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Abstract: Measurement of level, temperature, pressure and flow parameters are very vital in all process
industries. The model for such system is identified and validated. Real-time industrial processes are subjected
to variation in parameters and parameter perturbations, which sometimes makes the system unstable.
Determination of tuning of the PI controller parameters continues to be important as these parameters have a
great influence on the stability and performance of the control system. Most of the industrial processes are
complex and nonlinear in nature resulting into their poor performance when controlled by traditional tuned PI
controllers. The need for improved performance of the process has led to the development of adaptive
controllers. So the control engineers are on look for automatic tuning procedures. In this work, a Radial Basis
Function Neural Network based PI controller is proposed for a spherical tank process [1, 2]. The controller
structure has been outlined and its performance is demonstrated on a spherical tank. The control of liquid level
in a spherical tank is non-linear due to the variation in the area of cross section of the tank with its change in
shape. The model of the process is identified using standard step signal based on system identification
technique and it will be approximated to first order process (FOPTD) model. Based on the model obtained
RBFNN-PI controller is designed [3] and its performance is compared with gain scheduling controller in
simulation.
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INTRODUCTION process industries are in need of advanced control

As PID is regarded as  the  standard  control plants and process industries. Control of a level in a
structures of the classical control theory and Adaptive spherical tank is important, because the change in shape
controllers  have  positioned  themselves  as a gives rise to the nonlinearity. The most basic and
counterpart of classical PID Controllers on the same pervasive control algorithm used in feedback control is
dominant role at the knowledge rich spectrum. PID PID control algorithm [4]. Artificial Neural Networks
controllers  are  designed  for linear systems. However, (ANNs), are information processing systems with their
the presence of nonlinear effects limits their performances. design inspired by the studies of the  ability  of  the
Adaptive controllers are successfully applied to non- human brain to learn from observations and to generalize
linear system because of their knowledge based nonlinear by abstraction [5]. Neural networks can be trained to learn
structural characteristics. arbitrary non-linear relationships based on the

Chemical process faces many challenging control corresponding data.
problems due to their nonlinear dynamic behavior, Control strategies designed based on Radial
uncertain and time varying parameters, constraints on basis function neural network algorithm have been used
manipulated variable, interaction between manipulated for  simulating  and  controlling Spherical tank process
and controlled variables, unmeasured and frequent and resulted in excellent performance. These models are
disturbances, dead time on input and measurements [4]. data driven, adaptive and have good accuracy if they are
Because of the inherent nonlinearity, most of the chemical trained with proper data.

techniques. Spherical tanks find wide application in gas
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Process Description: Spherical tank finds wide
applications in process industries. The spherical shape
prevents the accumulation of solids on the bottom of the
tank. For the proposed investigation a highly non-linear
spherical tank setup is considered. Control of level in the
tank is a challenging problem due to its constantly
changing cross section area. Because of the inherent non-
linearity, there is a need of advanced intelligent control
techniques. The dependence of discharge flow on the
square root of the static head creates another nonlinearity
and negative feedback. The model of spherical tank at
various operating regions are obtained and detailed in the
following section (30%, 46% &61%).The RBFNN- PI
controller is designed and the performances are compared
with gain scheduling controller based on performance
indices like Integral Square Error (ISE) and Integral
Absolute Error (IAE) and time domain indices.

Modeling of Spherical Tank Process: The spherical tank
system is highly nonlinear system. In order to control this, h - Height of the liquid level in the tank at any time ‘t’
the most basic and pervasive control algorithm used in (m)
the feedback control is the Proportional Integral and R - Top radius of the Spherical tank (m)
Derivative (PID) control algorithm. PID control is a widely r - Radius of the spherical vessels at a particular level
used control strategy to control most of the industrial of height h (m)
automation. The system identification problem deals with
the determination of a mathematical model for a system or Let,
a process by observing the input output data. Rate of accumulation of mass in the tank=Rate of Mass
Historically, system identification has been needed in flow in - rate of mass flow out
designing a suitable control process for an unknown Its nonlinear dynamics described by the first order
system (black box problem). In most practical systems, differential equation.
such as industrial processes, the actual parameter values
within a known model structure are unknown. This types (1)
of problem are more accurately called as system parameter
identification problems. The need for more accurate
knowledge of system parameters has increased with where v is the Volume of the tank, q is the inlet flow rate
recent advances in adaptive and optimal control. and q  is the outlet flow rate.

Mathematical Modeling of Spherical Tank System: The (2)
schematic diagram of Spherical tank process shown in Fig.
1 is essentially a system with nonlinear dynamics. The where h is the liquid level of tank in cm. 
spherical tank setup has a maximum, height of H (cm) Applying the steady state values and solving the
Maximum radius of r (m). The level in the tank at any equations,
instant is obtained by making mass balance as indicated
below (3)
Let,
q - Inlet flow rate to the tank (m3 /min)1

q - Outlet flow rate to the tank (m3 /min) where,  = 4 R h2

q - Load applied to the tank (m3 /min)L

H - Height of the Spherical tank (m) (4)

Fig. 1: Schematic diagram of Spherical Tank process
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The dynamic model of the spherical tank is given by

(5)

where A(x) is the area of the cross section of tank (i.e.)
A(x) = (2rx – x )2

‘a’ is the cross sectional area of the pipe
 i.e. 

‘d ’ is the diameter of drain pipe,0

Rewrite the equation 5 at time, t + t

t (6)

Combine equation (5) and (6)

(7)

By applying lim  in equation (7) we have, d 0

Therefore,

(8)

 Represents the dynamic model of the spherical tank

level process.

Estimation of Process Parameters: Process reaction
curve method is to approximate a higher order process as
first order with dead time. The open-loop response of the
process is obtained as ‘S’ shaped curve or sigmoid curve
as shown in Figure 3.

Fig. 2: Laboratory set up of a Spherical Tank process

Table 1: Technical Specifications of laboratory setup
Part Name Details
Spherical Tank Material: Stainless Steel

Diameter: 50 cm
Volume: 102 Liters

Storage Tank Material: Stainless Steel
Volume: 48 Liters

Differential Pressure Transmitter Type: Capacitance
Range: (2.5-250)mbar
Output: (4-20) mA

Pump Centrifugal 0.5HP
Control Valve Size: ¼’’Pneumatic Activate

Type: Air To Close
Input: (3-15) Psi

Rotameter Range: (0-18) lpm
Air Regulator Size: ¼’’ BSP

Range: (0-2.2) Bar
I/P Convertor Input: (4-20 ) mA

Output: (0.2-1) Bar
Pressure Gauge Range: (0-30) Psi

Range: (0-100) Psi

Fig. 3: Process reaction curve for estimating process
parameters

(9)

Time constant can be estimated from the equation
given below.

Time constant

 = 1.5(t  – t ) (10)p 2 1

Dead time

t  = t  – (11)d 2

The proposed work is to find the three different
models at various operating regions. Three operating
regions are 20-40%, 40-60% and 60-75%. The obtained
parameters are reported in Table 2.
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Table 2: Process parameters for different operating regions

Operating region K (sec) t (sec)p p d

20-40% (1  region) 0.906 122.587 17.85st

40-60% (2  region) 1.29 237.573 8nd

60-75% (3  region) 1.596 254.025 8.9rd

Table 3: PI parameters 

Z-N method RBFNN method
---------------------- -------------------

Operating region K K K KC I C I

20-40% (1  region) 6.822 0.11 21.8 0.74st

40-60% (2  region) 20.718 0.78 27.85 0.76nd

60-75% (3  region) 16.095 0.58 29.8 0.78rd

Zeigler-Nichols (Z-N) Tuning Method: Once
mathematical model of the plant is obtained, then it is
possible to apply different design techniques to define
controller parameters. On the other hand if the system is
complicated and getting the mathematical model is
difficult, then experimental approaches must be used to
tune the PI parameters [6]. Synthesis tuning is based on
the transient response characteristics of the systems and
determined the values of PI controller. In synthesis
tuning, proposed tuning parameters for a process that has
been identified as first order based on open loop step
response. Their recommended tuning parameters are
shown in Table 3.

Design of RBFNN-PI Controller: PI controllers have
been widely used for level control because of its
practicality and good control performance and the PI
controller is selected as the main part of the proposed
control strategy for the level control. The principle of
novel control strategy is to combine the advantages of
the conventional PI control method and advanced control
technique  (Radial  Basis  Function neural network) [7].
The RBFNN is used for regulating the PI parameters
automatically [8] and it will shorten the time cost of
designing the controller and will increase the controller’s
adaptability.

Fig. 4: Block diagram of RBFNN-PI controller

A Radial Basis Function (RBFNN) network is a three
layer feedforward artificial neural network that uses radial
basis functions as activation functions. The output of the
network is a linear combination of radial basis functions
of the inputs and neuron parameters. Radial basis
function networks have many uses, including function
approximation, time series prediction, classification and
system control [9]. It has the advantage of fast learning
speed and is able to avoid the problem of local minimum
in system control field. Hence the RBFNN is used for auto
tuning the PI parameters in the control strategy. The
Jacobian generalizes the gradient of a scalar-valued
function of multiple variables, which itself generalizes the
derivative of a scalar-valued function of a single variable.
In other words, the Jacobian for a scalar-valued
multivariable  function  is  the  gradient and that of a
scalar-valued function of single variable is simply its
derivative. The Jacobian can also be thought of as
describing the amount of "stretching", "rotating" or
"transforming" that a transformation imposes locally.
Moreover, the Jacobian matrix is important for regulating
the PI parameters in this control strategy.

The designed RBF network has three layers [1]: an
input layer, a single hidden layer and an output layer as
shown in Fig.5. There are two inputs in this network and
the input vector of the RBF network is given as

X = [x ,...,x ]  = [u, y]i= {1,2} (12)1 i
T

where u is the output of PI controller and y is the system
output and i is the number of the neurons in input layer.

In a RBF neural network, the Gaussian function is
used as the activation function [5]. The hidden neurons
implement Gaussian function as the basis function and
the element of radial basis vector H= [h , h2... hj…..h ]1 5

T

can be expressed by.

Gaussian function as follows:

{j=1,2,…5} (13)

where X is the input vector of the neural network as given
by equation (12). C  = [c , c ] the input vector of the jj j1 j2

th

node in the hidden layer, b  is the width Parameter of thej

j  node in hidden layer and j is the number of neurons inth

hidden layer. Thus the network output can be express as
follows:

y (k) = w h  + ... +w h  + ... + w h (14)m 1 1 j j 5 5
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Fig. 5: RBF neural network parameters properly is an important control and the

where w  is the weight from hidden layer to output layer. different situations by using Jacobian matrix.j

Then the performance index function of the neural Firstly, the error function of the network is defined as:
network is defined as follows:

J  = y(k) – y (k) (15)RDF m

where y (k) is the system output at sample k and y (k) ism

the network output. The J  is used to adjust the weightsRBF

of the neural network. The weight of each neuron in
network is adjusted based on the gradient descent
algorithm and the equation is given by:

(16)

The basis width parameter of each node in network
can be adjusted based on the gradient descent algorithm
by using the following equation:

(17)

where b  is the change of the basis width parameter andj

can be expressed as follows:

(18)

Then, the change of hidden layer’s input vector can
be calculated based on the gradient descent algorithm as
follows:

(19)

and the adjustment rule of the hidden layer’s input vector
can be expressed as follows:

(20)

Thus the Jacobian matrix can be obtained based on
the previous calculation:

(21)

It has been known that the PI control performance is
based on the value of PI parameters k  and k . The PIp i

controller can have excellent performance with proper
parameters, otherwise the controller cannot achieve
desired control requirement. Thus, the regulating the PI

designed network is able to tune k  and k  accurately inp i

(22)

Then, the k  and k  auto tuning rule is designedp i

based on the gradient descent iteration method as
follows:

(23)

(24)

where  is the Jacobian matrix given by equation (21).

xc (k), xc () and xc (k) are the inputs of the PI controller.1 2 3

Therefore, the optimum PI parameters can be gained and
then provided to the PI controller in order to get the
desired control performance.

Gain Scheduling Controller: In many situations it is
known that the dynamics of a process change with the
operating conditions of the process. One source for the
change in dynamics will be the known nonlinearities. It is
then possible to change the parameters of the controller
by monitoring the operating conditions of the process.
This idea is called gain scheduling, since the scheme was
originally used to accommodate changes in process gain
only [10]. The schematic diagram of GSC is shown in
Figure 6. Gain scheduling based on measurements of
operations of the process is a good way to compensate
for variations in process parameters or known
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nonlinearities of the process [6]. If we use the informal
definition of adaptive controller, Gain scheduling is a very
useful technique for reducing the effects of parameter
variations. There are also many commercial process
control systems in which gain scheduling can be used to
compensate for static and dynamic nonlinearities [11].

When scheduling variables are determined, the
controller parameters are calculated at a number of
operating conditions [12]. The controller is thus tuned or
calibrated for each operating condition.

Fig. 6: Schematic diagram of gain scheduling controller

RESULTS AND DISCUSSION

The RBFNN-PI controller is designed and applied to
level control of spherical tank process. The Performance
of the RBFNN-PI controller is compared to GSC. The
RBFNN-PI  controller  is  run  for  sequence   of  set
points, that is, 30% (1  region), 46% (2  region) and 61% Fig. 8: Controller output of STP with RBFNN-PI controllerst nd

(3  region). It is compared with a GSC for the samerd

sequence of set point changes. The servo and regulatory
response of STP with RBFNN-PI controller for spherical
tank process are shown in Figure 7 and its corresponding
controller output is shown in Figure 8. Figure 9 shows the
servo and regulatory response of STP with GSC and
Figure 10 shows its corresponding controller output. It is
observed that the settling time is very much high with
gain scheduling controller and whereas very much less
with RBFNN-PI controller.

In RBFFN PI controller when compared to gain
scheduling controller, it is observed that in RBFFN-PI Fig. 9: Servo and regulatory response of STP with GSC
controller follows the smooth tracking towards the given
set point. The performance indices comparison of
controllers is shown in Table 4 and Table 5. The designed
RBFFN controller gives faster response.

The RBFFN PI controller is used to control the level
of Spherical Tank process while applying a load change
of 5% is recorded. The system is also run with a PI
controller while applying the same load changes. It is
clearly observed from the results that for a sudden load
change RBFFN PI Controller returns to the given set point
immediate. The RBFFN PI controller is able to compensate
for the load changes considerably better than gain
scheduling controller. Fig. 10: Controller output for STP with GSC

Fig. 7: Servo and regulatory response of STP with
RBFNN-PI controller
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Table 4: Performance indices comparison
RBFNN PI controller Gain Scheduling Controller
------------------------------------------------------ -------------------------------------------------------

REGION ISE IAE ISE IAE
20-40% (1  region) 371 217 98794 46432st

40-60% (2  region) 454 220 32222 17657nd

60-75% (3  region) 527 287 16875 9356rd

Table 5: Time domain indices comparison
RBFNN-PI controller Gain scheduling controller
--------------------------------------------------------------- ----------------------------------------------------------------

REGION ts (sec) tr (sec) % Mp ts (sec) tr (sec) % Mp
20-40% (1  region) 8 1 41.6 1388 1388 0st

40-60% (2  region) 11 1 78.12 656 656 0nd

60-75% (3  region) 13 1 85.3 482 482 0rd

CONCLUSION 5. Martin Hagan T., B. Howard Demuth and Mark H.

Model of spherical tank process is obtained for three Publishing.
operating regions. Closed loop servo and regulatory 6. Leith, D.J. and W.E. Leithead, 2000. “Survey of gain-
response with RBFNN-PI controller and closed loop servo scheduling analysis and design,” International
and regulatory response with GSC are obtained in Journal of Control, 73(11): 1001-1025.
simulation. Performance indices for RBFNN-PI controller 7. Hunt, K.J. and D. Sbarbaro, 1991. “ Neural Networks
and GSC are computed. The responses are analyzed, from for Nonlinear Internal Model Control”, IEE
the performance it is clear that RBFNN-PI controller Proceeding, 138(5): 431-438.
produces better response for spherical tank process when 8. Hussain, M.A., 1999. “Review of the Applications of
compared with GSC. Neural Networks in Chemical Process Control-
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