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This paper presents formulation of a neural network (NN) vehicle model for estimating vehicle behaviour on
sloping terrain. Lemniscate of Bernoulli courses were employed to acquire training pairs. A training method
combined with genetic algorithm and back propagation algorithm was used to train the NN vehicle model.
The model was validated by comparing the simulated results with the experimental ones. The open-loop
characteristics of vehicle motion on sloping terrain were also investigated. A fuzzy logic controller based on
the constructed NN vehicle model guided the tractor along a pre-determined path successfully with mean and
standard lateral deviation of 0�005m and 0�067m, respectively. The results indicated that the NN vehicle
model was qualified to represent the input–output relationship of the vehicle motion for autonomous
navigation on sloping terrain.
r 2005 Silsoe Research Institute. All rights reserved

Published by Elsevier Ltd
1. Introduction

Most farm mobile robot systems are non-linear time
invariant, and are subject to non-holonomic systems.
Therefore, an effective approach must be taken to
measure the system performance. Generally, vehicle
models are used for this purpose. A kinematic model is
usually applicable for slow speed vehicles where effects
of side forces can be neglected (Ishida et al., 1998;
Cordesses et al., 2000; Roth & Batavia, 2002). However,
a dynamic model takes into account the lateral forces at
wheels, the mass of the vehicle, the mass moment of
inertia of the vehicle, and the location of the centre of
gravity. Consequently, the dynamic model is widely
applied in farm vehicle automatic navigation systems
(Miller & Steward, 2002; Kise et al., 2002). In addition,
an artificial intelligence (AI) model was also developed
by Ishii et al. (1998). However, these models were
developed mostly to describe vehicle behaviour on flat
land where friction properties were relatively constant.

On sloping ground, many factors influence vehicle
behaviour such as terrain slope, lateral slippage, and so
on. Therefore, it is necessary to develop a more suitable
model for vehicle motion on sloping terrain. In order to
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control a tractor along a course on sloping terrain, Bell
(2000) introduced a form of bias estimation into the
control software to enable more accurate control.
However, the highly simplified dynamic model he used
did not incorporate the terrain slope. Torisu et al. (2002)
designed a neural network (NN) vehicle model instead of
a dynamic or kinematic model to express the input-output
relationship of vehicle motion on sloping land. However,
the model could represent only the motion on a specific
slope and the heading angle was restricted within �601 to
601. A new vehicle kinematic model accounting for sliding
effects was developed by Lenain et al. (2003). According
to this model, an adaptive control scheme was proposed
to navigate a car-like mobile robot along a straight path
on sloping ground. However, if the robot followed a
curvous path on sloping ground, the sliding parameters
quickly changed. In this condition, as mentioned by the
authors, the lateral deviation would increase.

This paper presents construction of an NN vehicle
model that can express the dynamic characteristics of the
vehicle. A fuzzy logic controller based on the constructed
NN vehicle model is used to guide the tractor along a pre-
determined path on sloping terrain. To attain this task
our research sets out to (1) construct an NN vehicle
r 2005 Silsoe Research Institute. All rights reserved

Published by Elsevier Ltd
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Notation

A amplitude, m
a constant
C defined maximum error
E mean square error of an individual
f fitness of an individual
i row number of neurons
j row number of neurons
l wavelength, m
N net input of a neuron
p layer number
pQ input to the network
q layer number
tQ corresponding target output
Dt sampling time, s
uk control vector
Vk vehicle velocity in the earth fixed frame, m/s
Vxk forward velocity of vehicle centre of gravity

in the vehicle fixed frame, m/s
Vyk lateral velocity of vehicle centre of gravity

in the vehicle fixed frame, m/s

W
pq
ij weight between two neurons

x, y co-ordinates of the courses, m
xGk, yGk co-ordinates of vehicle centre of gravity, m
DxGk,
DyGk

velocities of vehicle centre of gravity along
X and Y axes in the earth fixed frame, m/s

zk state vector
ak steering angle, deg
Dak rate of steering, deg/s
bk sideslip angle, deg
yk heading angle, deg
l value of input or output
lmax maximum of the corresponding input or

output variable
nk+1 output vector
jk terrain slope, deg
ok yaw rate, deg/s

Subscripts

k time step
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model, (2) train the NN vehicle model with the genetic
algorithm (GA) and back propagation (BP), (3) validate
the model, (4) investigate the open-loop characteristics of
vehicle motion on sloping terrain, and (5) conduct a path-
tracking test on sloping terrain.

2. Construction of neural network vehicle model for

sloping terrain

2.1. Structure of the neural network vehicle model

The principles for formulating NN vehicle model, as
in all modelling problems, seek to use the simplest
network that can adequately represent the training set
(or training pairs). For a network to be able to
successfully generalise what it has learned to other data
set, it should have fewer parameters than there are
samples in the training set (Hagan et al., 1996).

The architecture of the constructed NN model was 7-6-
5-3, as shown in Fig. 1. The input layer, the first hidden
layer, the second hidden layer, and the output layer had
seven, six, five, and three neurons, respectively. The input
vector is a combination of the control vector uk and the
state vector zk, and the output vector is nkþ1:

uk ¼ ðak;DakÞ
T (1)

zk ¼ ðVxk;V yk;ok; yk;jkÞ
T (2)

nkþ1 ¼ ðVxkþ1;Vykþ1;okþ1Þ
T (3)
where: ak is the steering angle in deg; Dak is the rate of
steering in deg/s; Vxk is the forward velocity of vehicle
centre of gravity in the vehicle fixed frame in m/s; Vyk is
the lateral velocity of vehicle centre of gravity in the vehicle
fixed frame in m/s; yk is the heading angle in deg; ok is the
yaw rate of the vehicle in deg/s; jk is the terrain slope in
deg; and the subscript k means equally spaced time step
(k ¼ 1, 2, 3, y) in a discrete system. The output vector
nk+1 represents the vehicle state after each 0�5 s. The output
is determined by both the current inputs and their previous
outputs. The sigmoid transfer function of the model, as
shown in Eqn (4), was used as the threshold function,

f ðNÞ ¼
1

1 þ e�N
(4)

where N is the net input of a neuron.
Compared with the NN vehicle model formulated by

Torisu et al. (2002), the constructed one was incorpo-
rated with incline information jk; so that it could be
applicable for different gradients and not just for a
particular gradient. Although the inputs increased, the
adjustable weights and biases decreased from 105 to 101.
This lowered the probability of trapping in a local
optimum when the model was trained.
2.2. Experimental equipment and experimental conditions

An 18 kW four-wheel drive Mitsubishi MT2501D
model tractor was modified to serve as the test tractor.
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Fig. 1. Architecture of the neural network (NN) vehicle model: ak, steering angle; Dak; rate of steering; Vxk, forward velocity; Vyk,
lateral velocity; yk; heading angle; ok; yaw rate; jk; terrain slope; k, time step; W
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Fig. 2. Prototype test tractor with sensors and equipment
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Total mass of the tractor was 1125 kg with a wheelbase
of 1�595m and tread of 1�310m. The tyres were high lug
type with an inflation pressure of 0�2MPa for front tyre
and 0�1MPa for rear tyre. Figure 2 shows the prototype
test tractor with sensors and equipment. The specifica-
tions of instrumentation used in the experiments are
listed in Table 1.

All tests were conducted in November 2003 on a
sloping meadow at Iwate University Omyojin Research
Farm in Japan. The surface of the meadow was
undulating and covered with grass. The soil condition
was moderately moist and soft in some places. Due to
the limitation of the test field, the data acquisition test
was performed only in one place, where the average land
inclination, standard deviation, and variance of the test
course were 9�961, 1�571, and 2�461, respectively.
2.3. Data acquisition

A skilled human operator operated the test tractor
along the pre-determined lemniscate of Bernoulli
courses (Fig. 3) in an initially clockwise direction and
in an initially anticlockwise direction, course 1 and
course 2, respectively. The courses were described by

ðx2 þ y2Þ
2
¼ 2a2ðx2 � y2Þ (5)

where: x and y are the co-ordinates of the courses and a

is a constant with a value in this case of 6�0 The
centreline (X axis) is parallel to the contour line and the
Y axis is towards the uphill direction.

The vehicle forward velocity was set at 0�5m s�1.
Since the sampling time interval of the vehicle position-
ing sensor (Total station) was inconsistent, vehicle
locations were measured by an alternative way after a
regular interval 0�5 s. The locations were marked on the
ground by spraying coloured ink from a pressurised
intravenous drip container mounted on the tractor. The
tractor mounted computer controlled the timing of ink
spraying. Recordings of vehicle heading angle, steering
angle, vehicle speed, and terrain slope were also
synchronised with the ink spraying. Vehicle positions
were measured using a laser positioning system. Loca-
tions of vehicle centre of gravity were calculated from
the positions of ink spray and heading angle. Referring
to Fig. 4, the other variables of input/output pairs were
also calculated from the recorded data by:

Dak ¼
akþ1 � ak

Dt
(6)

DxGk ¼
xGkþ1 � xGk

Dt
(7)

DyGk ¼
yGkþ1 � yGk

Dt
(8)
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Table 1

Specification of instrumentation

Equipment Function

DC motor Power is 82W, used for the steering actuator
1�0GHz Pentium PC Mounted on the tractor, used as the central processing unit
Potentiometer Fixed on the front axle, measured the steering angle
Magnetic sensor Fixed near the flywheel, measured the engine speed
Fibre optic gyroscope
(FOG)

Model is JG-35FD, used to measure the heading angle with range of 71801, angular drift is less than
71�51 h�1

Total station (TS) and
prism

Leica TCA 1105 model, 2mm positioning accuracy

Wireless modems Transmit the signals of the tractor position from the TS to the PC
AD/DA board Converts the analogue signals to digital (AD) and digital to analogue (DA)
Sprayer Marks the vehicle locations by spraying colour ink
Inclinometer TCM-2X-90 model, measured the pitch and roll

DC, direct current; PC, personal computer.

Y 

X

Course 1 

Course 2 

Fig. 3. Lemniscate of Bernoulli courses: X; in the contour line
direction; Y; in an uphill direction; course 1, in an initially
clockwise direction; course 2, in an initially anticlockwise
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Fig. 4. Vehicle dynamic motions on sloping terrain: X; in the
contour line direction; Y; in an uphill direction; Xv and Yv; axes
of the vehicle fixed frame; G, vehicle center of gravity; V, vehicle
velocity in the earth fixed frame; Vx and Vy; forward and lateral
velocities of vehicle center of gravity in the vehicle fixed frame,
respectively; DxG and DyG ; velocities along X and Y axes in the
earth fixed frame, respectively; a; steering angle; b; sideslip

angle; y; heading angle; o; yaw rate
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bk ¼ tan�1 DyGk

DxGk

� �
� yk (9)

V k ¼
DxGk

cosðyk þ bkÞ
(10)

ok ¼
ykþ1 � yk

Dt
(11)

V xk ¼ Vk cos bk (12)

V yk ¼ V k sin bk (13)

where: Dt is sampling time in s; xGk and yGk are
the co-ordinates of vehicle centre of gravity in m;
DxGk and DyGk are the velocities of vehicle centre
of gravity along X and Y axes in the earth fixed
frame, respectively, in m/s; bk is the sideslip angle in
deg; Vk is the vehicle velocity in the earth fixed
frame in m/s; and the subscript k is sampling time
step (k ¼ 1, 2, 3, y).

Before training, all the input/output variables were
normalised to range from 0 to 1. The forward velocity of
vehicle centre of gravity Vxk and the terrain slope jk

were normalised by Eqn (14), and the others were
normalised by Eqn (15):

f ðlÞ ¼
l

lmax

(14)
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f ðlÞ ¼
lþ lmax

2lmax

(15)

where: l is a value of input or output and lmax is the
maximum of the corresponding input or output
variable.

The data set acquired with the lemniscate of Bernoulli
courses was representative of a much larger class of
possible input/output pairs. There were 346 pairs in the
data set acquired with course 1 and course 2. The
steering angle ranged from �34�61 to 37�21; the terrain
slope ranged from 6�01 to 14�91; the heading angle
ranged from �1801 to 1801. The data set (346 samples)
was randomly separated into a training set (306 samples)
and a test set (40 samples).
Back propagation 

End

reproduction, crossover and mutation

Replacement of old population with new 
population

Is the end of GA
iteration?

Initialisation of weights with the best 
individual

Calculation of the error of the test set 

Saving the weights when the error of the 
test set is minimum 

Is the end of BP
iteration?

No 

Yes

Yes

No 

Fig. 5. Flowchart of training the neural network (NN) vehicle
model: GA, genetic algorithm; BP, back propagation
2.4. Training of the neural network model

A supervised training method, called a BP algorithm,
together with a GA was used to train the NN model.
The learning rule of BP is provided with a set of
examples (the training set) of proper network behaviour:
{p1, t1}, {p2, t2}, y, {pQ, tQ}, where pQ is an input to the
network and tQ is the corresponding target output. As
the inputs are applied to the network, the network
outputs are compared to the targets. The learning rule is
then used to adjust the weights and biases of the
network in order to move the network outputs closer to
the targets.

Although the BP algorithm has a strong ability for
local searching, it easily traps in a local optimum if the
multilayer network has many local minima (Hagan et

al., 1996). For this problem, GA offers a preferable
solution with the attraction that all parts of the feasible
space are potentially available for exploration, so the
global minimum should be attained if premature
convergence can be avoided (Chambers, 1995). On the
other hand, the GA is often slow for local optimisation.
Therefore, a combination of GA and BP algorithms was
applied to train the NN model.

Figure 5 shows the flowchart of the training proce-
dure. The GA procedure was composed of the steps in
the dashed rectangle. The chromosome of the GA was
composed of the weights in the NN vehicle model with a
length of 101, the format of which is described as
follows:

W 12
11;W

12
12; :::;W

12
86;W

23
11; :::;W

23
75;W

34
11; :::;W

34
63

The GA was executed 200 times. The GA parameters
in this case are described as follows: the population size
was 60; mutation rate varied from 0�05 to 0�15; two-
point crossover with a crossover rate of 0.6; roulette
wheel selection. The fitness of each individual in the GA
was calculated by

f ¼
C � E; EoC

0; EXC

(
(16)

where: f is the fitness of an individual; E is the mean
square error of the same individual; and C is the defined
maximum error with a value of 0�5.
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In order to prevent premature convergence and keep
the population diversity, some measures were taken.
During selection, some individuals whose fitness was
better than the average fitness were discarded and
replaced with random values. The mutation rate
increased with the iteration number.

After finishing the GA processing, the BP began to be
executed. The weights of the NN vehicle model were
initialised with the best individual derived from the GA
processing. The iteration times of BP were 220 000.
During training, the weights were saved when the mean
square error of the test set was minimum.
2.5. Model validation

2.5.1. Validation by the lemniscate of Bernoulli courses

To validate the NN model, simulations for course 1
and course 2 were conducted and the simulation results
were compared to experimental ones. In the simulation,
since steering angle was the only control input, the
derivative Da of the same steering angle recorded during
the data acquisition test was used as the control input.
In the beginning, input variables of the NN model were
initialised to the first recorded data in the test. After
that, the terrain slope and rate of steering were input to
the NN model with their actual values acquired in test,
whereas the rest of the variables were calculated. For
every step of calculation, the output values were used as
the corresponding input values in the next step.

2.5.2. Generalisation of the neural network vehicle model

For the purpose of checking the generalisation of the
developed NN model, the test with a sinusoidal course
was also performed in the same field using a similar
procedure as in the data acquisition test. The sinusoidal
course was expressed by

y ¼ A sin
2p
l

x

� �
(17)

where x and y are the co-ordinates of the course; A is the
amplitude with a value of 2m; and l is the wavelength
with a value of 16m. The X axis is parallel to the contour
line, and the Y axis is towards the uphill direction.

The simulation was also carried out with the same
steps as described in Section 2.4.1.
3. Vehicle behaviour on sloping terrain

3.1. Characteristics of open-loop control

The open-loop characteristics of vehicle motion on
sloping terrain were investigated by the simulations and
experiments. The simulation results were compared to
the experimental ones. The comparative cases included
rectilinear motion and circular motion on sloping land.

Instead of manual operation, the tractor-mounted
personal computer (PC) and other equipment were used
to operate the tractor in these tests. For each test, the PC
generated the designed steering-actuation signals and
accordingly the direct current (DC) motor rotated the
steering wheel. The 01 heading angle was always set
parallel to the contour line. The tractor velocity was set
constant at 0�5m/s.

Since the sampling time interval of the vehicle
positioning sensor used was inconsistent and the
constructed NN model was only for 0�5 s interval, the
slope angle acquired in the experiment was not the
corresponding value in the simulation for every time
step. Therefore, during simulations, the slope angle was
set to its average in the field test, while the sampling time
interval was still set constant at 0�5 s. Other variables
were set only at the beginning of simulations, and their
values were the same as the first data acquired in the
field test.
3.2. Performance of path tracking

Every vehicle model is formulated for a certain
agricultural application. A fuzzy logic controller was
designed to automatically guide the tractor along any
rectilinear path on sloping terrain based on the
constructed NN vehicle model (Zhu et al., 2004). At
the same time, the designed fuzzy controller could also
be used for navigating the tractor along curvous paths.
The experiment on tracking a pre-determined path
composed of a curve and straight lines was conducted
on the sloping meadow. Similarly, the 01 heading angle
was always set parallel to the contour line and the
tractor velocity was set constant at 0�5m/s.
4. Results and discussion

4.1. Neural network vehicle model training

The trajectories of mean squared errors for NN
model training are shown in Fig. 6. After about
60 000 iterations, the changes of the errors tended
to be stable. Although the error of the training
set continued to decrease, that of the test set increased.
Thus, the weights obtained when the mean square error
of the test set was minimum were selected as the final
result.
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4.2. Model validation by the lemniscate of Bernoulli

courses

Figure 7 displays the time histories of lateral deviation
between the simulated trajectory and the experimental
one for the lemniscate of Bernoulli courses, namely
course 1 and course 2. For both courses, the mean and
standard lateral deviations were 0�026m and 0�081m,
respectively. The time histories of heading deviation
between the simulated trajectory and experimental one
are shown in Fig. 8. For both courses, the average
heading deviation was �0�021 with its standard devia-
tion of 6�541. The results of the above two figures mean
that the actual and simulated trajectories were almost
the same. The trained NN model was capable of
expressing the vehicle motion on sloping terrain for
the lemniscate of Bernoulli courses applied in the data
acquisition test.
4.3. Generalisation of the constructed neural network

vehicle model

Figure 9 shows the time history of lateral deviation
between the trajectories of experiment and simulation
for the sinusoidal course. The mean and standard
deviation of the lateral deviation were �0�047 and
0�123m, respectively. Apparently, the NN model could
produce outputs near the true responses. Taking
account of the variation of soil condition, the accuracy
of this test was acceptable. Therefore, it is concluded
that the constructed NN vehicle model generalised well.
4.4. Characteristics of open-loop control

Figure 10 shows the trajectories of the rectilinear
vehicle motion on a 101 slope. Both the experimental
and the simulated cases were initialised with same
conditions. For the test of travelling along a contour
line, the steering angle was fixed at 01 and the heading
angle was initialised to 0 1. For the test of travelling
along an inverted contour line, the steering angle was
also fixed at 01, but the heading angle was initialized to
�1801. The time histories of lateral deviation between
the experimental and simulated results are shown in
Fig. 11. For both rectilinear motions, the mean lateral
deviation was 0�091m with its standard deviation of
0�044m. The results indicate that the simulated results
were similar to the actual ones, and that the recon-
structed NN model could represent the actual vehicle
motion on the sloping land.

Figure 12 shows the trajectories of the anticlockwise
circular turn on sloping terrain, where the average
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inclination was 10�41, and varied in the range from 7�21
to 14�51. The steering angle was fixed at 301 throughout
the test. Figure 13 shows the clockwise circular turn for
the same place depicted in Fig. 12, but at the bottom of
the test field, where the average slope inclination was 91,
and varied in the range from 7�51 to 10�41. The steering
angle was fixed at �301.

From Figs 12 and 13, one important fact became
clear: in circular turns, the vehicle deviation on sloping
land was not directly downward, which was not so
readily thought prior to this test, rather it was along the
diagonal between the contour line and downhill direc-
tion. For both experiments and simulations, the devia-
tion tendencies were oriented with respect to a contour
line of about �421 for the anticlockwise circular turn
and about �1381 for the clockwise circular turn. The
results show that the deviation tendencies resulting from
simulation with the NN model are almost similar to
those in the tests.
4.5. Performance of path tracking

Figure 14 shows the autonomous travelling trajec-
tories along the pre-determined course. The time history
of lateral deviation is displayed in Fig. 15. The mean and
standard deviation of the tracking errors for the whole
course were 0�005 and 0�067m, respectively, and those
for the straight parts were �0�016 and 0�044m,
respectively. Thus, the level of tracking error is
acceptable for agricultural operation on grass land.
5. Conclusions

A neural network (NN) vehicle model was formulated
and trained by genetic algorithm (GA) and back
propagation (BP). Data acquisition tests with lemniscate
of Bernoulli courses guaranteed that the NN model was
accurate over a wider range. The NN model was
validated by the lemniscate of Bernoulli courses and
the sinusoidal course. The results showed that the NN
model was available and generalised well. From the
comparative study of the experiments and simulations of
the open-loop characteristics of vehicle motion it was
clear that the NN model was qualified to represent the
input–output relationship of the vehicle motion on
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slope-land environment. A fuzzy logic controller based
on the constructed NN vehicle model guided the tractor
along the pre-determined path successfully with the
mean and standard lateral deviation of 0�005 and
0�067m, respectively. The results indicated further that
the NN vehicle model was qualified to represent the
vehicle motion for autonomous navigation of the tractor
on sloping terrain.

Nevertheless, there is a limitation of the constructed
NN vehicle model. The changes of field and soil
conditions (e.g. rain) decrease the accuracy of the
model. Further work needs to be conducted to improve
the accuracy of the model for all field and soil
conditions, such as training the NN vehicle model
online.
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