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Abstract
An adaptive fuzzy inference neural network (AFINN) is proposed in this paper. It has self-construction ability, parameter
estimation ability and rule extraction ability. The structure of AFINN is formed by the following four phases: (1) initial rule
creation, (2) selection of important input elements, (3) identiﬁcation of the network structure and (4) parameter estimation
using LMS (least-mean square) algorithm. When the number of input dimension is large, the conventional fuzzy systems
often cannot handle the task correctly because the degree of each rule becomes too small. AFINN solves such a problem by
modiﬁcation of the learning and inference algorithm.
䉷 2004 Pattern Recognition Society. Published by Elsevier Ltd. All rights reserved.
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1. Introduction
Numeric analysis approach of fuzzy system was ﬁrst presented by Takagi and Sugeno [1] and then a lot of studies have been made [1–11]. Since the systems using fuzzy
theory can express rules or knowledge as “if-then” form,
they have advantages such as they do not need mathematical analysis for modeling. However, they need the appropriate model construction and parameter selection [1–7]. This
kind of fuzzy modeling problem is a troublesome work in
general.
On the other hand, studies of fuzzy neural networks that
combine both advantages of the fuzzy systems and the
learning ability of the neural networks have been carried
out. These techniques can alleviate the matter of fuzzy
modeling by learning ability of neural networks and have
been reported since around the beginning of 1990s [2,3].
Fuzzy neural networks can be applied not only for simple
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pattern classiﬁcation but also meaningful fuzzy if-then rules
creation; therefore, they can be put into practice for various
applications. In the early stage of fuzzy neural network
researches, Lin et al. [2] proposed one of the current prima
models which decide the initial fuzzy model by Kohonen’s self-organizing algorithm [8] and carry out parameter
adjustment by back propagation algorithm. Also as a representative example, Jang et al. proposed ANFIS [9] in 1993.
ANFIS applies a neural network in determination of the
shape of membership functions and rule extraction. However, since it needs to divide the input data space in advance,
accuracy of the system depends much on the achievement of
this pre-processing. Wang et al. [10] reported an approach
to acquire fuzzy rules by dividing input space. These techniques, however, do not consider the output data space, so
the obtained rules should not be always reasonable. Nishina
et al. proposed fuzzy inference neural network (FINN) [11].
FINN is a simple and effective fuzzy neural network that
divides input–output data space and extracts fuzzy if-then
rules automatically. Likewise many other fuzzy neural networks, FINN decides initial rules by self-organizing learning
at ﬁrst, then carries out merging rules based on Euclidean
distance and uses LMS (least-mean square) algorithm
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to adjust the parameters. Since the architecture and behavior of FINN are very applicable, it has been adopted as a
basic component for image recognition and interpretation
researches [12,13]. However, its fuzzy modeling for the
target task is not always sufﬁcient.
A lot of systems which aim at excellent fuzzy modeling
and carry out input selection, rule creation and parameter
estimation have been proposed [4–7,14,15]. Elimination of
unnecessary rules and selection of efﬁcient input elements
can contribute the performance improvement, reduction of
calculation cost and analysis of the obtained rules that is
one of the most important merits of fuzzy systems. In these
researches, Linkens et al. [6,7] reported effective input selection and rule creation method and showed the excellent
results on their experiments. However, since these methods use fuzzy c-means (FCM) based algorithm as well as
[16,17], they have to know the number of proper rules in
advance. In addition, since the algorithms are complicated
and their algorithms and results are presented only for single output system, they have difﬁculty if they are employed
for many applications.
Generally, many fuzzy neural network models have common problems derived from their fundamental algorithm.
For example, the systems which use gradient decent method
sometimes reduce the width of the membership function to
negative during the learning. The systems which employ
basic fuzzy inference theory make the degree of each rule
extremely small and often make it underﬂow when the dimension of the task is large. In such a situation, the learning
and inference cannot be carried out correctly.
In this paper, we propose a new adaptive fuzzy inference
neural network (AFINN) that alleviates these shortcomings
of the conventional models. AFINN carries out appropriate
model construction and solves fuzzy-neuro speciﬁc problems by modiﬁcation of the fuzzy inference and learning
algorithm.
Following four steps perform model construction of the
AFINN:
1. determination of the initial rules by adaptive selforganizing learning;
2. selection of important input elements;
3. determination of the fuzzy neural network model by
adaptive self-organizing learning;
4. parameter estimation using LMS learning.
In Section 2, structure and behavior of the proposed
AFINN are described. In Section 3, the model construction of AFINN including input selection, rule creation and
parameter estimation are explained. In Section 4, three
examples are used to examine the efﬁciency of AFINN.
Conclusions are summarized in the last section.
2. AFINN
To construct appropriate fuzzy model, the following problems should be solved:
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Fig. 1. (a) Structure of the AFINN and (b) its membership function.

1. identiﬁcation of the optimum number of rules;
2. identiﬁcation of the optimum element of inputs;
3. identiﬁcation of the system parameter.
The proposed AFINN aims for the realization of above features and performs fuzzy-modeling based on modeling parameters such as self and self , those are deﬁned later. The
modeling scheme is designed with the simple and versatile
FINN architecture [11]. First, we explain the structure and
the behavior of AFINN.
2.1. Structure of AFINN
An AFINN can divide input–output data space and
provide appropriate rules automatically. Fig. 1 shows the
structure of AFINN. It consists of two layers. One is the
input–output (I/O) layer and another is the rule-layer. The
I/O layer consists of the input-part and the output-part. Each
node in the rule-layer represents one fuzzy rule. Weights
from the input-part to the rule-layer and those from the
rule-layer to the output-part are fully connected and they
store fuzzy if-then rules. Membership functions as premise
part are expressed in the weights. Each weight from the
rule-layer to the output-part corresponds to the estimated
value of each rule. In short, the weights from the input-part
to the rule-layer indicate if-parts of fuzzy if-then rules and
those from the rule-layer to the output-part indicate thenparts. The shapes of membership functions are adjusted
automatically in the learning phase.
2.2. Behavior of AFINN
Suppose that the number of neurons in the input-part,
which is equal to the dimension of the input data, is N1 , the
number of rules is N2 , and the number of neurons in the
output-part, which is equal to the dimension of the output
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data, is N3 . The input data to the AFINN is expressed as
follows:
U = (u1 , u2 , . . . , ui , . . . , uN1 ).

j = (1, 2, . . . , N2 ),

(2)

where ij is the membership value, wij is the center value
of the membership function and ij indicates the width adjusted in the parameter estimation phase explained in Section 3.4.
In the rule-layer, many conventional fuzzy systems calculate the degree of the rule by selecting minimum membership value or multiplying them as follows:
j = min ij ,
i
j =

N1

i

ij .

N1

1/Nadj
ij
.

3. Model construction of AFINN
AFINN has four phases to achieve appropriate input selection, rule creation and parameter adjustment. In this section we explain each of them.
3.1. Initial rule creation
The initial temporal rules are formed in this phase by
adaptive self-organizing learning algorithm. This algorithm
is developed based on that of Linkens [6] and is modiﬁed
to the AFINN structure. It can construct variable structure
in which the number of rules can be changed dynamically
in response to incoming training data. The algorithm is expressed as follows:
Preparation: The lth input vector to the system Il is deﬁned as follows:
 
U
Il =
.
(7)
Y

(3)
Here, the vector Y is the desired data vector in the outputpart of the I/O layer described as
(4)

These calculations, however, often tend to make  extremely
small and sometimes they cause underﬂow when the dimension of the task is large. In such a situation, the learning and
inference cannot be proceeded correctly. In order to solve
such a problem, AFINN calculates the degree of the jth rule
j as
j =

where w̃ij means the value near wij . It should be noted here
that it depends on the value of ij .

(1)

The subscripts i, j, and k refer to the nodes in the inputpart, those in the rule-layer, and those in the output-part,
respectively. Fig. 1(b) shows an example of a membership
function. The bell-shaped membership function represents
the if-part of fuzzy rule, which is placed between the ith input node and the jth node in the rule-layer. The membership
function is expressed as


(ui − wij )2
ij = exp −
,
2ij
i = (1, 2, . . . , N1 ),
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(5)

i

Here, Nadj is the compensated factor relating to the input dimension. We discuss the efﬁciency of Nadj for highdimensional data in Section 4.2.
Then, the inference result of the kth node in the outputpart is calculated by the following equation:
N2
j (wj k j )
yˆk =
, k = (1, 2, . . . , N3 ),
(6)
N2
j j
where wj k is the weight between the jth node in the rulelayer and the kth node in the output-part. The wj k corresponds to the estimated value of the jth rule for the kth node
in the output-part. The logical form of the fuzzy inference
if-then rules is given such as
If u1 is w̃1j , and . . . , ui is w̃ij , . . . , uN1 is w̃N1 j
then yk is wj k ,

l )T .
Y = (y1l , y2l , . . . , ykl , . . . , yN
3

(8)

The sufﬁx l of I indicates the consecutive number of the
learning vector (1  l  L): the learning vector I consists of
L sets of (N1 + N3 ) dimensional vectors. They are normalized in [0,1] and inputted to the system.
The jth network weight vector W is deﬁned to concatenate the weight vector from the ith input-part
in the I/O layer to the jth node in the rule-layer,
wij = (w1j , w2j , . . . , wij , . . . , wN1 j )T , and that from the
jth node in the rule-layer to the kth output-part in the I/O
layer, wij = (wj 1 , wj 2 , . . . , wj k , . . . , wj N 3 )T . Note that
W is (N1 + N3 )-dimensional vector as well as Il .


wij
.
(9)
W=
wij
The number of current rule Nr is set to 0, the number of
updated iterations for the jth rule deﬁned as Mj is set to 0
(∀j ) and the consecutive number of the input vector l is set
to 1.
Step 1: The ﬁrst input vector I1 is used as the ﬁrst rule
W1 .
W 1 = I1 .

(10)

Nr is set to 1 and l = l + 1.
Step 2: The winner rule j ∗ is selected from existing Nr
rules where Euclidian distance between the lth input vector
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Il and the jth rule W is minimum.
Nr

W − Il  = min W − Il .
j

where
(11)

Step 3: If the Euclidian distance W − Il  calculated in
Step 2 is smaller than the threshold SELF , the weights of
winner rule W is updated and Mj ∗ = Mj ∗ + 1. Otherwise
this lth input vector is registered as the new weight vector
and Nr = Nr + 1.
W(t + 1) = W(t) + SELF (Il − W(t))

W+1

= Il

elsewhere.

(12)
(13)



j


L − Mj 2
,
L

N3
k

Fik .

(19)

The ith input element satisfying the following equation is
regarded as unnecessary and eliminated:
(20)

Here, input is the threshold.

It is necessary to select adequate input elements in order
to construct suitable fuzzy model. Unnecessary inputs interfere with proper learning, inference and creation of efﬁcient rules. AFINN refers to the procedure of Linkens et al.
[6,7] that deals with multi-input–single-output system and
extends this algorithm for multi-input–multi-output system.
This procedure is composed of two steps. In the ﬁrst step,
importance of each input element for the outputs is estimated and elimination of unnecessary inputs is carried out.
Then the correlations among remaining inputs are calculated. Based on these values, several groups in which correlations among each input element exceed the threshold each
other are created. In each group, one element is selected as
the representative input.
3.2.1. Calculation of importance of the inputs
First, the lth input importance value is calculated using
network initial weights acquired in Section 3.1.
N2

(15)

where ij is the membership value calculated by Eq. (2).
Next, the integrated input importance value from the ith
l .
input to the kth output is calculated using L sets of zik
Fik = Rik /Rk ,

Finally, the syntactic input importance value is calculated
by accumulating Fik .

(14)

3.2. Input selection

j ij wj k
,
N2
j ij

(18)

i

i

where SELF init is the initial learning constant.
Step 4: If l = L: This self-organizing learning phase has
ﬁnished and initial fuzzy rules of AFINN have been created.
else: l = l + 1; continue steps 2 and 3 during l  L.

l =
zik

Rk = max Rik .

Fi < max Fi × input .

j

Here, SELF is the learning factor deﬁned as follows:
SELF = SELF init ·

(17)

Fi =

j∗

where W − Il  < SELF ,

l ) − min(zl ),
Rik = max(zik
ik
l
l

(16)

3.2.2. Calculation of the input correlation
Further input selection using the correlation of each input
is mentioned here. Suppose a pair of remaining input ua and
ub (1  a, b  N1 ), the correlation between them (a, b) is
calculated as
L l
l
1
l (ua − u¯a )(ub − u¯b )
(a, b) =
,
(21)
L
ua ub
where
u¯i =

1
L

ui =

L
l

uli ,

u¯2i − (u¯i )2 .

The correlation is calculated for every pair in remaining
input elements. If there are several input elements whose
correlation exceeds the threshold corr each other, they are
regarded as a group. In each group, the ith input element
having largest Fi is used as the representative.
3.3. Model identiﬁcation
After the efﬁcient input elements are selected, selforganizing learning is carried out again to determine the
structure of AFINN such as the number of rules and initial
weights. Although many clustering techniques have been
explored regarding to the fuzzy modeling, above mentioned
adaptive self-organizing learning explained in Section 3.1 is
applied to the proposed AFINN. The reason is that the number of optimal rules is in most cases unknown in advance
and this method can create appropriate rules dynamically
according to the input. In addition this method is easier and
faster than Kohonen’s algorithm [8].
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(22)

minimum threshold for the width of the membership function. However, this sometimes obstructs the learning of the
systems in which Eq. (3) or similar inference algorithm is
used to calculate the degree of the rule. This algorithm updates only weights associated with the selected rule j, so
when the jth rule meets this threshold, the learning is seriously affected. The systems whose algorithm based on Eqs.
(4) and (5) hardly meet this problem, however, the former
tend to make  extremely small and often fail the inference
when the dimension of the task is large as mentioned before. AFINN uses Eq. (5) to carry out learning and inference properly and introduces the limitation min to keep
the created rules meaningful.

(23)

4. Experimental results

3.4. Parameter estimation
In this parameter estimation phase, the mean-square error
between outputs of the network and the desired signals is
reduced to adjust the parameters such as the shape of the
membership functions by LMS algorithm.
The goal of this phase is to minimize the following error
function E. Here, we regard minimizing E as minimizing
error function El , which indicates sum of errors for each
learning pattern l.
N3

El = 21

k

(yk − yˆk )2 ,

L

E=
l

El ,

where, yk is the desired output at the kth node in the outputpart and yˆk is the output inferred by AFINN. Note that the
sufﬁx l for yk and yˆk are omitted here.
Suppose that x is a parameter to be adjusted, the LMS
learning algorithm can be expressed as
x(t + 1) = x(t) − LMS

*E
,
*x

(24)

where LMS is the learning factor.
According to the LMS learning principle, the estimation
value of the jth rule node is updated as
j
wj k (t + 1) = wj k (t) + LMS (yk − yˆk ) N
2

n n

.

(25)

The center value and the width of the jth rule are also updated
as
N3

wij (t + 1) = wij (t) + LMS

×
×

wj k

N2

k

(yk − yˆk )

N2
n n −
n (wnk n )
N2
( n n )2



2(ui − wij )
1

Nadj j
2ij

(26)

and
(yk − yˆk )
ij (t + 1) = ij (t) + LMS
k


N2
N2
wj k n n − n (wnk n )
×
 2
2
( N
n n )
1
Nadj

j

2(ui − wij )2
.
3ij

We used the following three examples to verify the effectiveness of the proposed AFINN.
4.1. Formula approximation and model construction
We tested a non-linear 5-input–3-output system including
one redundant input in order to check the model construction
ability of AFINN.
y1 = u31 + 3u2 − 4 sin u3 ,
y2 = cos2 u1 − tan3 u2 + u4 ,
√
y 3 = u1 + u 2 + u 4 .

(27)

These gradient decent based algorithms sometimes make
the width of membership function negative during the learning. One solution for this phenomenon is introduction of the

(28)

The 5th input u5 is used as a redundant random input. Thousand sets of input vectors and the corresponding outputs are
normalized in [0-1] are inputted to the AFINN. System parameters of this test are shown in Table 1 and the results of
model construction under this condition are shown in Table
2. Note that Fi in Table 2 indicates the importance of the
ith input element calculated in Eq. (19). From this table, we
can see that the indispensable four elements are correctly
selected and that redundant input is not selected in all cases.
Table 1
Parameters used in the formula approximation
N1 (initial)
N3
Nadj
L (No. of vectors)

N3

×
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SELF
SELF init
input
corr.
LMS
init
min
No. of LMS learning

5
3
N1 /4
1000
5–20%
0.5
0.2
0.8
0.001
0.1
0.01
5000
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Table 2
Results of the model construction

SELF (%)
Initial No. of rules
F1
F2
F3
F4
F5

5.0
815
0.30
0.57
0.22
0.28
0.03

7.0
509
0.30
0.57
0.22
0.27
0.03

10.0
208
0.29
0.58
0.25
0.25
0.03

12.0
127
0.25
0.59
0.25
0.24
0.03

15.0
61
0.33
0.60
0.25
0.22
0.04

20.0
23
0.32
0.59
0.25
0.25
0.11

Selected input
Elements
No. of rules (N2 )

u1 , u2
u3 , u4
527

u 1 , u2
u 3 , u4
254

u 1 , u2
u 3 , u4
80

u 1 , u2
u 3 , u4
44

u1 , u2
u3 , u4
21

u 1 , u2
u 3 , u4
8

14.0

10.0
before LMS learning

conventional
model 2 (Ref.[7])

AFINN

10.0

evaluation result

(proposed)

after LMS learning

8.0
6.0
4.0

Mean absolute error (%)

Mean absolute error (%)

12.0

conventional
model 1
(Ref.[11])

8.0

conventional : 8 rules
model 2 (Ref.[7])
conventional : 21 rules
conventional : 44 rules

6.0
AFINN (proposed) : 8 rules

4.0

AFINN: 21 rules
AFINN: 44 rules

2.0

2.0

0

0

8

21

44

80

254

1000

527

Number of rules

Fig. 2. Comparison of the error convergence and evaluation results.

Fig. 2 compares the results of parameter adjustment
and the evaluation results for 300 unlearned data on the
proposed AFINN and the conventional models. The conventional model 1 is FINN [11] and the conventional model
2 is similar to Linkens’ system [7] which carries out input
selection, rule creation and uses traditional min-max fuzzy
inference algorithm shown by Eq. (3). Note that the conventional model 1 (FINN) cannot carry out input selection
so that this result is affected by redundant input. When
SELF = 15.0%, AFINN created 21 rules and achieved
0.35% mean absolute error (MAE) on percentage for the
evaluation data. On the other hand, conventional model 1
and 2 achieved 5.75% and 1.20% MAE, respectively. Fig. 3
compares the learning proceeding between the AFINN and
the conventional model 2. Table 3 summarizes the evaluation
results using several performance indexes, such as root mean
square error (RMSE) and correlation. From these results,
the proposed learning algorithm shows superior error convergence ability and evaluation results for unlearned data.
4.2. Speech recognition example
Second, we chose speech recognition example to examine
the AFINN can handle the task whose input dimension is

2000
3000
Learning iterations

4000

5000

Fig. 3. Comparison of the error convergence curve on formula
approximation.

Table 3
Performance comparison on formula approximation (training
data/evaluation data)

Conventional 1 [11]
Conventional 2 [7]
AFINN (proposed)

MAE
4.35/5.25
1.08/1.20
0.32/0.35

RMSE
0.31/0.33
0.08/0.19
0.03/0.12

Correlation
0.963/0.952
0.985/0.983
0.999/0.999

over hundreds correctly. We used ISOLET (isolated letter
speech recognition) database from UCI machine learning
repository [18]. Each record of ISOLET is composed of
617 elements and their corresponding spoken alphabet: this
database can be used as 617-input 26-output classiﬁcation
task. This database consists of around 240 records for each
alphabet, 6238 data in total. For the evaluation data set, the
other 60 records are used for each alphabet, 1560 data in
total also provided from UCI were used. Table 4 shows the
parameters of this experiment.
Under this experimental condition the 296 elements were
selected from 617 inputs and 450 rules were created. Each
MAE of before/after parameter adjustment and the results
for the evaluation data were 3.47%, 0.49% and 1.00%,
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Table 4
Parameters used in the speech recognition
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Table 5
The effectiveness of Nadj on speech recognition

N1 (initial)
N3
Nadj
L (No. of vectors)

617
26
N1 /4
6338
12%
0.5
0.2
0.8
0.001
0.1
0.01
100

SELF
SELF init
input
corr.
LMS
init
min
No. of LMS learning

Nadj
1 (Eq. (4): Ref. [7])
1N
6 1
1
4 N1 (proposed.)
1N
3 1
1
2 N1

Eq. (3): modiﬁed Ref. [7]

MAE
—–/—–

RMSE
—–/—–

Correlation
—–/—–

0.40/0.79

0.08/0.09

0.969/0.937

0.38/0.75

0.08/0.09

0.970/0.939

0.39/0.89

0.08/0.09

0.970/0.937

0.68/0.94

0.09/0.10

0.953/0.928

0.83/2.12

0.12/0.13

0.926/0.793

Table 6
Parameters used in the car evaluation
4.5

N1 (initial)
N3
Nadj
L (No. of vectors)

4.0

Mean absolute error (%)

3.5
3.0
2.5

evaluation result
(Ref.[7], using eq(3))

modified conventional model
(Ref.[7], using eq(3))
450 rules

SELF
SELF init
input
corr.
LMS
init
min

2.0
1.5
1.0
0.5

evaluation result
(AFINN : proposed)

AFINN
(proposed)

No. of LMS learning

450 rules
0

10

20

30

40

50

60

70

80

90

6
4
N1 /4
1382
20%
0.5
0.2
0.8
0.001
0.1
0.01
5000

100

Learning iterations

Fig. 4. Comparison of the learning and evaluation results on speech
recognition.

respectively. The alphabetic classiﬁcation accuracy for the
evaluation data set was 93.53%. Even though this accuracy
is a little worse than the best result by the conventional back
propagation algorithm (95.9%) [19], the proposed system
has several merits of fuzzy systems: linguistic rules extraction and their maintenance are possible.
Fig. 4 compares the error reduction and the evaluation
results between the conventional model 2 and the proposed
AFINN. The AFINN shows the superior results on error
convergence and evaluation. It should be noted here that
the system using traditional learning algorithm based on
Eq. (4) caused underﬂow of the degree of rules and could
not estimate the system parameters under such high input
dimension. Therefore, in this experiment the conventional
model 2 [7] uses Eq.(3) instead of Eq. (4) for inference
algorithm.
Next, we compare the effectiveness of the compensated
factor Nadj . Table 5 shows the residual error, evaluation
error and correlation between given answer and the output
on each Nadj . From this experiment, 16 N1  Nadj  13 N1
seemed to be reasonable and we selected Nadj = 41 N1
for this factor. Introducing and selecting proper Nadj contributes to improve system availability and accuracy and

we have conﬁrmed similar results were obtained in other
experiments.
4.3. Car evaluation example
As the last example, we chose car evaluation database
also from UCI to conﬁrm the validity of extracted rules.
Each record of this database consists of six car characteristics and its evaluation result. The six input elements are
buying price, maintenance cost, number of doors, number
of passengers, luggage size and safety. Each input characteristics is classiﬁed from 3 to 5 grades. The corresponding
4 outputs are very good, good, acceptable and unacceptable.
This database is composed of total 1728 data; 65, 69, 384
and 1210 data for each grade, respectively. We used 80% of
them for training and used the remainder for the evaluation.
Table 6 shows the parameters of this experiment. When
SELF = 20.0%, all 6 inputs were selected and 10 rules are
created. Table 7 shows the extracted all 10 rules. Under this
condition, the AFINN achieved 3.19% MAE and 96.24%
classiﬁcation accuracy for the evaluation data set. The latest report using this database [20] showed almost 100%
accuracy for this classiﬁcation task. However, this method
needs to divide the task into smaller ones manually and it
just shows the classiﬁed results: it does not provide rules or
other information.
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Table 7
Extracted rules
Rule No.

Price

Maintenance cost

1
2
3
4
5
6
7
8
9
10

Very high
Very high
High
Low
Low
Low
Low
Low
Med
Low

Med
Med
Med
Low
High
Low
Low
Med
Low
Med

Number of
doors
4
4
5
3
5
4
4
4
4
2

In this data set, the high-ranked cars whose grade “good”
or “very good” tend to have the following features: low
price, low maintenance cost, many doors and passengers,
large luggage capacity and high safety. Reasonable rules
were obtained by the proposed AFINN.

5. Conclusions
In this paper we have proposed adaptive fuzzy inference
neural network (AFINN). It has many desirable features such
as simple structure, adequate self-construction, appropriate
parameter adjusting and rule creation ability.
AFINN carries out efﬁcient input selection, rule creation
and parameter estimation to create appropriate fuzzy model
and solves fuzzy-neuro speciﬁc problems by modiﬁcation
of the fuzzy inference and learning algorithm. With the use
of formula approximation, speech recognition and car evaluation examples, we conﬁrmed AFINN could construct relevant fuzzy model, conduct accurate inference and create
appropriate rules correctly. In addition, as AFINN alleviates
shortcomings of the conventional fuzzy neural network models, it can handle over hundreds dimensional tasks correctly.
On account of its simple and applicable structure, AFINN
can be used as a basic component for many applications.
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