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a b s t r a c t

The knowledge of the available power provided by the driving wheel of agricultural tractors is required
to gain a correct insight into the energy management of agricultural tractors. The design of the tractors is
pivotal on the maximization of the traction efficiency and simultaneous minimization of energy dissi-
pation. This paper spearheads the synthesis of the power provided by the agricultural tractors as affected
by wheel load, slip and speed by use of the potential of a soil bin facility and a single-wheel test rig. The
hybridized artificial neural network-genetic algorithm method was adopted to model the provided po-
wer of the driving wheel under the effect of the aforementioned tire parameters. The common drawback
of the back-propagation algorithm known as the low speed of convergence and the possibility of being
trapped in a local minimum was solved by the use of genetic algorithm. The mean square error equal to
0.02242 was obtained as the most optimal artificial neural network-genetic algorithm configuration
using LevenbergeMarquardt training algorithm. Therefore, a 3-9-1 feed-forward with back propagation
learning algorithm was selected as the modeling structure. The computed coefficient of determination
for the training and test phases of the best artificial neural network-genetic algorithm model was ob-
tained at 0.9696 and 0.9672, respectively. The present study spearheads the required power estimation
for the driving wheels of off-road vehicles while the experimental test conduction in a controlled soil bin
facility using single-wheel tester and adoption of soft computing tools are of the highlights and added
values of the paper.

© 2015 Elsevier Ltd. All rights reserved.
1. Introduction

Agricultural tractors are responsible for a diversity of mecha-
nized tasks in the farmlands from cradle to grave (i.e. from tillage
operation to the post-cultivation process). With the ever-increasing
tendency towards the application of these instrumental vehicles to
increase the crop yield, the concentration has been on the maxi-
mization of the performance of tractors. Tractor performance is
closely associated with the traction force provided by the driving
wheels at the soil-tire interface [1]. While a broad spectrum of
energy science is associated with the wheeled vehicles, the energy
waste of off-road vehicles is among the mainstream domains of
eering in Biosystems, Urmia
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energy management. Wheel is playing an important role in agri-
cultural and off-road vehicles since it is always in contact with farm,
nearly all of moment/forces affecting the mobility of vehicle are
applied to it, and also it has a very noticeable effect on machine
dynamics [2]. Wheel also plays a very substantial role in determi-
nation of the performance and efficiency of the vehicle as wheel is
subjected to all of the forces and torques exerting to the vehicle [3].
A satisfactory understanding of the power provided by an off-road
vehicle is pivotal on the wheeleterrain interaction phenomenon. A
primary area of interest has been the subject of efficient power
delivery to the wheels from the engine and low-dissipated energy
at soil-wheel interface. This topic has stimulated lots of researches
to synthesize the net traction as a major index of vehicle perfor-
mance from the energetic point of view. The scenarios that deal
with the efficient power delivery to the implements pulled/pushed
by the tractors are considered to be affected by both of soil and
wheel physical-mechanical characteristics. In this regard, the
identification of soil-wheel contact patch leads to a qualitative and
quantitative measure of the tractive parameters. The unsatisfactory
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Nomenclature

ANFIS adaptive neuro-fuzzy inference system
ANOVA analysis of variance
ANN artificial neural network
DEA data envelopment analysis
GA genetic algorithm
logsig log-sigmoid transfer function
MSE mean square error
R2 coefficient of determination
RSM response surface methodology
trainlm LevenbergeMarquardt back propagation
Xn normalized input variable
Xr,min minimum of input variable
Xr,max maximum of input variable
Xh maximum normalized data
Xl minimum normalized data
Xr raw input variable
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quality of wheeleterrain interaction brings about 20e55% of tractor
power losses [4]. This is a significant amount of power loss which
validates the requirement of the present study to be dedicated to
the power loss synthesis of off-road driving wheel.

A single-wheel tire testing facility was used to assess the po-
tentiality of the commonly used traction models for tires used in
Indian soil conditions and consequently, the coefficients of traction
prediction equations were renewed andmodified [5]. A tire traction
testing facility was also manufactured to spearhead a fundamental
research on traction mechanics with high-lug agricultural tires and
the developed facility was satisfactorily analyzed to obtain motion
resistance data and net traction ratios for high-lug agricultural tire
at the suggested inflation pressure on the prototype soil texture [6].
The effect of soil conditions on tractive performance of wheeled
and tracked vehicles was investigated methodically while the ob-
tained results showed that soil properties and parameters as well as
soil moisture content and density significantly affects the tractive
performance of an off-road vehicle [7]. A comprehensive method
for prediction of off-road driven wheel performance was carried
out, assuming a parabolic wheelesoil contact surfacewhile the load
transfer effect wasmeasured the proposedmodel for the prediction
of the traction performance of a 4WD vehicle was appraised [8].
Field experiments on off-road vehicle traction and wheelesoil in-
teractions were performed on different soil textures with adoption
of a heavy 14 T, 6 � 6 military truck equipped with 14.00e20 10 PR
tires inflated at about 390 kPa. The results showed that reduced
inflation pressure had positive effects on traction and increased
stress under wheels and that the increasing wheel load resulted in
increasing the traction force [9].

Literature survey revealed the following results for the consid-
eration of energy assessments of wheeled vehicles. The prediction
of energy efficiency indices of drivenwheels (i.e. traction coefficient
and tractive power efficiency) as affected by wheel load, slip and
forward velocity was developed while a feed-forward ANN (artifi-
cial neural network) with standard BP (back propagation) algo-
rithm was adopted to create a supervised model [10]. Two
approaches of ANN and regressive support vector machine were
practiced to model the energy dissipation of off-road vehicles
whiled the controlled indoor testing facility of soil bin equipped
with a single-wheel tester was employed reporting the satisfactory
and robust performance of artificial intelligence tools [11]. The use
of multi-criteria optimization models to assess the energy waste of
off-road vehicles also showed good results and the potentiality of
applying DEA (data envelopment analysis) and hybrid statistical-
mathematical modeling approach of RSM (response surface
methodology). It was inferred that input-oriented option of DEA led
to the mean efficiency of 0.4379 [12]. The role of rolling resistance
as a prominent factor was investigated as affected by the effect of
tire inflation pressure, forward velocity and wheel load in
controlled condition of a well-equipped soil bin facility utilizing a
single wheel-tester. The experimental results were analyzed using
ANOVA (analysis of variance) and development of multiple
regression analysis based model using the stepwise selection
technique and the obtained results showed that increase of velocity
resulted in an increase of energy loss while increase of wheel load
had the greatest effect on the increase of the energy loss [13]. The
ANFIS (adaptive neuro-fuzzy inference system) with different
membership functions was used to model the drawbar pull energy
as affected by the tire parameters of velocity at three levels of 0.8, 1
and 1.2 m/s, wheel load at three levels of 2, 3 and 4 kN and slip at
three levels of 8, 12 and 15% indicating that drawbar pull energy is a
direct function of wheel load, velocity and slippage. Hence, the
greatest value of 1.056 kJ corresponded to the wheel load of kN, slip
of 15% and velocity of 1.2 m/s [14]. In the case of off-road vehicle
traversing over terrain irregularities, a comparative study between
artificial neural networks and support vector regression for
modeling of the dissipated energy through tire-obstacle collision
dynamics has been carried out. The tests were performed in a soil
bin facility equipped with a single wheel-tester is employed
considering input parameters of wheel load, speed, slippage, and
obstacle height each at three different levels and in the next step,
the potential of classic artificial neural networks was appraised
against support vector regression with the two kernels of radial
basis function and polynomial function [15].

To the best knowledge of the authors, little is dedicated to the
evaluation of the net traction provided power at soil-wheel inter-
face. Moreover, the use of indoor laboratory condition with a soil
bin facility and a single-wheel tester served as a catalyst to arrive at
more sensible and accurate experimental results. Owing to the
nonlinear and complex nature of soil-wheel interaction process,
this study advantages the adoption of capability of global searching
of genetic algorithm with the local searching of ANN method to
provide a robust and pivotal modeling approach. The present study
spearheads the required power estimation for the driving wheels of
off-road vehicles while the experimental test conduction in a
controlled soil bin facility using single-wheel tester and adoption of
soft computing tools are of the highlights and added values of the
paper.

2. Materials and method

2.1. Assumptions and materials

The experimental tests of off-road vehicles are either performed
as field tests or indoor laboratory condition. The indoor tests take
advantage from the controlled soil bin condition which enables to
achieve more reliable and accurate results. To this end, the capa-
cious soil bin facility of Urmia University was used with a single-
wheel testing rig attached to a carriage system inside the soil bin
(see Fig. 1). The soil bin measures 24 m in length, 2 m in width and
1 m in depth. The single-wheel tester accommodates a driving tire
of 220/65R21model through a U-shaped frame. A load cell with the
capacity of 2000 kgf is situated vertically between the U-shaped
tester and an L-shaped frame which is connected to the carriage
system. The load cell is responsible to measure the dynamic load
exerted on the wheel while trafficking. The tester is also pivoted to
the carriage by means of four horizontal arms each of which ac-
commodates a load cell with the capacity of 500 kgf Bongshin
model BS722. The longitudinally oriented load cells are responsible



Fig. 1. Left side view of the single wheel tester on the soil bin. L-shaped frame is the
frame having one segment composed of the two vertical members forward of the test
tire and the other segment composed of the horizontal structure above the test tire.
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tomeasure the tractive parameters. An electric motor with 22.3 kW
which is connected to an inverter device powers the movement of
the carriage by means of chains located alongside the soil bin. The
wheel was driven by an induction motor (5 kW, three-phase, 1430
ure sync rpm). The motor speed was initially reduced by a gearbox
(7.5:1) and then reduced by a gear reduction unit (4.5:1). The total
reduction ratio was 33.75:1. An inverter was used to control the
rotational speed of the wheel. The data acquisition system was
mounted on the carriage. The load cells sent data to digital in-
dicators and from the digital indicators to a data logger by through
RS-232 port. In addition to synchronization, data were sent by USB
port to a computer and then stored. The physical and mechanical
characteristics of soil under examination are tabulated in Table 1.
2.1.1. Methodology
As previously mentioned, the controlled condition of soil bin

facility added with the single-wheel tester capability provided a
reliable method to carry out the experimental tests. Under
different operational parameters, the setup was used to imple-
ment the desired test combinations. The longitudinally oriented
load cells were applied to measure the forces needed to power the
wheel for being able to traverse over terrain. The vertically ori-
ented load cell was used to measure the vertical force variations.
The difference between the wheel speed and the carriage speed
provided the desired slippage level. The electric motor with
22.3 kW was used to move the carriage along the soil bin while an
inverter was responsible to adjust different forward speeds. The
corresponding data were stored in the laptop computer using the
manufactured data acquisitioning system. The crisp data were
Table 1
Soil constituents and its measured properties.

Item Value

Sand (%) 34.3
Silt (%) 22.2
Clay (%) 43.5
Bulk density (kg/m3) 2360
Cohesion (kPa) 4.8
Frictional angle (�) 32
Cone Index (kPa) 700
then fed to the modeling tools to obtain a proficient models to
solve the problem.
2.2. Artificial neural network

ANN (artificial neural network) serves as a functional tool for
function approximating that can potentially tackle complex and
nonlinear problems. ANN is presented as fully interconnected ele-
ments (nodes), so-called neurons, to computationally learn a rela-
tionship between the input and output signals. Each neuron is
comprised of weight and bias components. Each neuron receives
various input signals and produces a single output signal based on
an internal weighting system. Subsequently, this signal is fed to
another neuron as an input signal. There are neurons in the input
layer equal to the number of input parameters. Similarly, number of
output neurons is equal to the number of output parameters. There
are various number of neurons sandwiched between the input and
output layer that depends on the size and complexity of the
problem and one should determine the optimal number of neurons
in the hidden layer. The information flows in forward direction
from the input nodes to the output nodes. The output signals are
compared with the actual value and the error is then sent back
through the network. After repeating the error reduction process
successively, the network converges to a small error value. Gradient
descent is a nonlinear optimization approach to decrease the error
after each cycle as called epoch. On this basis, back propagation
algorithm is applied to networks with differentiable activation
functions.

The data set was divided into three portions of 60%, 20%, and
20% for training, test, and validation processes, respectively. In
this paper, a feed-forward ANN with BP (back propagation) al-
gorithm was adopted. Determination of the best number of
neurons in the hidden layers is a substantial step in the multi-
layer perceptron neural network. It is noteworthy that increased
number of hidden layers decreases the modeling error. A neural
network with two hidden layers was adopted for the imple-
mentations. In order to determine the number of optimal neu-
rons in hidden layers, neurons increased to assess the variation of
model performance. Initially adopted weights and biases of
neurons in ANN are chosen randomly. Accordingly, for each
number of hidden neurons (each network structure), the network
was trained for 100 times to overcome this drawback. The gen-
eral configuration of multilayer ANN used in the present work is
depicted in Fig. 2. In training function, trainlm was practiced that
updates weight and bias values according to the LM (Levenberge
Marquardt) optimization and is typically considered as the fastest
BP algorithm which is highly recommended as a first-choice su-
pervised algorithm.

Prior to the utilization of dataset for model development, the
inputs and target output were normalized or scaled linearly be-
tween 0 and 1 in order to increase the accuracy, performance and
speed of ANN.

Xn ¼ Xr � Xr;min

Xr;max�Xr;min
� ðXh � XlÞ þ Xl (1)

where Xn denotes normalized input variable, Xr is raw input vari-
able, and Xr,min and Xr,max denote minimum and maximum of input
variable. Furthermore, Xh and Xl are set to be 0 and 1. Since that the
normalization outputs would be in agreement with the logsig
transfer function. In modeling purposes, it is necessary to appraise
the performance of developed representation by numerous statis-
tical metrics. The MSE (mean square error) and the coefficient of
determination (R2) were selected as performance criteria.



Fig. 2. The ANN configuration including a single hidden layer and input and output
layers.

Fig. 3. The flowchart of GA algorithm.
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2.3. Genetic algorithm

Typical problems of the back-propagation algorithm are the
speed of convergence and the possibility of ending up in a local
minimum of the error function [16]. For this reason, it is advised to
hybridize the potential of ANN with the local and global searching
of the search space of optimization tools to increase the forecasting
ability of ANN [17].

GAs (Genetic Algorithms) are adaptive heuristic search algo-
rithm premised on the evolutionary ideas of natural selection and
genetic. The basic concept of GAs is designed to simulate processes
in the natural system necessary for evolution, specifically those that
follow the principles first laid down by Charles Darwin of survival
of the fittest. As such they represent an intelligent exploitation of a
random search within a defined search space to solve a problem. A
population of individuals became fitter over the period of history
and the process was developed as a technique for optimization. The
population is involved of potential solutions in the arrangement of
an array of chromosomes. In this manner, a population of in-
dividuals was created to start the genetic algorithm. Thereafter a
cost function (fitness function) was considered as the available
power provided by the net traction. The chromosomes of the
population thenwere organized according to the maximum cost or
the highest fitness. Certain percentages of the most elite members
were straightly forwarded to the next generation based on their
merit measured by the fitness function. At this stage forward, three
GA operators (selection, crossover, mutation) will be activated to
generate the rest of next generation's population. Firstly, weighted
random selection scheme was adopted; therefore selection is
biased toward parents of the current population with higher
probability to be picked from qualified individuals with higher
fitness. Consequently, pairs of parents will be handled by crossover
operator for the combination of their components (genes) at
crossover point to produce offspring. In order to avoid GA from
converging to the local optimum, searching space for the candidate
solution should be diversified by mutation operator. Mutation
manipulates the genes of chromosomes arbitrarily as to capacitate
GA to perform global exploration. At last, the new generation goes
through the same procedure to produce new population for the
next generation. Successive generations were presented employing
GA operators on the population until acceptable results obtained at
the first array of the population in last generation. The flowchart of
the proposed GA algorithm is depicted in Fig. 3.

3. Results and discussion

The available power provided by driving wheel is associated
with tire parameters such as wheel load, slip and velocity. The ef-
fect of each parameter on the available power has to be assessed
individually so that the trends and relationships between the input
and output parameters can be determined. Fig. 4 shows the varia-
tions of available power under the effect of slip at different wheel
loads. As it is inferable, available power increases by an increase in
slip. At the increased slip, the soil volume beneath the traversing
wheel is compacted more and there is a better support for the
wheel to exert the torque applied to the wheel. As a result, there is
an increment in the amount of available power. As it is appreciated
from Fig. 4, at any definite slip level, increased wheel load led to an
increase in the amount of available power. This can be attributable
to the better engagement of soil and tire under a greater load.
Furthermore, at greater load, the contact area increases and greater
portion of soil is trapped between the soil and tire lug that creates a
greater tension for the tire at soil-tire interface. This phenomenon
leads to a more qualitatively improved traction force. As appreci-
ated from Fig. 4, it is also obvious that the increased forward speed
of the wheel resulted in a greater amount of power required for
traversing of the driving wheel. Based on the definition of the po-
wer, the increase of power with that of speed is predictable. On
account of the relationship between the instantaneous power, the
force and the velocity, increased velocity would result in an in-
crease in the power required to travel over the terrain. The effect of
velocity on available power was also assessed as shown in Fig. 5.
The greater traversing velocity at 1.2 m/s provided the greatest
available power value. On this basis the lowest and greatest values
of the available power are attributable to the lowest and greatest
amounts of the input parameters, respectively. The lowest and
greatest values corresponding to the aforesaid treatments were
obtained at 0.376 and 1.1 kW, respectively. Based on the power
description, the available power provided by a driving wheel is
defined as the amount of net traction multiplied by the amount of
forward velocity. Hence, velocity has a vivid role in the increment of
available power. On this basis, the greatest and lowest amounts of
the powers corresponded to the greatest wheel load, slip and speed
and the lowest levels of wheel load, slip and speed, respectively.
Based on the findings, the input parameters could be adjusted for
different operational parameters in order to achieve the most
optimal levels of power at the driving wheels.
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Fig. 4. Available power variations with respect to slip and different wheel loads at a)
0.8 m/s, b) 1 m/s and c) 1.2 m/s.
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Fig. 5. Available power variations with respect to velocity at different slip levels a) 8%,
b) 12% and c) 15%.
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Application of ANN coupled with GA algorithm for the predic-
tion of the output parameter has to be assessed. To this end, the
MSE variation with respect to the increase of neuron numbers in
the hidden layer is illustrated in Fig. 6 for different training
algorithms. As it is seen in Fig. 6, there is a decreasing trend in MSE
variations while the neuron numbers increase. The greater number
in neurons lead to a better predicting ability but one should note
that over-increase of neuron numbers bring about the overfitting
drawback which reduces the predicting ability of the developed
model. The MSE equal to 0.02242 was obtained as the most optimal
ANN-GA configuration using LevenbergeMarquardt training algo-
rithm (trainlm). Therefore, a 3-9-1 feed-forward with back propa-
gation learning algorithm was selected as the modeling structure.
Fig. 6 also indicates that the neuron increment brings about error
reduction for the other tested training methods. Since the back-
propagation algorithms suffer from the drawbacks of low conver-
gence speed and the possibility of being trapped in a local



Fig. 6. The MSE variation with respect to the increase of neuron numbers in the hidden layer.

Fig. 7. The satisfactory mapping between the predicted values and the actual values versus the number of data.

Fig. 8. The coefficient of correlations for the training and test phases.
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minimum of the error function, the adoption of ANN-GA method
drastically decreased the error and increased the modeling per-
formance. Furthermore, it is clear that one hidden layer suffices to
develop the model while the hybrid ANN-GA was used which re-
duces the complexity of the model. Fig. 7 shows the satisfactory
mapping between the predicted values and the actual values versus
the number of data. Fig. 8 is presented to demonstrate the coeffi-
cient of correlations for the training and test phases, respectively.
The computed coefficient of determination for the training and test
phases of the best ANN-GA model was obtained at 0.9696 and
0.9672, respectively.
4. Conclusion

The available power provided by the driving wheel of agricul-
tural tractors is an essential for a better understanding of the sci-
ence of energy management of agricultural tractors. The design of
the tractors is dependent on the maximization of the traction ef-
ficiency and simultaneously minimization of energy dissipation.
This paper was dedicated on the synthesis of the power provided by
the agricultural tractors as affected by wheel load, velocity and
speed by use of the potential of a soil bin facility and a single-wheel
test rig. The study was conducted with the following highlights:

� The hybridized artificial neural network-genetic algorithm
method was adopted to model the provided power of the
driving wheel under the effect of the aforementioned tire
parameters.

� The common drawback of the back-propagation algorithm
known as the speed of convergence and the possibility of being
trapped in a local minimum was solved by use of genetic
algorithm.

� The MSE equal to 0.02242 was obtained as the most optimal
ANN-GA configuration using LevenbergeMarquardt training
algorithm (trainlm).

� A 3-9-1 feed-forward with back propagation learning algorithm
was selected as the modeling structure.

� The computed coefficient of determination for the training and
test phases of the best ANN-GA model was obtained at 0.9696
and 0.9672, respectively.

� It is concluded that the proposed model can be used as a func-
tional catalyst to better understand the underlying rules in the
estimation of the power provided by the agricultural tractors as
affected by different operational parameters.

� The results and the findings could also be applicable for the
agricultural machinery industry and the off-road vehicle de-
signers to optimize the vehicle performance.
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