof 27k 3220 9.94 49|95 3544
variation (CV,%)
Coun 133 133 133 133 133 133 133 133 133 133 13

X: Inputs from other neurons
W,: Weighting factors

S: Sum of input signals = (X, "W+b)
F: Transfer function

¥: Ouput of this neuron

b: Bias

Fig. 1. Structure of a single neuron

In this study, single hidden-layer ANN model cotisg of one hidden layer was
developed. The task of identifying the number ofimes in the input and output layers is
normally simple as it is dictated by the input andput variables considered in the model



physical process. But, the number of neutrons & hidden layer (s) can be determined
through the use of trial and error procedure. Thenmal architecture was determined by

varying the number of hidden neurons (from 1- 4@) the best structure was selected. The
training of the ANN model was stopped when the neindf iterations reached 600000. The

neural network with feed forward back propagatiemsist of input layer of nodes, output

layers and one or more layers of nodes in betw€ka.middle layers called hidden layers.

The number of nodes in the input and output layees determined by the nature of the

problem consideration.

Fig. 2, shows the schematics of a three layer henwg@vork with feed forwarded
configuration. ANN was implemented by usiQmet2000software packagevésta Services,
2000). The artificial neural network used in the presstidy was characterized by the
different parameters including: network layers @ranput nods are 9, output nodes are 2,
hidden nodes are 30, transfer function is sigmieidin rate is 0.010402, and momentum is
0.8. However, these configurations gave trainingresf 0.024104.

The input layer of the model consisted of the nod&sesponding to the following
variables: tractor power (TP, kW), plowing depthow width (W, m), forward speed (S,
km/h), sand percentage, silt percentage, clay p&age, initial soil moisture content, and
initial soil bulk density. The output layer consdtof the two nodes related to effective field
capacity (EFC, ha/h) and fuel efficiency (FE, &tyh

Fig. 2. The developed neural network with feed fanded
configuration implemented by using Qnet2000 sofewar
0090000000066 6066060 00000060606000600 package (Vestasel’VIceS, 2000)

The whole data set (156 data points) was randomilieel number of 133 data points
was used for training and the rest for testing. aBee the logistic function of neuron
activation in the hidden layer was chosen, the timmd output values were normalized
between 0.15 and 0.85 prior to use with the madprding to the following formula:

(t _tmin )

(t max _ “min

X, =X(t)= x (085- 015) + 015 (1)
Wheret is the original values of input and output varehk, is normalized value and
tmex @ndtm, are maximum and minimum values of input and ouyamiables, Tab.1. The final
step in neural network activity is the denormali@atf output.
The accuracy of ANN estimations was evaluated usiegdifferent error statistics as
follows:

ii’f (Measured - Predicted )
RMSE :\/i=l N (2)
WhereRMSE is root mean square error and N is number of @hsens.

Estimation of the performance parameters
The effective field capacity and fuel efficiencyubd be estimated from the developed
ANN model. However, fuel efficiency is the measofeamount of fuel required for a given



tractor-implement system to cover 1 ha field. Taset of performance parameters could be
found according as follows:
1- Fuel consumption (FC, lit/h) was calculated gsi@lationship,
FC = FEXEFC 3)
2- Energy requirement of a given tillage implemeaystem (E, kWh/ha) was
calculated from the fuel consumption in a specitiete period and effective field capacity.
Considering the calorific value of diesel fuel &48@0 kJ/kg, specific gravity of 0.85, and

thermal efficiency of 0.25, the energy requirem&as calculated using relation,
_ FCx45460° 025* 085

EFC x360( ()
3- The theoretical field capacity (TFC, ha/h) wakcalated using relation,
TFC = WXS (5)

4- The field efficiency (F, %) was calculated usretation,

EFC
F= x100
TFC (6)

5- To obtain the required draft, the following pedares were achieved:
Assume value of the loading factor (X, decimabwiver, X is fraction of equivalent PTO
power available (ASABE, 2009), as follows:

X=P

7
Prated ( )

Where P is equivalent PTO power required by curopetration (kW) and Reqis rated PTO
power available (kW). ASABE (2009) reported thatveo at a given location in the driven
train can be used to estimate power at anothetidoceso, Rieqis calculated using relation
(ASABE, 2009),

P e = TPx 083 (8)

P = P X X (9)
Also, if drawbar power is desired, choose the tnatpe and tractive condition to determine
the ratio, in this study, the ration is averagedb#&0.68 to represent 2WD and MFWD
tractors and firm, tilled and soft tractive conaliti(ASABE, 2009). So, calculate drawbar
power to represent the required power for tillpgecess (DP, kW) using relation,

DP = Px 068 (10)
DP =TPx X x 068x 083 (11)
Calculate specific fuel consumption for tillage gees (SFCt, lit/kW.h) using relation,
FC
SFCt=—
DP (12)

Calculate specific fuel consumption (SFC, litkWfmdm ASAE equation (ASAE, 2000)
using relation,

SFC = 264x X + 391-0.203/738x X +173 (13)
Load factor (X), in step 1, is changed manuallyiluhe calculated specific fuel consumption
(Eq. 12) nearly equal to specific fuel consumptaiculated from the equation of the ASAE
(Eqg. 13)
Obtain the new value of (DP, kW)
Calculate the required draft (D, kN) using relation

D= Thenew valueof (DP,kW) x 3.6
S

(14)
Excel spreadsheet development
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After obtaining the weights from training
ANN model, a simple Excel spreadsheet that could
use to estimate energy requirement of a chisel plow
field efficiency, specific fuel consumption for
tillage process and the required draft was drizam.
opening the spreadsheet, the user is presentegawith
blank table containing the inputs variables (Fig.2)

Fig. 2. Screen shot for inputs variables with théanks in
Excel environment to determine performance paramete
chisel plow-tractor combination based on trained\ANodel.

The chisel plow widthW, m) could be entered as input value or could be tatied from,

- QxL

2x10C (15)

Where, Q is number of chisel plow tines and L is tlistance between two adjacent
tlnes in one row (cm). Be careful, the sum of &@ittions (sand + silt + clay) must be equal
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to 100 %. The user also has the opportunity to
change soil type, initial bulk density, forward sfde
plowing depth, plow width and water content at
specific tractor to optimize performance parameters
according to his opinion. The spreadsheet contains
comments to ensure that the ranges of the data are
not exceeded. Fig. 3 shows screen shot for outputs
variables in Excel environment to determine
performance parameters of chisel plow-tractor
combination based on trained ANN model.

Fig. 3. Screen shot for outputs variables in Exeelironment
to determine performance parameters of chisel ptaator
combination based on trained ANN model.

RESULTS AND DISCUSSION

Fig. 4 and Fig. 5 show the relationship and coiffit of determination between
observed and effective field capacity and fuelogficy using ANN model, respectively. It
shows that scattering points are around the reigreiee for effective field capacity and they
are not close to regression line for fuel efficignc

Tab. 2 shows error statistics for estimating effectield capacity and fuel efficiency
of tractor-chisel plow combination using ANN. Thesults in Tab. 2 show that the ANN
model estimated the effective field capacity anel fefficiency of the chisel plow - tractor
combination with acceptable accuracy.



Tab. 2
Error statistics for estimating effective field eajty and fuel efficiency of
chisel plow -tractor combination using ANN

Error items Effective field capacity (ha/h) Fueligency (lit/ha)
Training data set Testing data sgtTraining data set Testing data set
Root mean square error, RMSE 0.0137 0.0337 3.1804 7673
R® 0.9979 0.9893 0.9448 0.6744

Al-Hamed and Aboukarima (2001) showed that thenopin performance of farm
implements with tractor occurs at optimum load daaif 0.86 this give minimum specific
fuel consumption. In this study, loading factor wased to judge the possibility of the
selected operating variables to achieve tillagecgss in specific soil. The variables
parameters like plow width, forwarded speed, plgmiepth, soil moisture content, tractor
power could be changed until field efficiency nsvisible rage as reported by ASAE (2000).

After, simulations in Excel spreadsheet, the owtfare illustrated by the screen shot
(Fig. 6). Changing loading factor from 0.2 to 0.Bthe specific inputs, the curves as
illustrated in Fig.7 are obtained. However, thgufie represents the relation between loading
factor and specific fuel consumption calculatedrfrihe outputs (SFCt, Eq. 12) and from Eq.
13 (ASAE, 2000). The two curves are intersectedlaal point. It is at loading factor of
0.645. After that, the right drawbar power and deak obtained. They are 27.34 kW and
21.08 KN, respectively.

To validate the developed spreadsheet for estimatialraft of a chisel-plow-tractor
unit, the example data from Aboukarima (2007) akeh which are as follows:

Example: Predict draft (kN) of a chisel plow hitdhby a tractor having nominal
power of 50 kW and running at 4.8 km/h with depthLl6 cm in soil having 18.12% sand,
34.78% clay and 47.10% silt. The rated plow widthswi.75 m, the initial soil moisture
content was 15.40 % (d.b) and the initial soil siieweight was 13.44 kN/f(1.366 g/cr).
However, the draft from Aboukarima (2007) is 16KRR After adjusting the loading factor to
be 0.685 in the developed spreadsheet, the draft 49 kN.
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Fig. 4. The relationship between observed and astith Fig. 5. The relationship betweeseobed and
effective field capacity using ANN model duringtiag estimated fuel efficiency using ANN nebdiuring
process testing process
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Fig. 6. The outputs after the simulation using Fig. 7. Relation between loading factod apecific fuel
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from Eq. 13 (ASAE, 2000)

CONCLUSIONS

An Excel spreadsheetas used to estimate performance parameters feelcpliow-
tractor unit during tillage process. This spreadsheas built using the weights obtained from
the trained neural network model. The performanaempeters estimated by ANN model
were field and fuel efficiencies. The ANN resultsmaso compared with the statistical based
model based on their percentage accuracy. Wheiteas;oefficients of determination {R
were 0.989 and 0.674 for estimation of effectiv@dficapacity and fuel efficiency during
testing, respectively. Dratft, field efficiency, aneuired energy based on fuel consumption
were estimated by the help of spreadsheet. Loddictgr of the tractor was selected to be a
control statement between calculated specific fc@hsumption from ANN model and
calculated specific fuel consumption from ASAE (@RAf both loading factors are equal, the
draft could be calculated. The spreadsheet offersdaicational help. It has proven to be very
user-friendly and efficient to meet the requirement
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