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Abstract: - Agricultural sector area plays major role in Indian economy. This paper shows research comparison
in between MLP Feed Forward Neural Network, Generalized Regression Neural Network and Radial-Basis
Function Neural Network in the field of Wheat yield prediction using Z-score Normalization method. The
outcome represents that GRNN present better prediction results as compared to FFNN and RBNN. Eight
different parameters are used in all these models which effect the wheat yield production like Area, Rainfall,
Temperature, Seed Distribution, Fertilizer (P, N, and K) and Minimum selling price (MSP). GRNN presents
better filtered result for next six years for wheat yield by applying varying input parameter vectors.
Keywords: - Minimum Selling Price (MSP), Yield, Nitrogen, Phosphorus, Potassium, Production, Feed
Forward Neural Network (FFNN), Generalized Regression Neural Network (GRNN), Radial Basis
Function Neural Network (RBFNN),
1. INTRODUCTION
Agriculture sector plays a major role in Indian
economy and wheat is major crop product which
effects the agricultural sector growth. Wheat yield
production effected by many factors those effect
the wheat production by controlling those factors
we can improve the wheat production. The major
factors are area of cultivated land, total rain fall in
that year, seed distribution, fertilizer distribution
(N, P, and K), minimum selling price and
Temperature. There are also many more factors but
these are majors which effect the wheat production.
So prediction of wheat in advance can improve the
production of wheat for that year. There are many
tools for prediction but Artificial Neural Network is
most efficient prediction tool. The major Neural
Networks for prediction are Multi Layers
Perception Feed Forward Neural, Generalized
Regression Neural Network and Radial Basis
Function Neural Network. These are used in this
paper. Here we describe the comparison in between
MLP Feed Forward Neural Network, Generalized
Regression Neural Network and Radial-Basis
Function Neural Network in the field of
Agricultural for Wheat yield prediction. Heping
Pan, et al., presented a computational approach for
predicting the Australian stock market index –
AORD using multi-layer feed-forward neural
networks from the time series data of AORD and
various interrelated markets. Christopher Gan, et
al., presented interest in applying artificial neural
networks (ANN) to analyze consumer behaviour

and to model the consumer decision-making
process [1]. Mahdi Pakdaman Naeini, et al.,
presented two kinds of neural networks, a feed
forward multilayer Perception (MLP) and an Elman
recurrent network, are used to predict a company‟s
stock value based on its stock share value history
[2]. Nekoukar et al., have used radial basis function
neural network for financial time-series forecasting,
and the result of their experiment shows the
feasibility and effectiveness. Geetha, et al., have
predicted Rainfall in Chennai using back
propagation neural network model, and in their
research the mean monthly rainfall is predicted
using ANN model. Jyothi Patil, have attempted to
comprehend the pest population dynamics by
applying analytical and other techniques on pest
surveillance data sets. [3]
2. NEURAL NETWORK MODEL
Artificial neural networks (ANNs) are networks of
simple processing elements (called „neurons‟)
operating on their local data and communicating
with other elements. The design of ANNs was
motivated by the structure of a real brain, but the
processing elements and the architectures used in
ANN have gone far from their biological
inspiration. There exist many types of neural
networks. But the basic principles are very similar.
Each neuron in the network is able to receive input
signals, to process them and to send an output
signal. Each neuron is connected at least with one
neuron, and each connection is evaluated by a real
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number, called the weight coefficient, that reflects
the degree of importance of the given connection in
the neural network. In principle, neural network has
the power of a universal approximation, i.e. it can
realise an arbitrary mapping of one vector space
onto another vector space. The main advantage of
neural networks is the fact, that they are able to use
some a priori un- known information hidden in data
(but they are not able to extract it). Process of
„capturing‟ the un- known information is called
„learning of neural network‟ or „training of neural
network‟. In mathematical formalism to learn
means to adjust the weight coefficients in such a
way that some conditions are fulfilled. The basic
diagram of neural network is given below with
inputs and weights and those are forwarded next in
the figure by neurons, at last output is generated.

Hidden layer(s) (one or more layers): Its nodes
combine the inputs with weights that are adapted
during the learning process.
Output layer: This layer provides the estimations
of the network [5].In these networks, the output is
function of the linear combination of hidden units'
activations; each one is a non-linear function of the
weighted sum of inputs:
Y = f(x, θ) + ε

(1)

Where x is the vector of explanatory variables, ε is
the random error component. f(x, θ) = ŷ is the
unknown function for estimation and prediction
from the available data. Consider a MLP with three
layers and one output. The network consists of the
following form:
𝑚

Fig-1 Basic structure of Neurons in Network
Model
There exist two main types of training process:
supervised and unsupervised training. Supervised
training (e.g. multi-layer feed-forward (MLF)
neural network) means, that neural network knows
the de- sired output and adjusting of weight
coefficients is done in such way, that the calculated
and desired outputs are as close as possible.
Unsupervised training means, that the desired
output is not known, the system is provided with a
group of facts (patterns) and then left to itself to
settle down (or not) to a stable state in some
number of iterations[4]. Here we are presenting the
three different neural networks for prediction the
wheat yield. That basic information is given in next
sub sections.
2.1 Feed Forward Neural Network: Among the
different networks, the feed forward neural
networks or multi layer perception (MLP) are the
most commonly used in engineering science. MLP
networks are normally arranged in three layers of
neurons, the so called multilayer structure:
Input layer: its neurons also called nodes or
processing units) introduce the model inputs.

Ŷ = F (u0 + 𝑗 =1 H(λj + 𝑛𝑖=1 xiθij) uj )
(2)
Where:
Ŷ: Network output,
F: output unit activation function,
H: hidden unit activation function,
n: number of input units, m: number of hidden
units,
xj: input vector for unit j (xij = ith input to the j
unit),
θij: weight from input layer i to hidden unit j,
u0: output bias,
λj: hidden units biases ( j = 1 . . . m),
uj: weights from hidden unit j to output ( j = 1 . . .
m)
Another critical issue in ANNs is the neural
learning or model estimation based upon searching
the weights that minimize some cost function such
as square error:
Min [E (Y – f (x, θ))2 ] θ ε Θ

(3)

The most popular learning algorithm is the Back
Proportion (BP).BP learning is a kind of supervised
learning introduced by Werbos (1974) and later
developed by Rumelhart and McClelland
(1986)[5]. Desirable output for input set is made by
this algorithm. Error in each neuron is the
difference between ANN output and real output.
The interconnections weight and threshold value in
each neuron is adjusted to minimize the error. Let E
denote error function. In this algorithm for reducing
error, the weights vector (u) is adjusted. For this
E/θ is calculated.
Let: oj = output of unit j,
Θij: weight from input layer i to hidden unit j,
Zj: θj. xj the weighted sum of inputs for unit j,
By applying chain rule, we have:
∂E
∂θji

∂E

∂Zj

= (∂Zj )( ∂θji )

2937
ISSN: 2278 – 7798

All Rights Reserved © 2015 IJSETR

International Journal of Science, Engineering and Technology Research (IJSETR), Volume 4, Issue 8, August 2015

It is proof that
-

∂E
∂θji

∂E

= δi. Oj

That : ∂Zj = δi

Thus:

∆θji = ηδi Oj
θji(k+1) = θji(k) + ηδi Oj
This algorithm process can be as follows:
∂E

θ (k+1) = θ(K) – η (k)
∂θ
Or

(4)

θ (k+1) = θ(K) + η ∆ f (x, θ) [Y – f (x, θ)]
(5)
BP is an iterative process (k indicators iteration).
Parameters are revised from the error function (E)
gradient by the learning rate η, constant or variable.
The error propagates backwards to correct the
weights until some stoppage criterion – epoch,
error goals – is reached [5]. Adding a term called
momentum can improve this algorithm:
∂E
θ (k+1) = θ(K) + η ∂θ (k) + μ∆ θ (k-1)
After neural training (training set), new
observations (validation and/or test sets) are
presented to the network to verify the so-called
generalization capability. ANNs have advantages,
but logically they also have several drawbacks.
Therefore, ANNs can learn from experience and
can generalize, estimate, predict, with few
assumptions about data and relationships between
variables. These attributes have made the ANN
approach fairly efficient for problem solving.
Hence, ANNs have an important role when these
relationships are unknown (non-parametric
method) or non-linear (non-linear method),
provided there are enough observations with
flexible form and universal approximation
property. However, the flexibility could cause
learning of the noise. Finally, algorithm
convergence and trial and error process are also
some relevant drawbacks [5].
2.2 Generalized Regression Neural Network:
The GRNN was applied to solve a variety of
problems like prediction, control, plant process
modelling or general mapping problems
[6][7][8].General regression neural network does
not require an iterative training procedure as in
back-propagation method[9][10][11]. The GRNN
is used for estimation of continuous variables, as in
standard regression techniques. It is related to the
radial basis function network and is based on a
standard statistical technique called kernel
regression. By definition, the regression of a
dependent variable y on an independent x estimates
the most probable value for y, given x and a
training set. The regression method will produce
the estimated value of y, which minimizes the

mean-squared error. GRNN is a method for
estimating the joint probability density function
(PDF) of x and y, given only a training set. Because
the PDF is derived from the data with no
preconceptions about its form, the system is
perfectly general. Furthermore, it is consistent; that
is, as the training set size becomes large, the
estimation error approaches zero, with only mild
restrictions on the function. In GRNN, instead of
training the weights, one simply assigns to wij the
target value directly from the training set associated
with input training vector i and component j of its
corresponding output vector [12]. GRNN
architecture is given in Fig. 2. GRNN is based on
the following formula [13].
E[y | x] =

∞
−∞ y f x,y .dy
∞
−∞.f x,y .dy

(6)

Where y is the output of the estimator, x is the
estimator input vector, E[y | x] is the expected
output value, given the input vector x and f(x, y) is
the joint probability density function (pdf) of x and
y. The function value is estimated optimally as
follows:
yj =

𝑛
𝑖=1 hi .wij
𝑛 hi
𝑖=1

(7)

Where wij= the target output corresponding to input
−𝐷 2

training vector xi, hi = 𝑒 2.𝑆𝑝𝑟𝑒𝑎 𝑑 2 , the output of the
hidden layer neuron, for ith neuron D2 = (x-ui)T.(xui), the square distance between the input vector x
and the training vector u, x= the input vector,
ui=training vector i, the center of neuron i,
spread=a constant controlling the size of the
receptive region.

2.3 Radial Basis Neural Network: Radial Basis
Neural Network (RBNN) consists of two layers: a
hidden radial basis layer of S1 neurons, and an
output linear layer of S2 neurons [14]. A Radial
Basis neuron model with R inputs is shown in Fig
Radial Basis Neuron uses the radbas transfer
Function The net input to the radbas transfer
function is the vector distance between its weight
vector w and the input vector p, multiplied by the
bias b. (The ||dist|| box in this figure accepts the
input vector p and the single row input weight
matrix, and produces the dot product of the
two.)The transfer function for a radial basis neuron
is given in equation 8.

radbas (n) = 𝑒 −n

2

(8)
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3. EXPERIMANTAL RESULTS
3.1 Data Collection and Analysis
For this study, we have used 8 main factors as
inputs. We have got all data from Rajasthan
Agricultural Krishi Department, C-scheme, Jaipur,
Rajasthan, India. These data‟s are in annual form
and contain of 20 years from 1993 to 2012. There
are 8 main factors which used in this research are
given below:
a.

Fig-2 Radial Basis Neuron Model
A plot of the radbas transfer function is shown in
Fig given below

b.
c.
d.

e.

f.
Fig-3: radbas transfer function

Cultivated Area: The major area used for
wheat cultivation for the given year. Area
is given in hectors.
Temperature: Minimum and maximum
temperature of that year.
Annual Rain fall: Annual rainfall in taken
for that year from January to December.
Seed Distribution: Seed distributed by the
rajasthan govt. In that particular session
(winter) for wheat.
Fertilizer Consumption: Total N, P and K
consumption in that session for wheat
(Three parameters).
MSP: Minimum selling price decided by
the government of wheat in that year.

3.2 Data Normalization
The collected data from agriculture department
were in different form so that we should have to
arrange those data in a fixed form or in a defined
range for efficient data processing. So here we used
Z-score method for data normalization. The basic
formula used in normalization is given below:
X‟ = (X - A‟) / SA

Fig-4: purelin transfer function
The radial basis function has a maximum of 1 when
its input is 0and it is first layer neuron transfer
function. As the distance between w and decreases,
the output increases. Thus, a radial basis neuron
acts as a detector that produces 1 whenever the
input p is identical to its weight vector w. The bias
b allows the sensitivity of the radbas neuron to be
adjusted. The purelin transfer function provides
output along with n values that given in fig 4.
purelin is a second layer neural transfer function.
Transfer functions calculate a layer's output from
its net input. Radial basis networks can be designed
in a fraction of the time that it takes to train
standard feed forward networks. They work best
when many training vectors are available. Radial
Basis Networks are created with zero error on
training vectors [15].

And

SA =

(9)

𝑖=𝑛 (𝑋𝑖 −𝐴′) 2
𝑖=1

(𝑛 −1)

Where:
X‟: Normalized data in a range (Z-score(x)),
X: Actual value in that year,
A‟: Mean of the distribution X, it is also called
mean of x or average of all values of that parameter
of distribution „x‟,
SA: Standard deviation applied on x parameter,
Xi: Actual ith value.
3.3 Result Analysis
To develop all neural network models we are using
MATLAB tool because NN Tool is very effective
for non linear data and it provides all types of
functions in build by using those functions we can
develop any type of artificial neural network for
any real life application in very less time and in a
very effective manner.
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We are describing all three neural network models
with experimental result below.
3.3.1

Feed forward Neural Network

Fig-5 Feed Forward Neural Network Structure
To create feed forward neural network using
MATLAB we use newff function and in that
function we are using three hidden layers. In input
layer we are applying 8 input parameters as input
vectors and output comes in output layer. Here
tansig function has been used as transfer function in
all three hidden layers because it is most efficient
transfer function for non-linear real life application
data. In all three hidden layers we are using 30, 16
and 8 neurons and according to those neurons we
will adjust the weight matrices and fix the weights
with bias to find efficient results. The LevenbergMarguardt(trainlm) training algorithm is used for
training because this algorithm is most effective
than others training algorithm in respect to time and
memory uses in execution. To measure the
performance of the model we are using Mean
Square Error (MSE) function. Data division in done
randomly by dividerand function in 60, 20 and 20
sets as training sets, validation sets and testing sets
respectively. There are given below some
experimental results by graphs and charts.

Fig-7 Validation Set

Fig-8 Testing Set

Fig-6 Training Set

Fig-9 All Common Set
All these figures fig-3, fig-4, fig-5 and fig-6 shows
the training set, validation set, testing set and all
common set figures respectively.
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Fig-10 Validation performance Index Graph in
MSE

Table-1
Table-1 shows the comparisons in between output
and target values the output values are generated by
the feed Forward Neural Network Model and target
values (Actual values) are the year wise production
values. All these values are in normalized form,
those are generated by the normalization formula.
We can see that there is very little difference in
between both of these values correspondence to the
particular year. It means FFNN model find the best
result for prediction that is with 98% accuracy.
3.3.2

Fig-11 Regression plot in between Output and
Target values

The figures 10 shows that best validation
performance is reached 0.018951 at 0 epoch and
the graph gradually falls down it shown the best
performance. The figure 11 shows the relationship
in between output value and the target value and it
is nearly reached 0.98158. It means it is best
reached at 98% with target value.

Generalized Regression Neural
Network

Generalized regression neural networks are a kind
of radial basis network that is often used for
function
approximation. GRNNs can be
designed very quickly NEWGRNN (P, T,
SPREAD) takes these inputs, P- R*Q1 matrix of
Q1 input vectors. T- S*Q2 matrix of Q2 target class
vectors. SPREAD - Spread of radial basis
functions, default = 1.0 and returns a new
generalized regression neural network. The larger
SPREAD is, the smoother the function.
Approximation will be. To fit data closely, use a
SPREAD smaller than the typical distance between
input vectors. To fit the data more smoothly use a
larger SPREAD.NEWGRNN creates a two layer
network.
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The first layer has RADBAS neurons, calculates
weighted inputs with DIST and net input with
NETPROD. The second layer has PURELIN
neurons, calculates weighted input with
NORMPROD and net inputs with NETSUM. Only
the first layer has biases.

Fig-11 Generalized Regression Neural Network
Structure

Table-2
3.3.3

Fig-12 Regression plot in between Output and
Target values by GRNN Model

Radial Basis Neural Network

Radial basis networks can be used to approximate
functions. NEWRBE very quickly designs a radial
basis network with zero error on the design vectors.
NEWRBE (P, T, and SPREAD) takes two or three
arguments, P-R*Q matrix of Q input vectors. TS*Q matrix of Q target class vectors. SPREAD - of
radial basis functions, default = 1.0 and returns a
new exact radial basis network. The larger that
SPREAD, is the smoother the function
approximation will be. Too large a spread can
cause numerical problems. NEWRBE creates a two
layer network. The first layer has RADBAS
neurons, and calculates its weighted inputs with
DIST, and its net input with NETPROD. The
second layer has PURELIN neurons, and calculates
its weighted input with DOTPROD and its net
inputs with NETSUM. Both layer's have biases.

Given regression plot with R=0.99998 by
Generalized Regression Neural Network shows that
generalized regression provides data matching
accuracy as 99% and it is more accurate than
FFNN

Fig-13 Radial Basis Neural Network Structure
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3.3.4

Comparison Analysis In Between All
Three Models

All three models find different regressions Feed
Forward Neural Network finds 98%, Generalized
Regression Neural Network finds 99% and Radial
Basis Neural Network finds 100%. Using all these
models we find next 6 years productions by
applying 8 parameters varying inputs and we find
that Generalized Regression Neural Network
provide best result than FFNN and BRNN network
because GRNN network provides better result
when the data set are large or in a wide range, hare
data range is in between -3 to +3 range
(normalization data) So we can say that GRNN
provides more batter result when data will in wide
range or on large samples data. Or we can also say
that GRNN provides batter function approximation
than RBNN. The next 6 years Wheat Prediction
outs are given in the table by each model. The
production outputs are in normalized form and in
original form in table 4 and table 5 respectively.
Fig-14 Regression plot in between Output and
Target values by BRNN Model
This regression plot provides the exact regression
in between output and target values with 100%. It
means RBNN provides more data matching
accuracy than FFNN and GRNN without error.

Table-4 Prediction Data is in Normalize form

Table-5 Data is in simple form (In Tonnes)
4. CONCLUSION

Table-3

India is one of the largest countries that produce
wheat in Asia and use of wheat in many part of this
country is seen widely. For this reason, we have
decided to predict production of wheat in India. In
order to conduct this review, we have used NN as a
prediction tool and chose 8 significant factors in
wheat producing. We gathered data‟s from
Rajasthan Agricultural Krishi department, Jaipur
and used them as an input variables. These factors
are such as area under cultivation, annual average
temperature, annual rainfall, seed distribution,

2943
ISSN: 2278 – 7798

All Rights Reserved © 2015 IJSETR

International Journal of Science, Engineering and Technology Research (IJSETR), Volume 4, Issue 8, August 2015

fertilizer distribution as N, P and K and minimum
selling price (MSP) These data‟s are annual and
contain of 20 years from 1993 to 2012.In other
words we have considered 8 factors as input
factors. In order to get the best NN for this study,
three distinct NN models are tested to find the
optimum model for wheat production. In this way,
we have found best NN model is GRNN for the
output. Max number of neurons in the FFNN model
are first hidden layer is set to 30, second layer is set
to 16 and in third hidden layer is set to 8. All three
models are run 100 times to take care of possible
bias or noise. As shown in table 5 GRNN model for
wheat production provides better result and
consequently is chosen as the preferred or optimum
model. By using the best NN model for our review,
we predict production of wheat for next 6 years as
for 2013 to 2018. The results show that the
proposed GRNN model is a suitable way of
predicting wheat production in comparison to other
FFNN and RBNN models when input data sets are
very large or data sets are in wide range.
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