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Abstract— This paper proposed a parametric feedforward
neural network with fuzzy inputs configured by genetic algorithm
(PFNN FG). Variant sigmoid function was used at different
hidden layers. Fuzzy set theory was employed at the input
layer to make the processing of linguistic variables possible. The
parameters of variant sigmoid function and the fuzzy parameters
were configured by genetic algorithm. A comparative analysis
between PFNNFG and other models on benchmark problems
shows that PFNNFG is comparable with the other methods in
terms of accuracy of the obtained results, but it is much faster.

I. INTRODUCTION

The complexity of plant disease problems requires sophisti-
cated methods and tools for building intelligent systems. Such
systems should be able to (1) learn fast from a mound of
data; (2) deal with knowledge (e.g. rules) as well as with data;
(3) have optimal structure. Several methods and systems have
been developed so far that meet some of the criteria above.
These are methods and systems for: fast learning [1]; optimal
structure [2]; dealing with knowledge [3] [4]. The parametric
feedforward neural network with fuzzy inputs configured by
genetic algorithm (PFNN FG) presented in this paper has
elements from all the works above, but differs from the above
in many aspects.

II. PARAMETRIC FNN

In order to overcome the problem of attenuation and dilu-
tion of error signals which contribute to the slow learning
of Backpropagation(Bp), one way is to enlarge the error
signals in different hidden layers respectively. It is simple
to change the activation functions of different hidden layers
and output layer in order to enlarge the error signals respec-
tively. Semi-linear functions are bounded differentiable real
functions that are defined for all real input values and that
have positive derivatives everywhere. They show a sufficient
degree of smoothness and are also a suitable extension of the
soft limiting nonlinearities. The logistic, hyperbolic Tangent
function (tanh) and the Elliott function from the semi-linear
family are chosen for the hidden layers and output layer to test
the behavior. Fig. 1 shows that the ranges and slopes of the
derivatives by these functions are enlarged correspondingly.

The error signals in different layers can also be changed by
tuning the parameters of the variant sigmoid function [5] :

f(netj(t), b1, b2, b3) =
b1

1 + exp (−b2 netj(t))
− b3 (1)

where
netj(t): net input in unit j in step t;
b1: parameter for the dynamic range of the function;
b2 : parameter for the slope of the function;
b3 : parameter for the symmetry (or bias) of the function.
By regulating these three parameters in different layers the

problem of attenuation and dilution of the error signal can be
reduced. Using different parameter configurations of variant
sigmoid functions in different layers, a parametric network
(PFNN) [6] is therefore formed which is the essential ingre-
dient of the proposed PFNN FG described in the following
sections.
For example: apply variant sigmoid function to Soybean
problem (see section V), the structure is 81−16N−1−8N −19
(4-layer neural network with 81 inputs and 19 outputs, 2 in-
termediate layers each with 16 and 8 neurons). The activation
functions for hidden and output layers are given as:

f(hN−1) =
2

1 + exp (−6netj(t))
− 1 (2)

f(hN ) =
1

1 + exp (−1.6netj(t))
(3)

f(o) =
1

1 + exp (−0.6netj(t))
(4)

The parameters of variant sigmoid function (for the (N −
1)th layer : b1 = 2, b2 = 6, b3 = 1; for the (N)th layer :
b1 = 1, b2 = 1.6, b3 = 0; for the output layer: b1 = 1, b2 =
0.6, b3 = 0) was optimized by employing a genetic algorithm.
The fine tuning of the parameters of the (N − 1)th hidden
layer results in a hyperbolic Tangent function. Fig. 2 shows
that the ranges and slopes of the derivatives by these functions
are much more enlarged correspondingly.

III. FUZZY SET IN PFNN FG

From our point of view, ’neuro-fuzzy’ means the employ-
ment of learning strategies derived from the domain of fuzzy



Fig. 1. Derivatives of the logistic, tanh and Elliott functions

Fig. 2. Derivatives of the variant sigmoid functions

theory to support the development of neural networks. Fuzzy
set-theoretic concepts are incorporated at the input layer,
enabling to handle both linguistic and numeric inputs.

A. Input vector

Consider a multi-layered PFNN (Fig. 3) with
an (n + m)-dimensional pattern (n-dimensional
linguistic inputs and m-dimensional numeric inputs)
Ii = [Ii1, · · · , Iin, Ii(n+1), · · · , Ii(n+m)] is represented as a
(3n + m)-dimensional vector [4].

Ii= [µL(Ii1), · · · , µH(Ii(3n)), Xi(3n+1), · · · , Xi(3n+m)]

= [X(0)
1 , · · · , X(0)

3n , X
(0)
(3n+1), · · · , X(0)

(3n+m)] (5)

where the µ values indicate the membership functions of
the corresponding linguistic π-sets low (L), medium (M), and
high (H) along each feature axis and the X (0) values refer to
the activations of the (3n + m) neurons in the fuzzy input
layer. When the input feature Ij is numeric,

π(Ij , c, λ) =




2(1 − ‖Ij−c‖
λ )2, λ

2 ≤ ‖Ij − c‖ ≤ λ

1 − 2(‖Ij−c‖
λ )2, 0 ≤ ‖Ij − c‖ ≤ λ

2

0, otherwise

(6)
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Fig. 3. Neural network with fuzzy inputs

where λ (λ > 0) is the radius of the π-function with c as
the central point. When the input feature Ij is linguistic, its
membership values for the π-sets: low(Lj) , medium(Mj),
and high(Hj) are quantified as:

Lj = {0.95, π(Ij(0.95, cjm, λjm), π(Ij(0.95), cjh, λjh)} (7)

Mj = {π(Ij(0.95), cjl, λjl), 0.95, π(Ij(0.95), cjh, λjh)} (8)

Hj = {π(Ij(0.95), cjl, λjl), π(Ij(0.95), cjm, λjm), 0.95} (9)

where cjl, λjl, cjm, λjm, cjh, λjh indicate the centers and
radii of the three linguistic properties along the jth axis. In
(7) 0.95 means a membership of 0.95 for L, and I j(0.95)
denotes the corresponding feature value Ij at which the
linguistic property L attains membership values of 0.95.
π(Ij(0.95), cjm, λjm) refers to the membership attained by
the π-set M for that Ij which caused π-set L to have a
membership value of 0.95. Similarly, π(Ij(0.95), cjh, λjh)
refers to the membership attained by the π-set H for that
Ij which caused π-set L to have a membership value of 0.95.
Let a sample pattern has for example 3 linguistic componets
I1, I2, I3. This is mapped to the nine-dimension according to
the equations (7)(8)(9).

Note that we could have used more linguistic variables at
the expense of increased computational complexity.

B. Rule extraction

The rule extraction method derived from compensating
system [3] can extract rules from any trained feedforward
neural networks. Consider a PFNN with a fuzzy input layer
and two hidden layers ((N − 1) and (N)) such that all nodes
have a variant sigmoid function f (an S-activation function
[3]). The network has n numeric inputs and m linguistic inputs
and an output layer with linear function.

The output of the jth hidden node (j = 1, · · · , R) of the
(N − 1)th hidden layer is given by:

O
(N−1)
j = f(vj0Xo + · · · + vj(3n+m)X(3n+m)) (10)



Bias θj is included as a weight associated to an extra input I0

with the constant value 1. The output of the kth hidden unit
(k = 1, · · · , S) at the (N)th hidden layer is:

O
(N)
k = f(wk1O

(N−1)
1 + · · · + wkRO

(N−1)
R ) (11)

According to definition in [3], the output of the node may be
expressed as:

ON
k = f(wk1O

(N−1)
1 ) ⊗ f(wk2O

(N−1)
2 ) ⊗ · · ·

⊗f(wkRO
(N−1)
R ) (12)

where ⊗ denotes the symmetric sum [7]. The weights may be
associated as a new parameter of the S-activation functions,
modifying their slope. Accordingly,

ON
k = f (wk1)(O(N−1)

1 ) ⊗ f (wk2)(O(N−1)
2 )

⊗ · · · ⊗ f (wkR)(O(N−1)
R ) (13)

Similary,

ON−1
j = f (vj0)(X0) ⊗ f (vj1)(X1) ⊗ · · ·

⊗f (vj(3n+m))(X(3n+m)) (14)

So

ON
k = ⊗R

j=1(f
(wkj))(O(N−1)

j )

= ⊗R
j=1(f

(wkj))(⊗(3n+m)
i=0 f (vji)(Xi)) (15)

Since f (wji)(Xi) may be given the interpretation of a right
(left) open fuzzy set on Xi (depending on whether vji is posi-
tive (negative)), then Oj represents the generalized symmetric
sum of the degree of satisfaction of the corresponding fuzzy
sets.

This equation may be given the following interpretation:
”IF I0 is bounded by T0 and X1(i.e.I1L) is bounded by T1

· · · and X(3n)(i.e.InH) · · · X3n+m(i.e.In+m) is bounded by
T(3n+m) THEN O is given by the (generalized) symmetric
sum of their degrees of satisfaction”

where ”bounded” denotes ”at least” if the corresponding
weight v is positive or ”at most” if v is negative, and Ti is
the linguistic label associated to the fuzzy set represented by
f (vji). The value of the argument with membership 0.9 will
be used as reference to apply the conditions ”at least” or ”at
most”, respectively. The output rule is a linear combination of
the rules generated at the hidden nodes.

IV. GENETIC ALGORITHM IN PFNN FG

It would be a time consuming and uncertain task to find
out good initial parameter configurations by hand. The con-
figuration of parameters can be solved by genetic algorithm
(GA) since it can be converted to an optimization problem.
The application of a GA can be divided into three parts of
work: optimizing of the initial weigh, fuzzy parameters and
the parameters of variant sigmoid functions.

A. Chromosomal representation

During learning a feedforward neural network (FNN)
searches for the set of connection weights that corresponds
to some local minima. In other words, it searches for that set
of weights that minimizes the difference between the target
vector and the actual output (obtained by the FNN). Note
that there may be a large number of such minimum values
corresponding to various good solutions. If we initially set
these weights so as to be near one such good solution, the
searching space may be reduced and learning thereby becomes
faster. Therefore sufficient reduction in training time can be
obtained, because a very small number of training cycles
are required when the network is already very close to the
solution.

GAs represent the parameters for the given problem by the
chromosome which may contain one or more substring(s).
Each chromosome, therefore, contains a possible solution to
the problem. The problem variables consist of the weight
values, the input fuzzification parameters and the parameters
of variant sigmoid functions.

The links are initialized to small random values, which
forms part of the initial population of the GA. The algorithm
then searches through the space of network topologies. Each
of the weights is encoded into a binary word of 16 bit length,
where [000 · · ·0] decodes to -128 and [111 · · ·1] decodes to
128. An additional bit is assigned to each weight to indicate
the presence or absence of the link. If the GA results in
the absence of a link from a hidden unit, this unit will
be eliminated. So the number of hidden units is also be
optimized by GA. This results in an optimal structure of NN
which benefits the rule extraction of NN because the more
complicated the topology of a feedforward neural network
though, the heavier the burden on the interpretability of the
possibly chained extracted rules.

The fuzzification parameters tuned are the centers(c) and
radius(λ) for each of the linguistic attributes low, medium and
high of each feature. These are also coded as 16 bit strings in
the range[0, 2].

Another part of the phenotype of each solution (individ-
ual) consists of the three parameters of the variant sigmoild
functions for the hidden layer(s) respectively. Every parameter
is represented by 10 bits. For parameter b1 and b2 the input
range is [0.01, 5], for b3 it is [−8, 8].

The chromosome is obtained by concatenating all the above
strings. An initial population size (Ps) of 64 was considered.

B. Implementation

1) Crossover: It is obvious that due to the large string
length, single point crossover would have little effectiveness.
Multiple point crossover is adopted, with the distance between
two crossover points being a random variable between 8 and
24 bits. This is done to ensure a high probability for only one
crossover point occurring within a word encoding a single
weight. The crossover probability (Pc) is fixed at 0.7.



2) Mutation: The search string being very large, the influ-
ence of mutation is more on the search compared to crossover.
The maximum value of Pm is chosen to be 0.4 and the
minimum value as 0.01. The mutation probabilities vary along
the encoded string, the bits corresponding to initial links and
sigmoid function parameters being assigned a probability Pm

(i.e., the value of Pm at that iteration) and fuzzy parameters
assigned a probability Pm/10. This is done to ensure least
alterations in the structure of the individual modules already
evolved.

3) Choice of fitness function: An objective function is
chosen as

F =
No. of Correctly Classified Sample

Total No. of Samples
(16)

Note that we optimize the network connectivity, weights,
input fuzzification parameters and variant sigmoid function
parameters simultaneously.

Selection is done by the roulette wheel method. Elitism
is incorporated in the selection process to prevent oscillation
of the fitness function with generation. The fitness of the
best individual of a new generation is compared with that
of the current generation. If the latter has a higher value
the corresponding individual replaces a randomly selected
individual in the new population.

The incorporation of neural network training into GAs can
be summarized as follows. Initial configurations were set in
the appropriate units of all layers. Then the neural network is
trained with a given problem data. In every cycle all patterns of
the problem data are trained once and the deviations (network
output minus desired output) are accumulated to a mean
squared error giving the whole learning error of the cycle. The
GA so tends towards individuals resulting in more correctly
classified examples in training set for a problem.

• Step1: Set the values of the parameters for GA: maxi-
mum number of generation (Gn), population size (Ps),
crossover rate (Pc), and the mutation rate (Pm).

• Step2: Construct initial population P (0).
• Step3: Decode the chromosome of each individual in the

population and give a fitness value to each individual in
the population by (16).

• Step4: Evolve the new population P (i+1) by reproduc-
tion, crossover and mutation.

• Step5: Increase the generation number by replacing old
generation with new generation P (i) = P (i+1). During
the replacement, preserve an individual which has the
maximum fitness value by the elitist reproduction.

• Step6: Repeat Steps3-5 until the satisfactory population
appears or the generation number is reached to Gn, or
the fitness function is not increased for the prescribed
number of generations.

V. RESULTS OF BENCHMARK DATASETS

A. Discription of datasets

The research reported here is based on data from the
Proben1 benchmark set [8]. These benchmarks are the Dia-
betes, Cancer, Glass, Soybean and Thyroid problems. The data

sets representing all these problems are real-world data. In this
work, all data sets representing the problems are divided into
three sets: the training set, the validation set and the test set.
The numbers of examples in the training set, validation set
and test set are given as in [8] in order to make comparison
with this work possible.

1) The Diabetes problem: Diabetes data are diagnose
diabetes of Pima Indians based on personal data (age, number
of times pregnant) and the results of medical examinations
(e.g. blood pressure, body mass index, result of glucose
tolerance test, etc.), try to decide whether a Pima Indian
individual is diabetes positive or not. It has 768 examples
with 8 inputs and 2 outputs. Due to a relatively small data set
and high noise level, the diabetes problem is one of the most
challenging problems in machine learning.

2) The Cancer problem: Breast cancer dataset classifying a
tumor as either benign or malignant based on cell descriptions
gathered by microscopic examination has input attributes for
instance the clump thickness, the uniformity of cell size and
cell shape, the amount of marginal adhesion, and the frequency
of bare nuclei. It has 699 examples with 9 inputs and 2 outputs.

3) The Glass data: 214 Glass data with 9 inputs and 6
outputs classify glass types. The results of a chemical analysis
of glass splinters (percent content of 8 different elements)
plus the refractive index are used to classify the sample to be
either float processed or non float processed building windows,
vehicle windows, container, tableware, or head lamps.

4) The Thyroid data: Since all the above-mentioned prob-
lems were small classification problems, we chose Thyroid
data with 7200 examples and a 19-class Soybean problem
as two large problems for comparative purpose. Thyroid data
try to decide whether the patient’s thyroid has overfunction,
normal function or underfunction based on patient query data
and patient examination data. Each of examples consisted of
21 inputs and 3 outputs.

5) The Soybean problem: The Soybean is well known in
the machine learning and neural networks communities. It is a
classification problem with 683 examples. It has 35 inputs and
19 outputs. The discrimination is done based on a description
of the bean (e.g. whether its size and color are normal) and the
plant (e.g. the size of spots on the leafs, whether these spots
have a halo, whether plant growth is normal, whether roots are
rotted) plus information about the history of the plant’s life
(e.g. whether changes in crop occurred in the last year or last
two years, whether seeds were treated, how the environment
temperature is). This is the problem with the highest number
of classes in the benchmark set. The 26th input attribute ”int-
discolor” is originally encoded as 4-bit binary string. Since
”no discolor”, ”black”, ”brown” are fuzzy terms, here they
are mapped to 12 fuzzy inputs according to equations (7), (8)
and (9).

B. Results

A comparative study on the performance of PFNN FG
versus FNN, Radial Basis Function (RBF) network, network
using (Pruned) Cascade Correlation (CC/PCC) algorithms is



TABLE I

RESULTS OF CANCER DATASET

Algo. Hidd. Param.a error accuracy epochs
units (%) (%)

PCC 8 93 2.87 96.55
PFNN 4+2 Sb:100 1.15 95.98 110

NSc: 56 2.30 97.70 140
RBF Gd 10 122 1.72 97.13 45

PFNN FG 4 45e 2.30 97.70 55

alinks+bias
bshortcut connections
cwithout shortcut connections
dwith Gaussian function
einstead of 50(NS) or 68(S)

TABLE II

RESULTS OF GLASS DATASET

Algo. Hidd. Param. error accur. epochs
units (%) (%)

PCC 19 237 15.09 56.60
PFNN 8 S:188 16.98 49.06 90

NS:134 16.98 49.06 120
RBF Sa 10 166 9.43 37.74 100

PFNN FG 8 122b 15.01 60.60 120

awith thin plate spines function
binstead of 134(NS) or 188(S)

TABLE III

RESULTS OF DIABETS DATASET

Algo. Hidd. Param. error accur. epochs
units (%) (%)

CC 33 381 28.65 68.23
PFNN 2+2 S:66 9.43 71.70 90
RBF S 90 992 19.79 71.88 150

PFNN FG 5 61a 10.50 78.00 120

ainstead of 57(NS) or 73(S)

TABLE IV

RESULTS OF SOYBEAN DATASET

Algo. Hidd. Param. error accur. epochs
units (%) (%)

CC 2 1781 2.94 80.59
2+5 2297 4.71 76.47

PFNN 16+8 S:4153 5.29 85.88 780
NS:1635 5.29 88.24 700

2 S:1781 4.17 85.29 40
NS:223 12.94 43.53 5000

RBF G 20 2059 3.53 79.41 780
RBG Ma 20 2059 4.12 80.00 780
PFNN FG 12 1605b 5.23 88.21 700

awith multi quadratic function
binstead of 1243(NS) or 2801(S)

TABLE V

RESULTS OF THYROID DATASET

Algo. Hidd. Param. error accur. epochs
units (%) (%)

PCC 26+3 428 1.22 97.0
PFNN 16+8 S:794 0.94 97.17 100
RBF S 10 253 7.28 92.72

PFNN FG 9 163a 1.15 97.17 120

ainstead of 228(NS) or 291(S)

done, and illustrated in tables I through V. In these tables the
colomn labeled ”error” gives the percentage of wrong classi-
fied samples, meanwhile the colomn labeled ”accuracy” gives
the percentage of correct classified samples. The difference
to 100% corresponds to rejected samples. Classification is
given with Analyzing function of SNNS [9] with the following
criterion: a pattern is classified correctly if: the output of
exactly one output unit is ≥ h; the ”teaching output” of this
unit is the maximum teaching output(> 0) of the pattern;
and the output of all other output units is ≤ l. A pattern
is classified incorrectly if: the output of exactly one output
unit is ≥ h; the ”teaching output” of this unit is NOT the
maximum ”teaching output” of the pattern or there is no
”teaching output” > 0; and the output of all other units is ≤ l.
A pattern is unclassified in all other cases. Default values are:
l = 0.4 h = 0.6.

Networks optimized by PFNN FG performance signifi-
cantly better than other algorithms (networks). Further, that
superior performance is achieved with smaller nets. Redundant
topology of the network is eliminated, without any loss of
classification performance.

As to Glass dataset in table II, two of this dataset have
hardly any correlation with the result. Since the number of
examples is quite small, the problem is sensitive to algorithms.

The problem of Thyroid requires a very good classifica-
tion, because 92% of the patterns belong to one class. So
a useful network must classify much better than 92%. A
further challenge is the large number of training patterns.
CC algorithm is superior to training algorithms using fixed
topologies. Nevertheless the network performance could not
be further improved. The CC algorithm was able to train
networks with 100% recognition rate with respect to the
training set, if sufficient hidden units are used. Nevertheless
generalization ability with respect to the testing set could not
be improved [10]. The network obtained by PFNN FG had the
same performance as PFNN, but only 20% of the weights.

The weights distribution of trained networks with
PFNN FG shows that these networks have most of their
weights values zero while majority of their non-zero weights
have a high value. These networks with strong links are
suitable for rule extraction.

In the experiments made above, RBF networks and FNNs
play very similar roles in that they both provide techniques
for approximating. The success of both networks is highly
dependent on training sets.



VI. CONCLUSION

New degrees of freedom of feedforward neural networks by
using variant sigmoid activation function leads to much faster
learning capabilities than with conventional neural networks.
A suitable initial setting of the parameters can be found by
the application of genetic algorithms. The fuzzy methods are
used in the input layer of network to enable user to input
linguistic variables. Rules are extracted. Number of rules is
the number of hidden units at the N th hidden layer. After
training the PFNN FG with the same training patterns and
testing the network with the same testing patterns, the results
indicate that the hybrid approach can generalize better than
other networks in all five test cases.
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