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ABSTRACT

In this research work Adaptive Neuro-Fuzzy Inference System (ANFIS) in the
frame of Mallab was applied to develop a tool for scil compaction assessment that
may help planning of mechanized operations in order to increase the suslainability of
agricultural activity. The parameters of the tnangular membership functions and the
zero-order Sugeno fuzzy model were computed by means of hybrid learning. The
model considers soil moisture content, clay ratio (represents soil type), wheel index
and the number of wheel passes over the field as input variables. The model has
been built based on field experimental data. The predicted index of soil compaction
was compared with measured values. The results demonstrale that neuro-fuzzy
model derived by the proposed framework delivered satisfactory oulcome in spite of
the significant complexily of the considered probtem,

INTRODUCTION

Soil compaction has been concemed because it affects soil conditions
that influence in general the crop yield. Soil compaction is a national problem
of significant consequence that cannot be economically assessed accurately
(Sadaka, 1988). To understand the impact of traffic of agricultural implements
effect on the changes in soil properties and on yield re@uction, field
experiments have to executing to assess the index of soil compaction.
However, there are different variables affecting the index of soil compaction.,
These variables have four different categories including soil, implements,
weather conditions and type of field operations. .

Ahmed et al. (1988) and Abou-Habaga (1989) reported that soil
compaction is affected by different variables such as soil type, moisture
content, weight of machines and number of passes over the field. Elbanna
(1990b) showed that the variables affecting soil compaction are clay ratio,
number of wheel passes over the field, soil moisture content, wheel inflation
pressure and wheel section width. Morad and Arnaout (1993) stated that the
nurmber of ractor passes, tractor forward speed, moisture content and wheel
inflation pressure are considered variables affecting the soil compaction.

Gysi ef af {2000} showed that heavy agricultural machinery cause
structural degradation in agricultural subsoil and this has negatively affects on
plant growth. Voorhees {2000) reported that the most variables affecting soil
compaction are axle load, soil water regime and soil texture and their
interactions. Canillas and Salokhe (2001) used wheel variables (section
width, diameter, inflation pressure), soil variables {moisture content, initial
cone index), and extemal variables (travel speed, axle load, number of
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passes) to build a model to predict soil compaction as related to bulk density
and cone index. Their results showed that axie load and number of whee!
passes were the most prominent variables that greatly influence soil
compaction. Furthermore, soil moisture content, aspect ratio, and wheel
inflation pressure also revealed significant effects. Since soil changes
induced by machine traffic compaction can lead to soil degradation,
superficial water pollution and an increasing demand for no-renewable
natural resoures, it is fundamental to develop useful tools to evaluate the
effects of a r achine on soil and predict final soil conditions after traffic, in
order t> avoid serious soil compaction problems (Canillas and Salokhe,
2002). There are different equations predicting index of soil compaction due
to traffic of agricultural implements. These equations have different forms and
derived oased on statistical analysis {Elbanna,1990a, Elbanna,1990b and
Helmy et al.,1999).

Soll compaction by machine traffic is a complex process with many
interacting variables. For this reason, mathematical models have been
developed to help to understand this phenomenon (Defossez and
Richard,2002). Much scientific knowledge has been accumulated on this
subject, but not in a useful way for farm management decisions. Defining
exactly what constitutes compacted soil is a difficult task due to the many
uncertainties involved in the process. These uncertainties include a large
diversity in plant and environmental response to soil compaction, spatial
variability of soil attibutes and measurement errors (De Araljo and
Saraiva,2003). Like other soil processes, compaction cannot be adequately
represented with discrete categories (crisp classification), since soil changes
are continuous. In general, a specific soil condition cannot be clearly
described as ¢compacted or not compacted.

Fuzzy logic provides a formal mathematical structure for analyzing
complex processes where ohservations should be grouped in ¢ontinucus
classes (Zimmermann,1996). Fuzzy logic is a powerful concept for handling
non-linear, time-varying, adaptive systems especially in applications to
biological and agricultural systems (Center and Verma,1998). Fuzzy
modeling has been applied in many scientific and engineering fields, and
represents a useful framework to deal with 1) the complexity of soil
compaction processes, 2) the uncertainty due to measurement errors and
imprecise boundaries and, 3) qualitative knowledge generally associated with
site-specific  scoil compaction evaluation. Soil science presents many
possibilities for fuzzy logic application according to McBratney and Odeh
(1997).

Fuzzy logic could provide a prospective tool during predicting crop
waler stress index for tall fescue (Al-Faraj et al, 2001), predicting of paddy
soil normal adhesion to steel surface (Jun-Zheng and Zhi-Xiong, 1998),
successfully to determine filed trafficability {Thangavadivelu and Colvin,
1991) and improving efficiency of Egyptian rice milling process (Aboukarima,
2003). Gas=oumi {2000) mentioned that the combination of the artificial
neural networks and fuzzy logic creates what is known as neurp-fuzzy
system. However, neuro-fuzzy has emerged as a new and very powerful
technique which allows for fearning from data; incorporating both initial set of
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knowledge and data into a simple decision making framework; extracting
knowledge from data for the sake of explanation and understanding; adaptive
tuning of existing knowledge according to new data. Neuro-fuzzy nowadays is
a comprehensive and robust methodelogy for knowledge engineering and
problem solving (Bellei ef al,2001; Dixon et al ,2001; Lee el 2/,2003 and
Odhiambo et af.,2004).

The objective of this research work is to develop a neuro-fuzzy model
to predict index of soil compaction due to agricultural implements traffic on
different soil types. The model considers soil moisture content, clay ralio
(represents soil type), wheel index and the number of wheel passes over the
field as input variables.

MATERIALS AND METHODS

Field measurements were made on soil moisture content and degrees
of soil compaction under different vehicle wheel paths with varying wheel
inflation pressures and loads in four soil types. A 25-m wheel track distance
and divided it into 5 m sub-distance; five replications of soil moisture and bulk
density were averaged to represent sub-distance field measurements. All
measurements were taken afier wheel passes on the soil. All measurements
readings were taken at a 10 cm depth from the seil surface. Two samples
from each field were analyzed and averaged to.represent the soil type. Seven
tractors and one combine {rubber crawler) were used on four soil types.
These combinations gave different axle loads, wheel dimensions and inflation
pressures. Table (1) shows soil fractions, tractors power, combine
characteristics, axle loads, wheel dimensions and inflation pressures used in
field experiments.

Table {1):Scil fractions, tractor powers, combine characteristics, axle
loads, wheel dimensions and inflation pressures used In field
experiments.

Different items Soil type

Sandy loam Clay loam Clay

Soil Sand (%) | 60.78 | 60.78 | 41.60 | 41.60 [ 21.50 | 14.43 | 14.43
fractions |_Silt %) | 20.50 | 20.50 | 21.53 | 21.53 | 36.83 | 31.31 | 31.31
Clay (%) | 18.72 | 18.72 | 36.87 [ 36.87 | 41.67 | 54.26 | 54.26
Clay ratio (----) 0230 | 0.230 | 0.584 | 0.584 | 0.714 | 1.186 | 1.186
Tractor power (kW) | 33,58 | 93.28 | 29.85 | 49.97 | 55.97 [ 5597 | 59.7
Axeload |feont| 7.40 | 18.61 [ 11.38 [ 12711 1,57 | 11.73 | 14.69
(k) Pear| 1277 | 54.94 | 17.06 | 27.01 | 21.97 | 21.81 [ 27.29
Wheel | Front| 5.5-16 [11.0-16 8.0-16 | 6.5-20 | 6.5-20 | 6.5-20 | 7.5-20
dimensions {injRear |{13.6-28(18.4-38{13.6-28(14.0-38|14.0-38{14.0-38]16.9-38
Inflation Front [103.43 (275.80 (137.90 |220.64 1206.85 [227.54 (206.85
pressure (kPa)| Rear | 68.95 [131.90(137.90|184,74|137.80(137.90(137.90

5367



Efbanna, E. B. et al.

Table (1) continued.

Combine characteristics Soil fractions [clay soil) |Clay ratio
{Kubota RX 2750-D Sand Silt Clay
Power | Track area | Total load % % % —
22.39 (kW) 0.4608 (m?) | 18.29 (kN) | 21.50 | 36.83 | 4167 | 0.714

Soil structure, moisture content and bulk density were measured
according to standard methods. Raw data, calculations, instruments and
experiments procedures are in Elbanna (1990a). In this research work, the
incex of soil compaction (DSC,%) and the clay ratio were calculated as
foliows

DSC = [f___&} x 100 Cited from Elbanna (1990a) {1)
P
cl Clay %
ay ratio = Sand %+ SHE % Cited from Elbanna (1990a) {2}

where p, and p, are the initial and final soil bulk densities (g/iem?)

respectively.

The general principle that applies to pneumatic wheels is that the
pressure exerted by the wheel on the soil surface is approximately equzi to
the wheel inflation pressure (Kemp,1230). In some cases. this principle can
not be obtained during fleld operation (i.e. the whee! has less or high inflation
pressure compared to the ground pressure of the wheel), so to make the
developed mode! (neuro-fuzzy} more generalization, wheel index was derived
based on ground and inflation pressures for tracior front and rear wheels.

To develop the wheel index, the contact area of the tractor wheels
{front and rear} must be pbtained. There are different models in literatures to
calculate contact area of the tractor wheels {A). In this research work, the
contact area of the tractor wheeis is obtained based on rigid surface
according to the following procedures:

L= Cx Jd x5 =82 (Lyasko, 1994} (3)

)
(‘:f—ﬁ—-—_
“ 514110
)+h

T=2x \/-—-xa _§? (Lyasko, 1694) (5)

{Lyasko,1994) (4}

-8
o =0.67h x[m] h=)b {Godbole et af.,1993) (6)
w
d=dr+2h (Lyasko,1994) N
A= % LT T <u (Lyasko,1994) (8)

5368



J. Agric. Sci. Mansoura Univ., 30 (9), September, 2005

where in Egs. (5 and 7) h = 0.87b according lo Srivastava el al. (1993), L is
the length of contact area on ground for tractor wheels as shown in Fig. (1),

Yis overall tractor wheels diameter, b is the whee! section width, § is the
wheels deflection as shown in Fig. (1), 7 is the width of contact area on
ground for tractor wheels, C is constant coefficient, W is the vertical load on
each wheel, P is the inflation pressure of the wheel, dr is wheel fitted
diameter, h is wheel section height and v is tread width. This procedure gave
nearly equal contact area of the tractor wheels compared to values measured
by Elbanna (1990a), Fig. (2).

Fig. (1):Diagram of a wheel deformation under a vertical l[oad (cited from

Lyasko,1994).
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Flg. {2):The relationship between measured and caleulated eontact area

of the tractor wheels.
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The ground pressure under tractor wheels (Ps) and the wheel index
(WT1) for any of front or rear wheels could be calculated as follows:
w {9)
P.~.' =
A

: (10)
wr =L
P

then the finai wheel index (WTI) that used in the neuro-fuzzy model is the
summation of wheet index of front and rear wheels. For rubber crawler
combines, assume the inflation pressure is to be 100 kPa, so the WTI is
calcula*ed as follows:
(1)
WTl = _}_’&T_
100

where P.. is the ground pressure (kPa) for rubber crawler combines and
calculates as follows:

CTL (12)
Po =
TA
where CTL is the total load of the rubber crawler combine (kN) and TA is the
track area (m?).

Adaptive Neuro-Fuzzy Inference System (ANFIS):

The model was structured and formulated using Matlab version 6.1 and
the fuzzy logic toolbox, as a Sugeno fuzzy model (Mathworks, 2001). The first
step in designing the fuzzy logic model was to identify the fuzzy input and
output variables. Four variables were selected as fuzzy inputs namely: soil
moisture content {(MC), clay ratio {CR), wheel index (WT/} and the number of
wheel passes over the field (NWP). The index of soil compaction {DSC) was
considered as one fuzzy output variable.

In ANFIS the data clusters are partitioned optimally, and a set of fuzzy
IF-THEN rules is generated. These rules provide a basis for prediction.
However, in this research work the best results were obtained when the
conseguents are simply constants not first-order polynomiais in the input
variables. These kinds of ANFIS are called zero-order Sugeno-type and are
very convenient for fitting procedures (Jang and Sun,1995). The rules are of
the form;

RiIF (xyis Ay and xpis Apand. X, is Ap) THEN (yi=q) i=12.k
So, the output y is computed by taking the weighted average of the individual
rules' contributions as follows:

.I( ) i
y_;ﬂxq (13)

Z B.(x)
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With the degree of fulfiliment:

B,(x) = i, (5, ) 14, (5,)) 07 )
ﬂ;‘(x) = Mn(x|)'M;2(xz)'”pr(xp)

where Ris the J#th rule determining the total number of

rules; X, , Xy ,...X , and Yy, are, respeclively, the input and output system

vanables; A,-p are the antecedent linguistic terms (or fuzzy sets) in rule (9

with being the number of antecedent variables; g, are the rule consequents
and they are simply constants; [, (X)is the degree of fulfilment of the ith

ruie and 24, (x,) is the membership grades of the fuzzy set belongs to

input variables. In many fuzzy applications, the membership functions are
arbitrarily selected as either trapezoid, triangular, or gausian depending upon
the ranges selected. The triangular membership function was selected
because of its simplicity. The soil moisture content, clay ratio, wheel index
and the number of wheel passes over the field were partitioned into two fuzzy
sets, Fig. (3). All data (200 observations) were randomized by authors then
partitioned into two sets. The first set was 175 pairs for training process and
the second set was 25 pairs for testing process. After 60 epochs of hybrid
learning using the ANFIS function of the Matlab fuzzy logic toolbox
(Mathworks,2001), the training error (root mean square error) was 3.264 %.
The total number of rules was 16 {2x 2x 2x 2). Examples of the cbtained
rules after training process are as follows:

Ry IF {(MC is Dry and CR is Low and WTI is Low and NWP is Little)
THEN DSC = 26.78%
Rq: IF (MC is Dry and CR is Low and WTI is High and NWP is More)
THEN DSC = 16.93%
Ry IF (MC is Dry and CR is High and WTI is High and NWP is Little)
THEN DSC =28.43%
Riq:. IF (MC is Wet and CR is High and WT1 is High and NWP is More)
THEN DSC = 33.28%

Model Performance Criteria:

To evaluate the mode! performance, three criteniz are used. The root
mean square error (RMSE) is selected as the comri.on performance measure
as it shows the global goodness of the fit. RMSE equals to zero for a perfect
prediction. RMSE can be computed as {ollows:

S (v, -1, (19)

RMSE ==

n
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Fig. (3): The fuzzy membership functions for 4 inputs (range of soil
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The prediction error is selected as another performance measure and can be
computed as follows:

Y, -Y

af Pt (

Y.
APE = ———— 8

n
where APE is prediction error according to Hsieh and Weng (2005), RMSE is

root mean square error according to Makridakis et 2/, (1998), ¥, and Y, are

measured and predicted index of soil compaction respectively and n is the
number of observations (7 =175 for training process and 25 for testing
process). The correlation coefficient is selected to measure the linear
correlation between the measured and the predicted index of soil compaction
according to Makridakis af al. (1998). The optimal correlation coefficient value
is unity and a value smaller than 0.7 is assumed to be problematic {Coulibaly
et al.,2000). The developed neuro-fuzzy model was validated by conducting
field experiments by authors and by using data from other works in this field.
The characteristics of validation data are shown in Table (2).

n

)

i=f

(16)

Table {2): The characteristics data that used in validation of the
developed neuro-fuzzy model.

Different items Jorajuria and |Helmy etf|, Abdel- Field
Draghi {1997) |al. (1999) Mageed ot|experiments
al. (1991)" | by authors+
Axle load Front | 6.87 [ 13.73| 8.29 o 23.99
(kN) Rear | 2256 | 2649 | 13.83 8142 39.03
Wheel Front | 6-16 |7.5-16| 6.5-20 o 14.9-26
dimensions (in}| Rear [{12.4-38|18.4-34] 14-30 | 23.1-28 18.4-38
inflation Front | 180 | 210 147.1 -—-- 205
pressure (kPa) | Rear | 114 128 88.26 | 100 [ 150 125
Soil Sand (%) 18 20.72 29.81 28.33
fractions Silt {%) &1 34.16 17.88 47.25
Clay (%) 21 45.12 52.31 2445
Forward speed (m/s) | 1.6 | 1.5 1.1 1.2
Deptn r{;"&mf"" 0-15 0-10 | 0-10 0-10
* Data for combine. + Data not included in training and testing sets.
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RESULTS AND DISCUSSION

Figure (4) shows the graphical depiction of the sixteen rules generated
to map the input data (antecedent) with the output (consequent). In the figure
each rule is represented in an individual row, while variables are represented
in individual columns. The first four columns depict the membership functions
for the four input variables (MC, CR, WTI, and NWP), referenced by the
antecedent or the “if-part” of each rule. The fifth column consisting of sixteen
plots shows the membarship functions used by the consequent or the “then-
part” of each rule. The vertical fines in the first four columns indicate the
current data inputs for MC (soil moisture content) to be 32 %, d.b; the second
variable, CR (clay ratio) shows 0.706. The input for the third variable, WTI
{wheel index}, is 0.737, meanwhile, the fourth input, NWP, (number of wheel
passes over the field) is 3. The bottom plot in the right column is the
aggregate of each consequent. The defuzzified output value is represented
by a thick line passing through the aggregate fuzzy set. For system inputs:
MC of 32, CR of 0.706, WT/ of 0.737, and NWP of 3, the defuzzified output is
shown to be indicating it to be 11.7.

MC = 32 CR = 0.706 WT=0737 NAP = ] DSC=117
VBT B = B
: e = I = | e : =
3 == — ——— e o]
g R = S [ o e R | -
s B=—=—_] =3 R 1 | J
. [ = | e | ]
J==—=u e = =
e Bl &= [ | F—
o= =~ = i R e —— I m—
12 — = I = o
T === = ] — C.

L o= = = e = [ N
101 54 023 1186 0397 17 1 s e ]

Fig. (4): Rule generation and defuzzified output In the ANFIS.

The criteria of accuracy for neuro-fuzzy model to predict index of soil
compaction during testing processes are shown in Table (3). Examination of
Table (3) indicates that, neuro-fuzzy provides the accurate prediction.

Table (3): The criterla of accuracy for neuro-fuzzy model to predict
index of soil compaction during testing process.

Criteria of accuracy Units Value
The root maan square error {RMSE) % 3.332
The prediction error (APE) —— 0.169
Correlation coefficient (1) — 0.852
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In general, a correlation coefficient value greater than 0.8 indicates a
very salisfactory model performance and this fact is verified in Fig. (5). This
suggests that the proposed neuro-fuzzy model is acceptable for predicting
index of soil compaction as statistical model proposed by Elbanna (1990a),
but the neuro-fuzzy model is more fairly as it could be used as a tool for a
decision support system for compaction assessment in agricultural soils. It is
clear from Fig. (5) that the data from neuro-fuzzy model are less scattering
around regression line. So, by using the developed neuro-fuzzy model, it is
easy lo study the effect of different input variables on index of soil
compaction. The neuro-fuzzy approach seems promising and could provide a
prospective tool to assess agricultural implements traffic effects on soil.

25

T = 0.852

Regression

16 line

147

Predicted index of sail compaction (%)

10 T T L] ] ¥ |

10 13 16 19 22 25 28 k]
Measured index of soll compaction (%)

Flg. (5): The measured against predicted Index of soil compaction using
neurc-fuzzy model during testing process.

The developed neuro-fuzzy model was validated. Values of input
variables corresponding to measured and predicted index of soil compaction
by neuro-fuzzy model are shown in Table {4). The relative high values of
error may be due to the validation data run with different forward speeds,
however, the forward speed affects the index of soil compaction {Canillas and
Salokhe,2001) and the compaction experiments run on soil has different
degree of pulverization or without pulverization.
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CONCLUSION

Four inputs were considered to develop the neuro-fuzzy model to
predict the index of soil compaction. Clay ratio, soil moisture content, number
of wheel passes over the field and wheel index were selected as the most
important for the compaction process, based on a bibliographic review on this
matter. The model performance was evaluated by the correlation coefficient
and by the root mean square error between the predicted and measured
results. The neuro-fuzzy model was trained with 175 data pairs and has 16
rules with training error of 3.264 %. The neuro-fuzzy model performance was
good compared to measured values. The fuzzy approach seems promising
and cot.!d provide a prospective tool to assess agricultural implements traffic
effects on soil.

Table (4): Values of Input varlables corresponding to measured and
predicted index of soil compaction by neuro-fuzzy model.

Source of Input variables Index of soil Error*
data compaction
MC | CR | WTI | NWP | Measured | Predicted
[ %,d.b | <= [ e | —e- % % %
Jorgjuria and| 27.00 |0.220| 0.7086 4.96 3.98 .96
ﬂrég??; 27.00 |0.220] 0.781 4.26 582 | -1.56
27.00 10.220| 0.706 10.35 10.10 0.25
Helmy et al. | 33.10 |0.822| 0.817 7.44 11.90 | -4.46
(1999) | 30.00 [0.822] 0.817 13.11 1420 | -1.09

11.24 15.40 -4,16
12.44 15.90 -3.46

30.20 |0.822| 0.817
32.40 {0.822| 0.817

Abdel- | 49.90 [1.097] 0.687 9.37 12.80 | -3.43
Mageed et | 49 90 |1.097| 0.687 11.57 11.00 | 057
al. (1951} 49 90 [1.097] 0.687 13.46 913 | 4.33

49.90 [1.097] 0.521 12.28 10.20 | 2.08
42.60 [1.097] 0.521 8.83 8.58 0.25

Field | 1821 |0.324] 0.621
experiments | 48 21 |0,324] 0.621
by authors ™431710.324] 0.621
18,21 |0.324] 0.621

18.21 |0.324 0.621
Ermor = Measured — Pradicted

11.24 13.10 -1.86
11.74 13.90 -2.16
13.11 14.80 -1.69
16.74 15.60 1.14
18.57 16.40 217

el R i= Wi WA = b = th ] -
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