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Fig.3. Rolling resistance on the wheel
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Fig.9. Rolling resistance prediction in upward variation of vertical load using trained neural network

" R [
‘_’_'L{l u_u_‘- l\_n.{l_l;.ﬂ.ﬂ

= P2 1
(CFpagheS franuzy
Wismer Folling
Besistance (KIN)
0

4 3 ]

[CFasgh] (e 2gas Sl
Wertical Load (kIV)

3508 )k GRIB 53 jousy Jho (e Cunglis =) ¢SS
Fig.10. Wismer model rolling resistance in upward variation of vertical load

sl 0390 S g 22 (S dghe 3 (653l Slaeis )55
S LS (b g p pSl cilie byl (ad ol
9 0335 (ol Lubab ailon Lo o (55l (S o5l
S S B > Jueo ol Wiz cal Jie g plad S 6yl
2ol e sl il sla 53 2395 @l BB by ogele
ol 039 olyam Uad 5 Codgioms b baas 5L, slace s
Jlosl sloosls 51 (S5 il 5l ooliial b (eguan (ovac 4Sus
o yle S g (639)9 Olodsd S g £ Jold wlu  0dd
o rle j ol poa (il (adle Cuglie jlade Jold) (Sgte

2 SeS 23U Eya 595 ) slagi g oS 35800 dlan e
ol IS Ol 4] Lol ol anily iile Coglie ,d oy ool
Gl Soalon ( uac a8 bawgs odds o oduos dlayly 13 0

o ol blayl ol lis gl pove 90 cpl & sl S5 4 p3Y
dny 3 e Cuaglie 4 bogye ol g LD Giale SIS0 )
A 03> i (g3508 Hgoro

S 5 Ao

S5 S (i LSl 5o ) bl B



YAV o 55> oo syl (wliol p & 52 (oilé Canglibo (St st

N —

Rl g ogeil 390 9 ST @S (295 plyea (63929

e Cwglas Rolling
resistance

a8 )
14 -
12
Sb g e Caglie 107
(cP3mgks) sa90 ]
Rolling resistance 6 -
and vertical load
(kN)
2
0
0 1 2 3
(as8) oles
Time(s)

4l 590l s 45 I olitnl b (63908 Hb (awgimw lpsd )3 isle Caaglie i =YY S0
Fig.11. Rolling resistance prediction in Sinusoidal variation of vertical load using trained neural network
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Introduction: Rolling resistance is one of the most substantial energy losses when the wheel moves on soft
soil. Rolling resistance value optimization will help to improve energy efficiency. Accurate modeling of the
interaction soil-tire is an important key to this optimization and has eliminated the need for costly field tests and
has reduced the time required to test.

Rolling resistance will change because of the tire and wheel motion parameters and characteristics of the
ground surface. Some tire design parameters are more important such as the tire diameter, width, tire aspect
ratio, lugs form, inflation pressure and mechanical properties of tire structure. On the other hand, the soil or
ground surface characteristics include soil type; moisture content and bulk density have an important role in this
phenomenon. In addition, the vertical load and the wheel motion parameters such as velocity and tire slip are the
other factors which impact on tire rolling resistance. According to same studies about the rolling resistance of the
wheel, the wheel is significantly affected by the dynamic load.

Tire inflation pressure impacted on rolling resistance of tires that were moving on hard surfaces. Studies
showed that the rolling resistance of tires with low inflation pressure (less than 100 kPa) was too high.

According to Zoz and Griss researches, increasing the tire pressure increases rolling resistance on soft soil
but reduces the rolling resistance of on-road tires and tire-hard surface interaction. Based on these reports, the
effect of velocity on tire rolling resistance for tractors and vehicles with low velocity (less than 5 meters per
second) is usually insignificant.

According to Self and Summers studies, rolling resistance of the wheel is dramatically affected by dynamic
load on the wheel.

Artificial Neural Network is one of the best computational methods capable of complex regression estimation
which is an advantage of this method compared with the analytical and statistical methods.

It is expected that the neural network can more accurately predict the rolling resistance. In this study, the
neural network for experimental data was trained and the relationship among some parameters of velocity,
dynamic load and tire pressure and rolling resistance were evaluated.

Materials and Methods: The soil bin and single wheel tester of Biosystem Engineering Mechanics
Department of Urmia University was used in this study. This soil bin has 24 m length, 2 m width and 1 m depth
including a
single-wheel tester and the carrier.

Tester consists of four horizontal arms and a vertical arm to vertical load. The S-shaped load cells were
employed in horizontal arms with a load capacity of 200 kg and another 500 kg in the vertical arm was
embedded. The tire used in this study was a general pneumatic tire (Good year 9.5L-14, 6 ply)

In this study, artificial neural networks were used for optimizing the rolling resistance by 35 neurons, 6
inputs and 1 output choices. Comparison of neural network models according to the mean square error and
correlation coefficient was used. In addition, 60% of the data on training, 20% on test and finally 20% of the
credits was allocated to the validation and Output parameter of the neural network model has determined the tire
rolling resistance. Finally, this study predicts the effects of changing parameters of tire pressure, vertical load
and velocity on rolling resistance using a trained neural network.

Results and Discussion: Based on obtained error of Levenberg- Marquardt algorithm, neural network with
35 neurons in the hidden layer with sigmoid tangent function and one neuron in the output layer with linear
actuator function were selected. The regression coefficient of tested network is 0.92 which seems acceptable,
considering the complexity of the studied process. Some of the input parameters to the network are speed,
pressure and vertical load which their relationship with the rolling resistance is discussed.
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The results indicated that in general trend of changes, the velocity is not affected by rolling resistance.
Rolling resistance increases when tire pressure decreases. This is due to energy consumption for creating
deflection on the body of the tire at the lower levels of tire inflation pressure. Another variable parameter is the
vertical load on the wheel and its logical relation with rolling resistance using neural network. The results
showed that increasing the vertical load increases the rolling resistance.

Conclusions: The major purpose of this study was the feasibility of using learning algorithms for interaction
between wheel and soil. The parameters of the wheel when clashes with soil are not stochastic and in spite of
their complexity follow a specific model, certainly. Artificial neural network trained with a correlation
coefficient of 0.92 relatively had a good performance in education, testing and validation parts. To validate the
network results, the impact of some factors on the extraction process such as velocity, load and inflation pressure
was simulated. The main objective of this article is comparing the network performance with basic principles
and other scientific reports.

In this regard, the predictions by trained neural network indicated that rolling resistance is independent of the
velocity of the wheel. On the other hand, rolling resistance decreases by increasing tire inflation pressure which
is a general trend similar to other studies and reports in the same mechanical condition of the soil tested. Rolling
resistance changes are directly proportional to load vertical variations on the wheel in terms of quantity and
quality, similar to experimental models such as Wismer and Luth.
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