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Abstract: The performance of an Artificial Neural Network (ANN) model in predicting liquid spray
application characteristics (coverage density percentage and distribution uniformity) was investigated.
This was conducted to explore the potential of implementing the ANN model into the operation
management of a ground field sprayer for optimum liquid agrochemical application. Data sets collected
from actual field experiments were used for the purpose of training and testing the proposed ANN
model. In field study, different combinations of application rate values (ranging from 172.3 L/ha to
493.3 L/h) and boom heights (ranging from 15 cm to 60 cm) were assessed based on the two
calculated characteristics of coverage density percentage and distribution uniformity. The same
combinations were utilized to serve as inputs to the implemented ANN model. However, coverage
density percentage and distribution uniformity, represented by different values of coefficient of
variation (CV), were the output (predicted) values produced by the ANN model. For the test data,
ANN model predicted values were compared to the calculated values of the two spray application
characteristics. For the coverage density percentage, the comparison between the predicted and
calculated values showed that, during testing process, the values of the Root Mean Square Error
(RMSE), Mean Absolute Error (MAE) and coefficient of determination (R2) were 1.192%, 1.079% 
and 0.991, respectively. For the CV, however, RMSE, MAE and R2 values during testing process were
3.231%, 2.018%  and 0.952, respectively. These results revealed that the proposed ANN model was
accurate in estimating the values of the two spray application characteristics and can be effectively
used as a management tool for optimum liquid agrochemical application out of a ground sprayer.
Assuming constant nozzle flow rate and boom height, the proposed model was used to predict the CV
and coverage density percentage at different application rates, represented by different ground speed
values, calculated at three values of nozzle spacing (50 cm, 60 cm and 70 cm). For 50 cm, 60 cm
and 70 cm nozzle spacing, the R2 values of the polynomial relationship between ground speed and
predicted CV were 0.69, 0.76 and 0.57, respectively. For the polynomial relationship between ground
speed and predicted coverage density, the R2 values were 0.96, 0.96 and 0.89 at 50 cm, 60 cm and
70 cm nozzle spacing, respectively. The neural network software was used to determine the relative
importance of input variables upon predicted CV and coverage density percentage. The boom height
was found to be the major variable that caused the biggest effect on the CV with 82.14% 
contribution. Meanwhile, the application rate was found to be the main variable affecting the coverage
density percentage with 75.63 % contribution.
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INTRODUCTION

Pesticides have been a very effective tool that can eliminate or greatly limit the damages to main crops
that can be caused by agricultural pests.  In Saudi Arabia, pesticides are extensively used in the agricultural
fields, where 6.7 million liters and 2.8 thousand tons of liquid and powder pesticides, respectively, were
imported into the country in 2007 (Ministry of Agriculture, 2008). Environmental and economical concerns
introduce the need to use these agrochemicals efficiently. Increasing the efficiency involves increasing the
accuracy at which these chemicals are applied. Ground sprayers are very commonly and widely used to apply
pesticides, therefore, several research studies have been conducted to investigate the factors that affect their
accuracy in applying liquid agrochemicals.

Spray uniformity, which is one of the spray application characteristics affecting accuracy, was thought by
Jeon et al. (2004) to influence the amount of pesticides applied to plants, rows, or different field zones. They
studied the effect of boom acceleration and height on spray uniformity, where they found that the Coefficient
of Variation (CV) of spray coverage can reach up to 53.4% with a boom acceleration ranging from 14.3 to
-6.7 g and a maximum vertical boom displacement of 1 m. These results are in line with the findings of
Ramon and De Baerdemaeker (1997), and Pochi and Vannucci (2001), where they suggested that the boom
movement imposed a deterioration in spray uniformity, which in turn, affected the precision of the application.
Another field study by Womac et al. (2001) was conducted to reveal the effects of boom height and ground
sprayer forward speed on spray distribution uniformity for venturi and extended range elliptical orifice nozzles.
For a static boom, the spray distribution had a maximum CV of 17%, however, the CV ranged between 6% 
and 37% for a moving boom at a ground speed between 6 and 26 km/h. Iyer and Wills (1978) stated that a
uniform spray deposit could be achieved at a boom (nozzle) height greater than an optimum value, however,
reducing nozzle spacing at an optimum boom height could also produce a uniform spray. The optimum nozzle
height was defined by the authors as being the nozzle spacing times the cotangent of half the nozzle spray
angle. The boom proper height above a targeted surface is a function of nozzle spacing, nozzle angle and
required overlap (Kepner et al., 1982). El-Khawaga (2004) performed laboratory tests to evaluate the static
pattern uniformity for a spraying system at different values of spray pressure (1, 2, 3,4 and 5 bar) and spray
height (30, 50, 70 and 100 cm). The spray pattern uniformity was found to, generally, increase with increasing
spray pressure and boom height. A boom height of 70 cm was found to produce the lowest spray coverage
CV, where it was 29 % and 25%  at a pressure of 3 bar and 5 bar, respectively. Drocas et al. (2009a) reported
that for 50 cm boom height, the covered surface was not uniform, contradicting the results reported by Lardoux
et al. (2007). A report by Drocas et al. (2009b) stated that spraying at a boom height of 70 cm and a pressure
of 2 bar produced a good distribution uniformity.

In addition to boom (nozzle) height, the used nozzle type was stated by Drocas et al. (2009a) as a
determining factor that can greatly affect the quality, effectiveness and efficiency of the application. Effect of
nozzle type on application uniformity was investigated by many laboratory and field studies (Smith 1992; Faqiri
and Krishnan 2005; Womac et al., 2001; Iyer and Wills 1978; Wang et al., 1995; Krishnan et al., 1988). A
field study conducted by Al-Gaadi (2010) was designed to reveal the effect of nozzle type on spray density
and distribution at different nozzle heights. Flat fan nozzles were found to produce, at all heights included in
the study, a better spray uniformity compared to hollow cone nozzles.  

Artificial neural network (ANN) modeling systems were thought by Awodele and Jegede, (2009) to be
rigid, reliable, multi-usage and tolerant to noise. These characteristics make these modeling systems a good
candidate to be used for the purpose of controlling and modeling in agricultural machineries, such as field
ground sprayers. For these systems, the quality of prediction depends on the methodology and the selection
of appropriate inputs. Limited data availability, due to technological and cost constraints of data collection
equipment, can restrict the number of inputs to be used, thereby, affecting the accuracy of prediction (Panickar,
et al., 2000). The ANN can be viewed as a set of highly interconnected mathematical processing elements,
which are capable of representing non-linear multivariate mapping functions between input and output data set.
The forms of the mapping functions are determined through 'training' the ANN using sets of input and output
data. The capability of the ANN models, as an advanced computational method, in handling complex problems
involving many parameters (variables), has endorsed these models to be used by several researchers in different
fields of sciences, especially applied sciences such as agriculture. Several research studies (Al-Janobi et al.,
2001a; Al-Janobi et al., 2001b; Aragón-Ramírez et al., 2008; Alimardani et al. 2009; Abbaspour-Gilandeh et
al., 2009; Kassem et al., 2009;  Al-Janobi et al., 2010a; Anantachar et al., 2010; Al-Janobi et al., 2010b; 
Zangeneh et al., 2010; Kumar and Prasad, 2010) have reported that the ANN models were successfully used
in different fields of agricultural sciences. In addition, Ingleby and Crowe (2001) developed a neural network
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model to predict soil organic carbon content. The model was evaluated through validation testing, and its
predictive performance was compared to that of previously developed multiple-linear regression (MLR) model.
The neural network model was found to outperform MLR model, even though the inputs were selected based
on an optimum linear model performance. In the field of liquid agrochemical applications, an ANN model was
utilized to predict nozzle wear due to application of chemicals (Krishnaswamy and Krishnan, 2002). Moreover,
Yang et al. (1997) created a simulation of pesticide concentrations in agricultural soils by the help of an ANN
model.

Literature has shown that the ANN technique has not been used in predicting the distribution uniformity
and coverage density percentage of agrochemicals applied by a field ground sprayer. Therefore, the overall goal
of this study was to investigate the performance of an ANN model in predicting the liquid spray application
characteristics of distribution uniformity and coverage density percentage at different combinations of
application rates and boom heights. Thereby, a tool for management of a field sprayer for optimum chemical
application would be provided.

MATERIALS AND METHODS

Experimental Procedures:
A field study was conducted on the educational farm of the College of Food and Agricultural Sciences,

King Saud University, Riyadh, Saudi Arabia to reveal the effect of boom height and application rate on the
performance of a ground field sprayer in terms of spray liquid distribution uniformity and coverage density
percentage. Four different boom heights (15, 30, 45 and 60 cm) and six different JACTOTM nozzle types
(nozzle types and corresponding reference flow rates are shown in Table 1) were incorporated in the study.
An operating pressure of 60 kPa, a sprayer ground speed of 6 km/h and a nozzle spacing of 50 cm along the
sprayer boom were known as constant test parameters. Using the reference nozzle flow rate, the application
rate was calculated using the following formula:
 
   (1)

10Q
AR

S W





Where AR is the application rate (L/ha), Q is the reference nozzle flow rate (L/h), S is the sprayer ground

speed (km/h) and W is the nozzle spacing along the sprayer boom (m).
Field tests were conducted utilizing a pull type field ground sprayer with a boom width of 10 m (Fig. 1).

Along the sprayer boom, twenty nozzles were spaced at 50 cm apart. The boom was designed where the
vertical distance between the boom and a collecting table surface (boom height) was adjustable within the
range of 15 to 90 cm. The sprayer was equipped with a 1000 L capacity liquid spray tank and a 13 hp
reciprocating pump, operated by the tractor PTO, to pressurize liquid from the tank to the nozzles.
Specifications of the pump indicated that it could generate a pressure of up to 6000 kPa with a flow rate of
85 L/min at a rotary speed of 650 rpm.

A portable 2.5×1.6 m spray pattern table (Fig. 2) was placed in the sprayer travel track, where its bigger
dimension was perpendicular to the sprayer travel direction and the smaller dimension was parallel to the travel
direction. With a travel speed of 6 km/h, the sprayer passed over the table (a distance of 1.6 m) within
approximately one second (Al-Gaadi, 2010).

For the purpose of this study, a segment of the sprayer boom that contained three nozzles was considered
as a representative for the whole boom. The field test was conducted, for each nozzle type and boom height,
by pulling the sprayer in the field at the test sprayer ground speed of 6 km/h and a pump pressure of 600 kPa
over a course of approximately a 100 m of asphalt surface, where three operating nozzles passed over the
spray pattern table that was placed in the middle of the traversed test course. Three repetitions of this field
test were conducted and the average water collected was calculated to form one set of the study data.
Considering four boom heights and six nozzle types, a total of 24 data sets were produced during the field
study. Water sensitive papers (WSP) with the size of 2.6×50 cm were utilized in one of the repetitions as a
second data collection method (Al-Gaadi, 2010).

Due to the fact that each nozzle covered eight channels of the spray pattern table and the spraying time
for each test run was approximately one second, the volume of collected water in most of the collecting tubes
was very small for most of the test repetitions. Therefore, a sensitive digital scale with an accuracy of ± 0.01
g was implemented to accurately measure the weight of collected water (Al-Gaadi, 2010). Given that the
weight of collected water was measured in grams and the water density was known to equal 1 g/cm3, the
weight of the collected water was directly used to express its volume in units of cubic centimeters. The
detailed procedures followed to calculate CV and coverage density percentage are outlined in Al-Gaadi, (2010).
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Artificial Neural Network (ANN) Model:
An ANN is viewed as a highly interconnected network made of many simple neurons. Each neuron in the

network maintains only one piece of dynamic information and is capable of only a few simple computations.
The network performs computations by propagating changes in activation between the neurons (Rajasekaran
et al., 2002). The basic working mechanism of a neuron is shown in Fig. (3), where the neuron receives a
series of inputs, each carrying a specific synaptic weight. The result is filtered by an activation function that
generates an output signal with certain intensity, which serves as the stimulus for the next neuron (Haykin,
1999).

There are many types of ANN structures and training algorithms. Different neural network structures
(systems of connections between neurons) are used for different purposes, such as approximating relationships
between variables.  In many network types, a feed forward neural network with back propagation structure is
used.  The basis of this structure is that the signals coming from the previous layer are processed and then
the output is transmitted to the next layer (Özbek and Fidan, 2009).

Due to their important advantages, feed forward artificial neural networks (ANN's) are currently being used
in different applications with a great success. One of their important advantages is that they do not require the
user to specify them a problem solving algorithm, however, they use examples as a learning means simulating
the brains of human beings. The second main advantage is represented by their ability to possess an inherent
generalization capability. This advantage makes these ANN's capable of identifying and responding to situations
that are similar, but not identical, to the ones with which they have been trained. Examples of the modeling
of the performance parameters of agricultural machinery using artificial neural network are limited (Anantachar
et al., 2010) .

In this study, a feed forward ANN model was designed using the commercially available software of
QNET 2000 for WINDOWS (Vesta Services, 2000). Neurons, in feed forward ANN's, are organized in several
layers, where the first is the input layer (fed by a pattern of data) and the last is the output layer, which
provides the answer to a specific problem utilizing the input data. Several layers called hidden layers can exist
between the input and the output layers (Anantachar et al. 2010). The input layer of the proposed ANN model
consisted of the nodes corresponding to the variables of application rate and boom height. However, the output
layer, representing the variables to be estimated, consisted of the two nodes related to the coefficient of
variation and the coverage density percentage.

The produced field data sets (a total of 24) were randomized, where 18 sets were randomly selected by
the software to be used for training the ANN model. The Sigmoid transfer function of neuron activation in
the hidden layer was chosen (Vesta Services, 2000). Prior to their use in the model, the input and the output
values were normalized between 0.15 and 0.85 according to the following equation:

  (2)min

max min

( ) (0.85 0.15) 0.15
t t

X X t
t t


    



Where t is the original values of input and output variables, X is the normalized value, tmax and tmin are
the maximum and minimum values of the input and the output variables, respectively.

The final step in neural network activity was the denormalization of output. The architecture of the
employed ANN model was selected based on the results of preliminary investigations (data is not included).
Fig. (4) illustrates the developed ANN model, which was characterized by the parameters shown in Fig. (5).
Root mean square error (RMSE) during training and testing processes are shown in Fig. (6) and (7),
respectively.

Performance Evaluation:
At different combinations of application rates and boom heights, data points collected during field

experiments were used to calculate the values of the two spray application characteristics of coverage density
percentage and coefficient of variation (CV) for the deposited spray. The performance of the ANN model
developed in this study was evaluated by comparing the model predicted values of the two characteristics to
the calculated ones. The coefficient of determination (R2) was selected to measure the linear correlation
between the calculated and the predicted values. In addition, the statistical measures of root mean square error
(RMSE) and mean absolute error (MAE) were also computed to reveal the differences (errors) between the
two sets of values, calculated and predicted.
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Where N is the number of observations. 

Fig. 1: Ground sprayer used in field experiments (taken from Al-Gaadi, 2010).

Fig. 2: Pattern table used in the experiments (taken from Al-Gaadi, 2010).

Fig. 3: A single neuron model (taken from Haykin, 1999).
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Fig. 4: The developed ANN model for predicting coefficient of variation and coverage density percentage.

Fig. 5: Network definition and training control parameters.

Fig. 6: Root mean square error during training process.
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Fig. 7: Root mean square error during testing process.

Table 1: The used nozzle types and reference nozzle flow rates.
Nozzle type Reference nozzle flow rate (L/h)
Flat fan - low drift 148.0
Flat fan - low drift 100.8
Flat fan - low drift 77.6
Flat fan 75.8
Hollow cone 107.5
Hollow cone 51.7

RESULTS AND DISCUSSION

Fig. (8) and Fig. (9) show the relationships and coefficients of determination between the calculated and
the predicted values, during the testing process for the coverage density percentage and the CV respectively.
The figures clearly show that the points, during the testing process, are uniformly scattered around the
regression lines with high linear correlations represented by values of coefficients of determination (R2) that
were 0.952 and 0.991 for Figs. 8 and 9, respectively. In Table (2), it can be seen that the ANN model was
more accurate in predicting the coverage density percentage compared to the CV as suggested by the statistical
measures. In general, however, the RMSE and MAE measures showed a small error between the calculated
and the predicted values for the two characteristics (Table 2), suggesting that the employed ANN model was
very accurate in predicting the values of the spray application characteristics. These results suggest that the
model can be used as a reliable tool that can be interrogated for expected distribution uniformity and coverage
density percentage at any values, falling within the range of values in this study, of application rate and boom
height. Therefore, an operator can select, in advance using the model, the combination of application rate and
boom height that would produce the optimum operation in terms of distribution uniformity and coverage
density percentage.

Using the weights obtained during the training process of the ANN model, new formulas were obtained
for the calculation of coverage density percentage and coefficient of variation for a field ground sprayer (Annex
A). These formulas could be employed with any programming software or spreadsheet program for the
estimation of coverage density percentage and coefficient of variation for the purpose of managing a field
sprayer for optimum chemical application.

Fig. (10) and Fig. (11) illustrate a color distribution of the predicted CV and coverage density percentage,
respectively, due to boom height  and application rate. It can be seen in Fig. (10) that the lowest CV of 10%,
hence best distribution uniformity, occurred at a boom hieght in the rang of 50-60 cm and an application rate
in the range of 200-400 L/ha. The general trend in this figure is that the CV is inversely proportional to the
boom height and the application rate within the ranges specified in the figure. Fig.(11), however, shows that
the highest coverage density percentage of 60 occurred at a value of a boom hieght between 40 and 60 cm
and an application rate between 400 and 500 L/ha. The coverage density percentage is, in general, proportional
to both of the application rate and the boom height. This is attributed to the fact that higher application rate
and boom height result in more spray volume deposited in the target surface and greater nozzle overlap,
respectively.
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Assuming an average nozzle flow rate of 93 L/h, application rates were calculated using Eq. 1 at three
nozzle spacing of 50 cm, 60 cm and 70 cm and a range of ground speed between 2.75 and 7.50 km/h. Along
with a constant boom height of 60 cm, the new data set was used as an input to the ANN model to predict
the values of the two application characteristics of coverage density percentage and CV. At each nozzle
spacing, the application rate is a direct function of the changing ground speed, therefore, the ground speed and
nozzle spacing can be used, along with the flow arte, as control variables of the application rate. The purpose
was to illustrate an example of how to utilize the ANN model to manage a ground sprayer application through
changing the ground speed. At a specific nozzle spacing and boom height, the model was used to predict the
resulting CV and coverage density percentage as the ground speed changed (Figs.12 and 13). A polynomial
relationship was found to be the best fit for the correlation between the ground speed and the predicted CV
for the three nozzle spacing values. At 60 cm boom height, the R2 values for this relationship were 0.69, 0.76
and 0.57 for the 50 cm, 60 cm and 70 cm nozzle spacing, respectively (Fig. 12). Fig. (13), however, depicts
a good correlation in the form of polynomial relationship (best fit) between ground speed and predicted
coverage density percentage for the same nozzle spacing values at 60 cm boom height. The R2 values were
0.89, 0.96 and 0.96 for the 50 cm, 60 cm and 70 cm nozzle spacing, respectively.

Qnet2000 neural network software was also used to explore the magnitude of the influence of each
individual variable in the network outcome (Vesta Services, 2000). The relative influence of each of the input
variables upon predicted coverage density percentage and CV was presented as a percentage contribution of
each variable to the network predictions (Fig. 14). It can be deduced from Fig. (14) that the major contribution
to the coverage density percentage was attributed to the input variable of application rate with a contribution
percentage of above 75. Hence, the accuracy at which the application rate was calculated would greatly
influence the resulting predicted coverage density percentage within the boundaries of the training data set used
in this paper. In contrary, the influence of the application rate on the CV was low with a contribution
percentage of less than 18. The boom height, however, was found to greatly influence the predicted CV with
a contribution percentage of above 82, which was in agreement with the findings reported by El-Khawaga
(2004). A low influence of the boom height on the predicted coverage density percentage was observed (less
than 25 % contribution).

Fig. 8: The relationship between calculated and predicted coverage density percentage during testing process.

Table 2: Error statistics for predicted coverage density percentage and coefficient of variation.
Error items Coverage density percentage Coefficient of variation

-------------------------------------------- --------------------------------------------------------
Testing Training Testing Training

Root mean square error (RMSE), % 1.192 0.412 3.231 1.181
Mean absolute error (MAE), % 1.079 0.3032 2.018 0.849
Coefficient of determination (R2) 0.991 0.988 0.952 0.99
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Fig. 9: The relationship between calculated and predicted coefficient of variation during testing process.

Fig. 10: Variation of predicted CV due to boom height and application rate.

Fig. 11: Variation of predicted coverage density percentage due to boom height and application rate.
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Fig. 12: Ground speed versus predicted CV for three nozzle spacing values at 60 cm boom height.

Fig. 13: Ground speed versus predicted coverage density percentage for three nozzle spacing values at 60 cm
boom height.

Fig. 14: Effects of input variables on ANN model output.
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Conclusions:
An Artificial Neural Network (ANN) model was designed and evaluated for its performance in predicting

the two application characteristics of coverage density percentage and distribution uniformity out of a ground
field sprayer. The model performance evaluation was conducted by training the model against values of the
two characteristics calculated from actual field data. Specific conclusions of this study can be listed as follows:
C For the coverage density percentage, ANN model predicted values were compared to the calculated ones.

Comparison of the two data sets during testing process revealed that the RMSE, MAE and R2 values were
1.192%, 1.079 % and 0.991, respectively. However, for the distribution uniformity, represented by the CV
values, these statistic measures were calculated at 3.231%, 2.018 % and 0.952, respectively.

C Results of testing the prediction performance of the ANN model showed that the model was accurate in
predicting the two application characteristics. Therefore, the model was thought to be an effective and
reliable management tool to optimize ground sprayer liquid agrochemical applications.

C The ANN model was interrogated for predicted CV and coverage density percentage at different
application rates, represented by different ground speed values, at a fixed boom height of 60 cm and three
different nozzle spacing values. For 50 cm, 60 cm and 70 cm nozzle spacing, the R2 values of the
polynomial relationship between ground speed and predicted CV were 0.69, 0.76 and 0.57, respectively.
However, the R2 values of the polynomial relationship between ground speed and predicted coverage
density percentage were 0.96, 0.96 and 0.89 at 50 cm, 60 cm and 70 cm nozzle spacing, respectively.

C The influence of each input variable, represented as a percent contribution, on the output results was
explored. The boom height was found to have a great effect on the predicted CV and a small effect on
the predicted coverage density percentage with contribution percentages of 82.14 and 24.36, respectively.
In contrary to the CV, the predicted coverage density percentage was highly influenced by the application
rate with contribution percentages of 17.86 and 75.63 for the CV and the coverage density percentage,
respectively.

Annex (A):
Based on the training process of the ANN model, the following equations were used to predict the

coverage density percentage (CDP) and the distribution uniformity, represented by the CV, of a liquid spray
application on a targeted surface:
Step 1: 
Normalize the original input variables as follows:

         (a-1)
( , 15) (0.85 0.15)

1 0.15
(60 15)

boom height cm
X

 
 



         (a-2)
( , / 172) (0.85 0.15)

2 0.15
(493 172)

applicaftion rate L ha
X

 
 



Step 2: 
Compute the sum of input signals as follows:

S1 = 5.4124 × X1 + 3.20653 × X2 - 0.96419          (a-3)

S2 = 1.37569 × X1 + 12.22473 × X2 -1.991.04          (a-4)

S3 = 4.75177 × X1 + 9.13887 × X2 - 7.52724          (a-5)

S4 = -4.43462 × X1 + -7.43693 × X2 + 2.00677          (a-6)

S5 = 2.36072 × X1 -6.61459 × X2 + 1.31927

S6 = 1.77082 × X1 + 2.19057 × X2 -2.63267 

S7 = -1.67509 × X1 -13.6322 × X2 + 0.803714
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S8 = 0.90571 × X1 + 7.62893 × X2 -3.47336

Step 3: 
Apply the sigmoid transfer function on the sum of input signals as follows:

       (a-11) 
1

1
1

1 S
F

e


       (a-12) 
2

1
2

1 S
F

e


       (a-13) 
3

1
3

1 S
F

e


       (a-14) 
4

1
4

1 S
F

e


        (a-15)
5

1
5

1 S
F

e


       (a-16) 
6

1
6

1 S
F

e


        (a-17)
7

1
7

1 S
F

e
  

       (a-18) 
8

1
8

1 S
F

e


Step 4: 
Compute the sum of hidden signals as follows:

Y (CV) = -2.93677 × F1 + 5.81053 × F2 - 5.29408 × F3 + 6.47464 × F4 + 2.80268 × F5 -2.61213 × F6
- 6.57474 × F7 + 0.57419 × F8 + 2.087        (a-19) 

Ya (CDP) = -0.72987 × F1 + 4.97762 × F2 -0.34537 × F3 - 1.66835 × F4 -0.71981 × F5 + 3.49471 × F6
-3.26148 × F7 - 5.15936 × F8 + 0.62407        (a-20) 

Step 5: 
Compute the normalized output signals (XCV) and (XAP) as follows:

        (a-21)
( )

1
( )

1 Y CV
XCV CVnormalized

e 
  

        (a-22)
( )

1
( )

1 Ya CDP
XAP CDPnormalized

e 
  

Step 6: 
Denormalize the output signals (CV and CDP) as follows:
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       (a-23) 
( 0.15) (49.4 8.5)

(%) 8.5
(0.85 0.15)

XCV
CV

 
 



        (a-24)
( 0.15) (63.4 47.4)

(%) 47.4
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