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Abstract— Abstract — Determining the optimal fuzzy terms,
which lead to the minimum global error, remains a challenge in
the fuzzy methods. Another challenge is that the parameters of
the consequent section are usually selected individually thus
resulting insufficient fuzzy systems. In this paper, A Structural
Enhancement of evolving method (SEEM) has been proposed to
solve such problems. SEEM has been developed evolutionarily
based on incremental partitioning learning. SEEM begins with
an initial fuzzy system that has double fuzzy terms for the
antecedent part. Then, to create a more accurate fuzzy system,
it keeps improving by identifying the ideal input fuzzy term and
ideal consequent parameter. There are two steps involved in
determining the antecedent component and the consequent
parameters. By detecting the distinction points (extremum and
inflection points) using the gradient descent approach, it first
identifies fuzzy terms and the consequent parameters. This
continues until all of the fuzzy terms and consequent parameters
are obtained. The second step is identifying the ideal new fuzzy
terms that produce the global best result. This model utilizes the
gradient descent estimator to obtain the optimum consequent
parameters. As a result, SEEM produces sufficient fuzzy
systems that have fewer number of fuzzy rules with high
accuracy.

Keywords— Evolving methods, incremental learning, and
function approximation.

l. INTRODUCTION

Recently, a variety of application domains, including
medical applications and system control applications, have
become more interesting in fuzzy modeling [1-3]. One of the
most popular fuzzy modelling techniques, based on an error
reduction approach, is the fixed grid partitioning [4-6]. This
technique, however, has a number of shortcomings that make
it unsuitable for use, including: It first leads to an exponential
expansion in the rule base and the antecedents' parameters.
Second, the antecedent part's fuzzy terms are frequently not
the right ones. Thirdly, it makes use of input partitioning that
is fixed and predefined. To get around these issues, a number
of strategies, such [7-10] are suggested. These techniques are
regarded as evolving methods that use incremental learning to
enhance performance. The evolving approaches based on
input-output clustering [11-16],[21] are another kind.

The problem of finding the best fuzzy terms, which results
in the best global error, still concerns the approaches outlined
above. Additionally, the parameters of the consequent part
significantly contribute to improving the precision of the
fuzzy system. In order to create the most accurate fuzzy
system possible, it is necessary to get the consequent
parameters that are compatible with the generated fuzzy terms.
Our previous works [17,18] suggest a solution for the medium
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and large dataset but not the small one which will be proposed
in this paper.

In this study, a structural enhancement of evolving method
(SEEM) is suggested. The evolving-construction scheme for
fuzzy systems (ECSF) is a major driving force behind SEEM
[9]. Unlike ECSF, SEEM selects the best fuzzy word that
results in the overall best outcome. Additionally, SEEM
employs gradient descent to identify the ideal consequent
parameters.

1.  METHODOLOGY

In this section, the methodology of how the proposed
SEEM is evolved is demonstrated and divided into four sub-
sections. It starts with the general mathematical formulations
for the fuzzy rules of the SEEM then Splitting Techniques,
adding and updating Membership function are presented to
find the fuzzy terms. After that, finding the intersection of
adjacent subranges to locate the optimal consequent
parameters is presented. Finally, A summary of the algorithm
is discussed and illustrated. Evolving system

A. Formulations

Similarly to our pervious works [17, 18], the proposed
work uses mamdani type due to the high interpretability as
compared to Takagi-Sugeno(T-S) type [19]. SEEM begins
with a closed range that covers the whole training data (initial
domain). The membership function that is used in this paper
is the triangular function. The initial domain (closed range)

! !
starts with [C’C 1 where C and C are the minimal and

maximal value of the input variable X, respectively. Cn and

!
Cn represent the edges of nth range. Therefore, the first fuzzy
rule is as follow

IF x is A* THEN vy is y*, k =0,1

A’ =c k_g A'=C'

where " when ' when k - 1.kis

k
used to represents the edges of the closed range. Y' are
singleton parameters.

In this section, the formulation of the membership
functions for the closed range is demonstrated. From now on,
the index n refers to the closed range that will be split. First,
the membership function for the fuzzy term of the antecedent

Ak =0).

part

. C, — X 1
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Second, for the fuzzy term Ak=1)

~1 X—C 2

fn(X)=o—

Based on the centroid defuzzifier [20], and the
characteristics of the triangular membership function, the
model output can be computed as the following equations.

O_A°*y°+Al*y1 ©)
A A

A+ Al =1 (4)

O=A"*y® 4 Al %yt )

B. Splitting Techniques, adding and updating Membership
function

The proposed fuzzy system begins with very simple
domain (closed range) as illustrated earlier. Then, based on the
maximal average error, the closed range is selected for
splitting. The selected range will be divided into two
subranges at the training sample point (x, = splitting sample
point) which has the maximal error. This splitting technique is
implemented in the first stage of locating the optimum fuzzy
terms with the optimum consequent parameters. It is similar
to the ECSF. The following formulas represent how a new
membership function is created and how the old ones are
updated for the splitted subrange as follow.

The new membership function (MF) is

X—C . (6)
—nif XE[Cn,XSp)
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Here is how the old MFs is updated for the closed range as
follow

cory X —X (7)
f1n (x) o,

oy X Xg (8)
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C. Finding the intersection of adjacent subranges

In SEEM, singleton membership functions are used for
the consequent parameters and obtained using gradient
descent estimator. One membership function is required for
each splitting point, although two singleton membership
functions are employed for each splitting point (the distinction
point). Therefore, the intersection’s value (x, y) of each
adjacent subrange is used to represent the new splitting point
(xsp = x) and consequent parameter (y) as in Figure 1.
Consider a fuzzy system with three fuzzy terms as an example.
When applying the gradient descent estimator for the two
subranges, the splitting point's consequent parameter (x, =
15) has two values: one is taken from the left subrange, and
the other is obtained from the right subrange, as illustrated in



Figure 2. The optimum consequent parameters between the
two values [9, 11] were found using the ECSF while
preserving the same splitting point as a solution to this
problem. As a result of this refinement having an impact on
both subranges of the training data, the error will grow.

Step 3: Select the subrange with the maximal average error
to be divided into two subranges.

Step 4: Find the training sample with maximal error for the
selected subrange to be the splitting point (x,).

TABLE I. COMPARISON OF SEEM IN RMSE wiITH FGP AND ECSF FOR DATASET 1
Number of Accuracy in RMSE
fuzzy rules
The proposed
SEEM ECSF FGP
2 0.99905 1.007251 1.007251
3 0.93188 0.964071 1.001439
4 0.41535 0.428396 0.484671
5 0.32015 0.398373 0.494885
6 0.30854 0.358614 0.618366
7 0.23247 0.283207 0.474807
8 0.12524 0.163423 0.137907
9 0.09950 0.140443 0.299793
10 0.07624 0.135001 0.203244

However, using the intersection point demonstrates that there
are only a small number of training samples that are affected.
As a result, this method will be used as the next step for
discovering the best fuzzy terms and the best resulting
parameters because the accuracy will be improved more than
ECSF refining.
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Fig 1: Adjusting the split point using the intersection to
Pafint:thesbPst defisequbne gashinefdrandlsglidfraibtange
=1, desired number of subrange =1 and global average error
= GAE.

Stage 1:- Locating the primary splitting points and
consequents parameters

Step 1: Define the initial domain as a closed range [C'C 1,

where C and ¢’ are the minimal and maximal values of the
input variable, respectively.

Step 2: Locate the consequent parameters using gradient
descent. As a result, the initial system is created.

Step 5: Split the selected subrange at x;,,

Step 6: Retrain the consequent parameters y* for the
whole system after the splitting using gradient descent.

Step 7: If (GAE < B) & (1 <7) go to step 3.

Stage 2:- Locating the best splitting points and
consequents parameters

Step 8: Find the new consequent parameters y* (locally)
for each subranges using gradient descent.

Step 9: Find the new split-points by finding the
intersection of the new consequent parameters y* (found in
step 8) for each adjacent subrange.

Step 10: For each split point select either the old split point
or the new split point from step 9 that produces minimal
average error.

Step 11: After finding the best split points at step 10, apply
gradient descent to the whole y* to get the final optimal
consequent parameters y*.

IV. RESULT AND DISCUSSION

Dataset: Consider the one-dimensional function-
approximation issue presented by::
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In this dataset, 200 data samples are created at random

from the range of X e (0, 12). Table 1 compares the SEEM,
ECSF, and Fixed-grid-partitioning approaches (FGP) that
have been presented. Root mean square error (RMSE) is used
to evaluate accuracy.

The comparison demonstrates unequivocally that SEEM
generates greater accuracy with regard to fewer fuzzy rules.
As an illustration, the RMSE of the SEEM model with eight
fuzzy rules is 0.125, while the RMSE of the FGP and ECSF
models with ten fuzzy rules is 0.203 and 0.135, respectively.
Furthemore, SEEM produces RMSE of 0.07624 for ten fuzzy
rules. On the other hand, for the same number of fuzzy rules,
ECSF and FGP produces 0.135001, and 0.203244
respectively. which indicates lower performance than the
proposed SEEM. Two factors account for the proposed
approach's great performance: First, choose the best split
points, and then use gradient descent to fine-tune the
parameters of the consequents.

V. CONCLUSION

This paper proposes A Structural Enhancement of
evolving method for fuzzy systems. The primary contribution
of SEEM is to identify the antecedent part's best global fuzzy
terms that result in the smallest global average error.
Moreover, it finds the best consequent parameters using
gradient descent estimator. The examination of SEEM showed
significant results among the other methods.

REFERENCES

[1] J. Kacprzyk and W. Pedrycz, Springer handbook of
computational intelligence: Springer, 2015.

[2] M. Pratama, S. G. Anavatti, P. P. Angelov, and E. Lughofer,
"PANFIS: A novel incremental learning machine," IEEE
Transactions on Neural Networks and Learning Systems, vol. 25,
pp. 55-68, 2013.

[3] N. Kasabov, Evolving connectionist systems: Methods and
applications in bioinformatics, brain study and intelligent machines:
Springer Science & Business Media, 2013.

[4] R. Babuska, "Data-driven fuzzy modeling: Transparency and
complexity issues," in Proceedings 2nd European Symposium on
Intelligent Techniques ESIT, 1999.

[5] Z. Zhang, M. Al-Bahrani, B. Ruhani, H. H. Ghalehsalimi, N. Z.
llghani, H. Maleki, et al., "Optimized ANFIS models based on grid
partitioning, subtractive clustering, and fuzzy C-means to precise
prediction of thermophysical properties of hybrid nanofluids,"
Chemical Engineering Journal, p. 144362, 2023.

[6] S. B. Abdullahi, K. Muangchoo, A. B. Abubakar, A. H. Ibrahim,
and K. O. Aremu, "Data-driven Al-based parameters tuning using
grid partition algorithm for predicting climatic effect on epidemic
diseases," IEEE Access, vol. 9, pp. 55388-55412, 2021.

[7] A. Pedram, M. Jamali, T. Pedram, S. Fakhraie, and C. Lucas,
"Local linear model tree (LOLIMOT) reconfigurable parallel
hardware," in International Symposium on Parallel Computing in
Electrical Engineering, 2006, pp. 198-201.

[8] W. Pedrycz, "Logic-based fuzzy neurocomputing with
unineurons," Fuzzy Systems, IEEE Transactions on, vol. 14, pp.
860-873, 2006.

[9] D. Wang, X.-J. Zeng, and J. A. Keane, "An evolving-
construction scheme for fuzzy systems," Fuzzy Systems, IEEE
Transactions on, vol. 18, pp. 755-770, 2010.

[10] D. Wang, X.-J. Zeng, and J. A. Keane, "A simplified structure
evolving method for Mamdani fuzzy system identification and its
application to high-dimensional problems,” Information Sciences,
vol. 220, pp. 110-123, 2013.

[11] N. K. Kasabov and Q. Song, "DENFIS: dynamic evolving
neural-fuzzy inference system and its application for time-series
prediction,” Fuzzy Systems, IEEE Transactions on, vol. 10, pp. 144-
154, 2002.

[12] P. P. Angelov and D. P. Filev, "An approach to online
identification of Takagi-Sugeno fuzzy models," Systems, Man, and
Cybernetics, Part B: Cybernetics, IEEE Transactions on, vol. 34, pp.
484-498, 2004.

[13] G. Leng, G. Prasad, and T. M. McGinnity, "An on-line
algorithm for creating self-organizing fuzzy neural networks,"
Neural Networks, vol. 17, pp. 1477-1493, 2004.

[14] P. Angelov and D. Filev, "Simpl_eTS: a simplified method for
learning evolving Takagi-Sugeno fuzzy models," in Fuzzy Systems,
2005. FUZZ'05. The 14th IEEE International Conference on, 2005,
pp. 1068-1073.

[15] G. Leng, T. M. McGinnity, and G. Prasad, "An approach for
on-line extraction of fuzzy rules using a self-organising fuzzy neural
network," Fuzzy sets and systems, vol. 150, pp. 211-243, 2005.

[16] 1. Skrjanc, "Cluster-volume-based merging approach for
incrementally evolving fuzzy Gaussian clustering—eGAUSS+,"
IEEE transactions on fuzzy systems, vol. 28, pp. 2222-2231, 2019.

[17T1H. H. Y. Sa’ad, N. A. M. Isa, and M. M. Ahmed, "A structural
evolving approach for fuzzy systems," IEEE Transactions on Fuzzy
Systems, vol. 28, pp. 273-287, 2019.

[18] H. H. Y. Sa'ad, N. A. M. Isa, M. M. Ahmed, and A. H. Y. Sa'd,
"A robust structure identification method for evolving fuzzy
system," Expert Systems with Applications, vol. 93, pp. 267-282,
2018.

[19] M. Negnevitsky, Artificial intelligence: a guide to intelligent
systems: Pearson Education, 2005.

[20] C. C. Lee, "Fuzzy logic in control systems: fuzzy logic
controller. I1," Systems, Man and Cybernetics, IEEE Transactions
on, vol. 20, pp. 419-435, 1990



