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Abstract: Fuzzy systems and neural networks-based control methodologies have emerged in recent years as
a promising way to approach nonlinear control problems. Fuzzy and neural control, in particular, had an impact
in the control community because of their simplicity and feasibility to use heuristic control knowledge for
control problems. The integration of fuzzy logic with neural network techniques has resulted in what is
commonly referred to as neuro-fuzzy systems. These systems use fuzzy rules as the underlying structure and
then apply neural techniques to learn the rule parameters. A neuro-fuzzy approach for the design of neural
tuned fuzzy control is proposed for spherical tank process in two phases. Firstly, the data set is partitioned
automatically into a set of clusters. Then a fuzzy if-then rule is extracted from each cluster to form a fuzzy rule
base. Secondly, a fuzzy neural network is constructed accordingly and parameters are tuned to increase the
precision of the fuzzy rule base. This network is able to learn and optimize the rule base of a sugeno like fuzzy
inference system using Hybrid learning, which combines gradient descent and least square estimation
algorithm.
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INTRODUCTION [3]. In recent trends, PID controllers are suitably modified

Process control systems are often nonlinear and inherent advantages.
difficult to control accurately. In modern control field, This paper addresses an application that involves the
there are many systems with strong interference, time- real time spherical tank process which is highly nonlinear,
varying characteristics and non-linearity. These kind of has long delay time and large time constant. Nowadays
nonlinear systems exhibits many challenging control fuzzy logic control and neural network are two intelligent
problems due to their nonlinear dynamic behaviour, control tools used in the control of nonlinear processes.
uncertain and time varying parameters, constraints on Artificial Neural Networks (ANNs) are used as
manipulated and controlled variables, unmeasured and computational tool for data quality identification, because
frequent disturbances, dead time on input and of the belief that they have greater predictive power than
measurements. Because of the  inherent  nonlinearity, signal analysis techniques [4]. In a conventional fuzzy,
most of the process industries are in need of traditional the membership functions, models and rule base are fixed
control techniques. Control of level in a spherical tank [1] by the engineers with prior knowledge [5]. Presently
is important, because the change in shape gives rise to Fuzzy Inference System (FIS) and Artificial Neural
the nonlinearity [2]. Networks have attracted the attention of the researchers

It is worth mentioning that in each and every process, [6] because in neuro fuzzy systems, the components of
the outflow rate of the tank is to be maintained constant. fuzzy are represented in parametric form and its
Traditional PID controllers with different combinations parameters are tuned by neural networks.
have been used widely in industrial processes for their Artificial neural based fuzzy inference system
simplicity and effectiveness for I order and II order linear (ANFIS) is the implementation of fuzzy inference systems
systems, but not used for higher order nonlinear systems to adaptive networks for developing fuzzy rules with

to adapt the control of nonlinear systems, due to their
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suitable membership functions to have required inputs to represent knowledge in an interpretable manner and the
and outputs. ANFIS has been recognized for its flexible learning ability of a neural network to optimize its
and adaptable nature. parameters.

For nonlinear modelling, ANFIS had received a quick First, the structure of the network is identified,
convergence speed and decreases precision errors. followed by parameter adjustment. To initiate training,
Furthermore ANFIS has shown significant results in input-output data of order nx1 are provided. To extract the
nonlinear modelling, signal classification and data set of initial fuzzy rules, data is separated into various
analysis [7]. The design, stability and automatic training groups with respective classes. Subtractive clustering is
of  ANFIS  have  been  proposed   by   Wang   [8]  and utilized to identify cluster centre and each cluster centre
Rizzi et al. [9]. ANFIS uses a hybrid training algorithm to may be translated into a fuzzy rule for identifying the
identify parameters of sugeno type fuzzy inference class.The data point with highest potential is considered
systems [9]. as the first cluster centre x  and its potential value is

Recently, many research reports has been considered as P . The potential of each data point x  is
concentrated on control of nonlinear SISO plants. This revised by the equation (1).
has paved a way of interest for this research on ANFIS
control area. ANFIS uses 2 phases of identification, (1)
namely structure identification and parameter
identification. Structure identification is to determine the
number of rules and membership functions to model the where  and r  = 1.25r .
input and output variables. For this identification,
different methods are used, where clustering technique is The data with the highest remaining potential is
a powerful approach to determine the grouping of data selected as a second cluster centre x  and its potential
[10], [11]. Particularly subtractive clustering is used in this value is considered as P . The process is then continued
research to decide the number of rules. Parameter to find P  based on the following criteria to make k
identification is used to determine the shape and position clusters of fuzzy rules:
of each rule [11]. The hybrid training that combines the
least square approach and back propagation gradient if
descent method is used [12].

ANFIS maintains the characteristic of traditional Accept x  as a cluster centre and continue.
cascade controller with enhanced control performance,
adaptive capacity, steady precision and dynamic property else
[13].

Seema et al. has developed a method to reduce the Reject x  and end the clustering process.
fuzzy set of rules with the help of clustering, which is
applied to fuzzy PI and PD controllers [14]. The advantage else
of fuzzy clustering [15], [16] is the given data are
partitioned to  form  a  set  of  clusters  automatically. Find d  as the shortest of the distances between x
From each cluster, a fuzzy IF-THEN rule base is framed. and all previously found cluster centres.
The work of Seema et al. in simulation studies rooted the
authors to show attention on combining the fuzzy control if
with neural network in real time control implementation of
spherical tank process. The proposed work is to track the
setpoint and reject the disturbance in the spherical tank Accept x  as a cluster and continue.
process with good performance indices.

Proposed Work and Implementation
Neuro-Fuzzy Learning: This neuro fuzzy learning scheme Reject x  and set the potential at x  to select the data
combines the advantage of neural networks and fuzzy point with the next highest potential as new x  and re-
theory to design a hybrid model that uses a fuzzy theory test.
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end Here K  is the number of clusters or fuzzy singleton
   end sets on the output side. The hybrid learning algorithm
end uses a 2 stroke learning cycle as forward stroke and

Here  specifies the threshold for the potential
above which the data point is accepted as a cluster centre
and  specifies the threshold for the potential
under which the data point is rejected as a cluster centre.
Let X be the j  input feature and µ  be the Gaussianj ij

th

membership function in the i  rule associated with the jth th

input feature. The membership function µ  is given inij

equation (2). In forward stroke, with fixed premise parameters the

(2) update the consequent parameters and to pass the errors

where m  and  be the mean and standard deviation. descent method is applied to update the premiseij ij

The parameters associated with the membership parameters. The premise and consequent parameters will
functions change through the learning process. The be identified for membership functions and fuzzy
computation of these parameters (or their adjustment) is inference system by repeating the forward and backward
facilitated by a gradient vector. This gradient vector strokes.
provides a measure of how well the fuzzy inference
system  is  equalizing the input/output data for a given set Spherical Tank Process: The Fig. 1 shows the
of parameters. The learning process is achieved in three experimental setup which consists of a spherical tank,
layers. water reservoir, pump, rotameter, Differential Pressure

Layer 1: Voltage to Current (V/I) converter, an electro Pneumatic
Each unit in this layer receives input from the Converter (I/P converter), a pneumatic control valve, an
corresponding input variable. Nodes are arranged as j interfering card (VMAT-II) with Digital to Analog (D/A)
groups and output of this layer O  is calculated using & Analog to Digital (A/D) converters provision.ij

(1)

the corresponding Gaussian membership function. The pneumatic control valve which is air to open,

(3) tank from the water reservoir. The DPT measures the level

Layer 2: bottom of the spherical tank and the vent. The DPT then
Each node of this layer represents a fuzzy rule. The output transmits a current signal (4-20mA) to I/V converter. The
of this layer O  represents the product of all its input output of I/V converter is given to the interfacingij

(2)

from layer 1. hardware associated with the PC. The control algorithm is

(4) (4 to 20mA) from D/A converter is fed to I/P converter.

Layer 3: the control valve to produce the required flow of water
This single node layer represents the output computed by into the tank. The solenoid valve is another outlet at the
a centroid defuzzification method. bottom of the tank. Table 1 provides the technical details

Black Box Modelling: Black box modelling is used to

(5) maintained  constant  to  achieve  the open loop response.

j

backward stroke.

least squared error estimate approach is employed to

to the backward stoke. In a backward stroke of learning,
the consequent parameters are fixed and the steepest

Transmitter (DPT), Current to Voltage (I/V) converter &

adjusts the flow of the water pumped into the spherical

by measuring the difference in pressure between the

loaded in the PC. The controlled signal or current signal

The pneumatic signal of I/P converter is used to actuate

of the spherical tank setup [17].

identify the open loop response parameters. The level is
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Fig. 1: Experimental setup for level control of a spherical tank

Table 1: Technical specifications of experimental setup
Part Name Details
Spherical tank Material:Stainless Steel 

Diameter:50 cm
Differential pressure transmitter Type:Capacitance

Range:2.5-250 mbar
Span limit:0.65-65 kpscal
Output:4-20 mA
Make:ABB

Control valve Type:Air to open (1/4")
Input:3-15 psi

Rotameter Range:0 - 1000 lph
Air regulator Size:1/4" BSP

Range:0-2.2 bar
I/P converter Input:4-20 mA

Output:0.2 - 1 bar

Then a sudden step change is given from the D/A
converter  to  the  valve through V/I and I/P converter and
change in level (called open loop response) is recorded.
From the open loop response, the model parameters like
process gain k, process time constant  and time delay
are determined. The determined values are used to find
the controller parameters. Authors [18] have obtained the
parameters of First Order Process with Time Delay
(FOPTD) transfer function model by letting the response
of the actual system and that of the model to meet at two
points which describe the two parameters time constant

 and time delay . The proposed times t  and t , are1 2

estimated from a step response curve. The time t  and t1 2

are 28.3% and 63.2% of the final steady state value of the
open loop response. The time constant  and time delay

 can be estimated from equations (6) and (7).

 = 1.5(t  – t ) (6)2 1

 = t  – (7)2

The process gain is the ratio of change in output to
change in input as in equation (8).

(8)

In the spherical tank process, the open loop models
has been taken around 10% operating level of the tank as
shown in Fig. 2, by allowing 2% step change in
manipulated variable.

The PI controller parameters [19] are calculated using
equations (9) and (10).

Controller gain (9)

Integral time T  = 3.33 (10)I
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K = 0.73; T = 399.6sc I

G(s) =

Fig. 2: Open loop response of spherical tank process around 10% operating level

Fuzzy Logic Controller

Fig. 3: PI type FLC for Spherical Tank Process

The neural learning system utilizes PI type Fuzzy where e(k) and u(k) represents the error and the output at
Logic Controller as shown in Fig. 3. Fuzzy controller k  sampling instant.
operates  with  error  and  change   in   error   as  inputs The selected triangular membership function of 50%
and  change  in  output  as  output. The change in error overlaps with neighbouring MFs is represented in Fig. 4.
and change in output are termed as in equation (11) and The linguistic variables are obtained within the range
(12). of  MFs  and  named  as  NB,  NM, NS, ZE, PS, PM, PB.

e(k) = e(k)-e(k-1) (11) 7 membership functions to compute the output as in [20].

u(k) = u(k)-u(k-1) (12) Table 2.

th

The designed  fuzzy  logic  controller  uses  49 rules and

The  rule  base  for computing the output is shown in
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Fig. 4: Membership function for e, e and u

Table 2: Rule table for u
e
--------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------

e NB NM NS ZE PS PM PB
NB NB NB NB NM NS NS ZE
NM NB NM NM NM NS ZE PS
NS NB NM NS NS ZE PS PM
ZE NB NM NS ZE PS PM PB
PS NM NS ZE PS PS PM PB
PM NS ZE PS PM PM PM PB
PB ZE PS PS PM PB PB PB

Fig. 5a: Membership function for change in error before hybrid learning

Fig. 5b: Membership function for change in error after hybrid learning
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Fig. 6: ANFIS structure

Rule Extraction and Optimization: For the construction
of fuzzy rules to determine the change in output u, 441
data points {x , x ,....,x } are collected in the form of vector1 2 n

of e, e and u at the step size of 0.1 from the existing
rule base of 49 rules. Then subtractive clustering is
applied to group the equivalent and that in turn reduces
the number of rules. Here, subtractive clustering results in
12 clusters or rules. The resulting rules need optimization
to achieve the required performance.

A hybrid learning algorithm which combines least
square estimation and back propagation gradient descent
method is used to modify the membership parameters of
12 clusters obtained by subtractive clustering to minimize
the output error measure. The training process stops
whenever the maximum epoch number is reached or the
training error goal is achieved. The membership functions Fig. 7: Photograph of spherical tank process
before  and after optimization for e is shown in Fig. 5
with label cerr. The ANFIS structure of hybrid learning is
shown in Fig. 6. Change in error variable shows
considerable change in its membership function shape
after hybrid learning as observed in Fig. 5a and Fig. 5b.
The 'i' number of rules is framed as;

Rule i: If e is mf  & e is mf , then c , where i = 1 to 12.i i i

RESULTS AND DISCUSSION

The designed neural tuned controller is implemented
in  a  real  time  spherical  tank  process  shown in Fig. 7.
Set point tracking has been carried out by maintaining the
level at 8% and there from moving it to 16% as in Fig. 8.
Load disturbance rejection has been taken by opening the
solenoid valve of the spherical tank for about 30s at 7000 clustering based controller. The performance comparisonth

second as in Fig. 9.

Table 3: Performance Measures

Controller type Rise time (s) Settling time (s)

Fuzzy 250 5500

Fuzzy subtractive clustering 250 2200

Hybrid learning 20 500

The subtractive clustering algorithm has reduced 49
rules to 12 rules with improved performance in both servo
and regulatory responses [refer Fig. 8 and Fig. 9]. To
improve  the  performance still further, optimization of
these 12 rules has been carried out using hybrid learning.
The servo and servo regulatory responses obtained after
optimization [refer Fig. 8 and Fig. 9] gives less settling
time, rise time and Integral Square Error (ISE) value than
fuzzy controller with 49 rules and fuzzy subtractive

is given in Table 3.
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Fig. 8: Servo response of spherical tank process

Fig. 6: Servo regulatory response of spherical tank process
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