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Abstract - This paper shows the development of an experimental setup of liquid level control system for storage tanks with 
linear model predictive control and proportional-integral plus derivative control. As the construction of a linear model 
predictive controller needs the mathematical model of the process to be controlled, therefore this paper also shows various 
methods of identifying the mathematical model of a practical system and after identification they are validated with good 
fitness values. Finally a Linear MPC is designed and applied on the developed model and its performance has been evaluated 
in different process conditions such as external disturbances, measurement noise and different set points. Its performance is 
also compared with PID controlled process on the basis of disturbance and noise handling capability and it is proved that 
MPC is having better disturbance rejection and noise filtration capability than PID controller. 
 
Key Words - Liquid level control system, gray box model, black box model, Linear Model Predictive Control(LMPC), 
Proportional-Integral-Derivative (PID) Control. 
  
I. INTRODUCTION 
 
Liquid level control system acts as the brain of 
process industries like, petroleum and petrochemical 
industries, chemical plants, pharmaceutical industries, 
mixing plants etc. This improves consistency in 
production, economy, productivity, reliability, safety 
and profitability, which is difficult to achieve by 
manual control. To bring automation in liquid level 
control it is compulsory to design a suitable control 
scheme. Control schemes with conventional PID 
controllers are still popular since nineteenth century 
and are used in different process industries for its 
feasibility and easy implementation [1-3] and many 
researchers have tried to modify these controllers [4-
7]. But still there are some issues with these 
controllers like, difficulty in tuning for real time 
applications, less compatibility with MIMO process 
control, less noise and disturbance handling 
capability, disability to optimally control a process. 
So, to find a solution for these kind of problems some 
advanced process control schemes are introduced. M. 
Golob has shown the usage of SCADA and 
Distributed Control System (DCS) technology for 
remote monitoring and control of industrial plants [8]. 
M. Fralazak suggested distributed parameter balance 
based adaptive controller for controlling liquid to 
liquid heat exchangers [9].  
 
J. Tao has proposed a Linear Quadratic Regulation 
(LQR) plus Proportional (P) control system to 
regulate the liquid level within a coke fractional 
tower [10]. Again, P. Bistak has shown the 
application of a two-degree of freedom controller for 
controlling a first-order nonlinear plant with time 
delay [11]. These controllers have improved the 
performance of the plant a bit but, still there are some 
overshoot and oscillations in the plant step response. 

Keeping in mind those issues some researchers have 
thought of such controllers which can predict the 
future as well as correct it based on the measured 
feedback signal and they have applied a new 
controller named Model Predictive Controller (MPC) 
[12-15].   
 
Although many research papers have dealt with these 
Model Predictive Controllers, most of these papers 
have shown the performance of the plant under the 
application of step input to it. But, tuning of MPC 
was not properly done and as a result overshoot and 
oscillations were coming in the step response. Most 
of them have not shown the performance of the 
controller under set point variation and have not 
studied input disturbance rejection and measurement 
noise filtering ability of MPC. This paper not only 
represents those studies but also has compared with a 
properly tuned PID controller performance while 
special care is taken about the tuning of the model 
predictive controller. 
 
II. DESCRIPTION OF THE PROCESS 
 
Here the process under consideration is a laboratory 
scaled liquid level control system where there is an 
overhead tank, inside which level ofwater is 
controlled. Liquid is discharged from this tank to the 
sump tank through a discharge tube and again pumped 
back to the overhead tank by means of a motor plus 
pump set and the inflow to the overhead tank is 
regulated with an electrically actuated inflow valve 
which gets analog control signal from a Honeywell 
HC900 programmable and logic controller. This 
controller gets the feedback signal from a smart 
pressure transmitter mounted at the top of the 
overhead tank. It takes set point as well as controller 
setting from the user through a HMI interface 
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designed using SCADA software and operates the 
process as per the control program stored in it. 

 

 
Figure1:  A laboratory scale model for single tank liquid level 

control with HC9000 microcontroller 
 
III. DEVELOPMENT OF  MATHEMATICAL 
MODEL OF THE PROCESS 
 
Mathematical model of a process provides 
anticipation about the behavior of the process for 
Model Predictive Control and can be developed 
following the methods below, 
Inflow valve is a first order system. Therefore, to 
represent the transfer function of the inflow valve in 
time constant form, it is required to determine open 
loop gain and time constant of the inflow valve. 
 
To determine the inflow valve gain it is required to 
know the inflow rate to the tank at hundred percent 
opening of the inflow valve, Q . This can be 
obtained from the variation of height of liquid level 
inside the tank w.r.t. time at the hundred percent 
opening of the inflow valve. 
Now, Q  can be calculated by the formula given 
below,Q = (∆ )

∆
                                               (1) 

Where, ‘A’ represents the bottom area of the tank and 
∆h  and ∆t denotes change in liquid level height and 
time respectively. 
Now considering the operation of the inflow valve as 
linear the gain of it, K  can be determined as 
following, 

K =
Q

100                                                            (2) 
 
Now for determining the valve time constant the 
maximum operating time of the inflow valve i.e. the 
time taken by the inflow valve to open from zero to 
hundred percent or to close from hundred to zero 
percent is say,T . Considering this time as the 
settling time of the inflow valve system, time 
constant can be determined as, 

T =
T

5                                                               (3) 

 
Therefore, the transfer function of the inflow valve in 
time constant form can be represented as, 

V(s) =
K

sT + 1                                                     (4) 

The equation of outflow rate from the overhead tank 
can be written as, Q = C a (2gh) 
Now, suppose the percentage inflow valve opening is 
changed from VOP to VOP   and the inflow rate to the 
tank is changed from Q  to Q   for this change in 
valve opening. 
Therefore, Q = VOP ×  K , Q = VOP × K  
So, the step change in inflow rate to the tank will be, 
∆Q = (Q − Q ). Now, suppose at the moment 
of application of this step change the height of liquid 
level inside the tank was ‘h ’.Again, the rate of 
change of height of liquid level can be represented as, 

∆h
∆t =

Q − Q
A =

Q − C a (2gh)
A  

or,  ∆h = ( ) .∆t             (5) 
Now, in order to determine the open loop response 
curve an iterative procedure can be followed where 
height of liquid level inside the tank can be updated 
by the following iterative formula, 

h = h + ∆h .∆t                              (6) 
And, time can be updated following the iterative 
formulae as shown below,  

t = t + ∆t                     (7) 
Where, h=height of liquid level inside the tank 
Q =changed value of inflow rate to the tank 
C =discharge coefficient of the tank outlet tube 
            a=cross-sectional area of the tank outlet 
            g=gravitational constant 
            A=bottom area of the tank 
            t=time and ∆t=sampling interval of time  
          k=present iteration number 
Now considering h( ) = h  and t( ) = t  a MATLAB 
program can be made using the iterative formulas as 
mentioned in eq. (6) and eq. (7). Here t  is the 
process dead time.  
In the program the value of ‘h’ and ‘t’ should be 
updated in each iteration by using the iterative 
formulas and should be stored in the array say ‘H’ 
and ‘T’ respectively in each iteration. 
This process should be carried on up to the maximum 
iteration number ‘k ’. 
Now at the end of this process a curve T vs. H can be 
plotted, which will be the open loop response curve 
for the particular step input to the tank. Now, let, 
h  = initial height of liquid inside the tank 
h  = final height of liquid inside the tank 
t  = process dead time, h  = 63.2% of h  
t  = time required to reach the liquid level to h  
Now, the open loop gain of the tank can be 
determined 
as,K = (h − h )/(Q − Q )                      (8) 
And the time constant of the tank can be determined 
as,T = t − t                                                     (9) 
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So the transfer function of the liquid storage tank can 
be represented as, 

T(s) =
K

T s + 1                                                (10) 

Now, in order to get rid of the problem associated 
with process uncertainty it is required to search for 
such an open loop transfer function which gives close 
loop step response approaching to original 
experimental close loop step response for set points at 
least within 40% to 80% of the height of the tank. 
Now, in order to have 40% of the height of the tank 
as the steady state height of liquid the inflow rate 
requirement to the tank is, say Q and to have 80% 
of the height of the tank as the steady state height of 
liquid the inflow rate requirement to the tank is, 
sayQ .  
Now, running the MATLAB program for each and 
every inflow rate values within the range Q  to Q  
i.e. (Q , Q , Q , … … Q ) assuming the initial 
height of water inside the tank to be zero we will 
have several values of open loop gains (K ,
K , K , … … K ) and time constants(T ,
T , T , … … T ). 
Now it is required to make average of these open loop 
gain values and time constant values in order to have 
the mean gain value, K  and mean time constant 
value, T  respectively. 
Therefore,K = ∑ K  , T = ∑ T  
So, the most suited tank transfer function in the close 
loop can be represented as,  

T(s) =
K

T s + 1 

 
Therefore the process mathematical model in transfer 
function form will become, 

G(s) =
K

sT + 1
K

T s + 1             (11) 

Again, for developing Black box model some random 
experiments are done on the process and the unknown 
model parameters are estimated using Particle Swarm 
Optimization (PSO) technique [16] from the input 
and out data collected from the experiment. This 
technique searches for such model parameter values, 
that it can maximize the percentage fit of 
mathematical model response with the experimental 
response.    
 
IV. DESIGN OF LINEAR MODEL 
PREDICTIVE CONTROLLER 
 
MPC is such an advance control mechanism which 
can control SISO as well as MIMO processes while 
satisfying inequality constraints on the input and 
output variables. It requires the model of process to 
minimize the difference between predicted output and 
desired output and can be used in simple and complex 
processes. MPC uses the mathematical model and the 
current measurements to predict future values of 
outputs. Then it does appropriate changes in the input 

variables to the actual process based on both 
predictions and measurements. A block diagram of a 
standard Linear MPC is represented in figure 2. 

 
Figure 2:Block diagram of a standard Linear MPC. 

 
Any standard Linear MPC consists of three main 
components namely, optimizer, control action block 
and state estimator. The optimizer takes the reference 
signal and the output of the state estimator and 
minimizes the cost function subjected to different 
equality and inequality constraints. For Linear MPC 
the cost function takes the following form, 

J = (R − Y) (R − Y) + ∆U R∆U                 (12) 

Where, R =

1 1 ⋯ 1
1 1 ⋯ 1
⋮ ⋮ ⋱ 1
1 1 ⋯ 1 ×

r(k )( × ), R =

r I( × ) 
m, p = number of inputs and outputs of the plant 
respectively, 
r, k  = reference signal and the current sampling time 
instant respectively. 
Y = predicted output vector, which includes N  
number of future output sequences 
For the prediction of this Y vector the state space 
model of the process plant is required. This also 
requires the current state vector information, which 
can be obtained from the output of the state estimator. 
Here the task of the optimizer is to search for such a 
set of N  number of optimal incremental future 
controller output sequences, ∆U, so that the cost 
function, Jis minimized satisfying all the constraints 
such as constraints on the absolute value of the 
controller output, rate of change of controller output 
and constraints on the process plant output.Hildreth’s 
Quadratic Programming (HQP) algorithm [17] can be 
used for solving this constrained optimization 
problem. 
Here N  , N  and r  are called as control horizon, 
prediction horizon and weighting factor respectively 
and are used as the parameters for tuning a Linear 
MPC. 
The control action block takes the output of the 
optimizer block, ∆U i.e. the set of optimal 
incremental future controller output sequences and 
takes out only the first incremental control move from 
that set. Then it determines the current absolute value 
of the controller output, u(k )by doing the addition of 
the first incremental control move with the absolute 
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value of the controller output at the previous 
sampling instant of time, u(k − 1) i.e. 
u(k )

= u(k − 1) + I( × ) O( × )O( × ) … O( × )

( )

∆U 

(13) 
This principle of taking the control action is called as 
Receding Horizon principle. 
It has already been seen for the optimizer that it 
requires the current state vector for doing the 
optimizing action. As all of the state variables of a 
process plant generally are not measureable so it 
arises the need of a state estimator which can estimate 
the current state vector depending on the plant input 
applied, the plant output measured through the 
sensors and the measurable disturbance vectors, if 
any. This sate estimation can be done with the help of 
the following equation, 
x (k + 1) = A x (k) + B u(k) + B ω(k)

  

+ K (k) y(k)− C x (k)   (14)
  

 

Wherex , u, y,ω denote estimated state vector, input, 
output and the measured disturbance vector of the 
plant respectively. 
Here, 퐾  denotes the time varying observer gain 
which can be calculated with the help of time varying 
kalman filter algorithm[17], by means of which 
measurement sensor noises can also be filtered from 
the measured plant output. Thus, whatever state 
vector is estimated is fed to the optimizer block for 
taking the next optimizing action. 
 
V. RESULTS AND DISCUSSIONS 
 
Process mathematical model can be identified 
following the gray box model approach with the help 
of the MATLAB program and design parameter 
details of the process. In the experimental setup taken 
here the SCADA software, which acts as a Human 
Machine Interface(HMI),stores the data in a different 
unit, where 1 cm = 2.869 unit. That is why the values 
are written in that unit above. Again, with the help of 
equation (1), (2), (3) and (4) the inflow valve transfer 
function can be obtained as, 

V(s) =
K

T s + 1 =
75.36

14.4s + 1 

Again following the methods as described in section 
II and using the design parameters’ values shown in 
table 1 the following tank transfer function can be 
obtained as, T(s) = .  
Therefore the process transfer function model 
becomes,G(s) = .

.
.  

=
0.3903

1503s + 105.8s + 0.1 

A. Process mathematical model identification 
result following Black box model approach 
A black box model of the process under consideration 
can be obtained following the procedure as shown in 
section III and in transfer function form the process 
model comes,  

G(s) =
0.2758

1000s + 748.3s + 0.07063 
Process mathematical model validation 
For checking the process mathematical models 
identified through Gray box and Black box model 
approach one close loop experiment is done on the 
experimental setup with PID control taking the PID 
setting, K = 20 , K = 1and K = 0. In this 
experiment the initial height of water inside the tank 
was 59.2 unit and the set point was set at 80 unit 
height and the variation of the process value with 
time is recorded. Here,taking the identified process 
models and considering the same PID setting one 
MATLAB Simulink is made where, the same step 
input and same offset value is used for checking the 
validation of the models identified.The validation 
result as obtained from the simulation is shown in 
figure 3. 
 

 
Figure 3: Process model validation result 

 
This graphical representation of the validation result 
shows that the step responseof the Grey box model 
and the step response of the black box model 
identified are closely matching with the experimental 
step response obtained with 85.63% for Grey box and 
82.3% for Black box model. From this comparison 
study it can be said that, the process mathematical 
models, identified following Gray box and Black box 
model approach are valid practically. 
 
B.  Configuration of the PID controller 
Before using the PID controller in the control loop it 
is required to tune it properly to get better response 
from it. Now by using a Particle Swarm Optimization 
(PSO) program [16] a PID controller can be tuned if 
the mathematical model of the process to be 
controlled is known. Therefore, the tuning result, 
which is applied to the PID controller is, 

퐾 = 5,퐾 = 0.00113098,퐾 = 0 
 
C. Configuration of the Linear Model Predivtive 
Controller 
During configuration the LMPC tuning parameters 
are set as, Prediction horizon, N = 100 sec.Control 
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horizon, N = 10 sec. and Weighting factor, r =
0.6 
The transfer function model as developed following 
Gray box model approach is converted into state 
space and discretized with 1 second sampling interval 
of time and used for the Linear Model Predictive 
Control. Therefore the A, B, C and D matrices of this 
state space model comes as, 
A = 0.9320 −0.0001

0.9656 1.0000 ,B = 0.9656
0.4885 , 

C = [0 0.0002597]andD = 0 
D. Comparison study between the performances of 
LinearModel Predictive Controller and PID 
controller 

 

 
*UD,MD=Unmeasured and measured input disturbance 

 
Figure 4: Graphical results of comparison studies between 

performances under PID control and Linear MPC 
(a)Comparison on the basis of performance under set 
point variation (b) Comparison on the basis of 
unmeasured disturbance rejection capability (c) 
Comparison on the basis of noise filtration ability.  
 

Table.1Tabular representation of comparison study on the 
basis of performance under set point variation obtained from 

the graphs as shown in figure 4(a) 
 

Disturbance 
magnitude 

(unit
/sec ) 

Controller 
name 

Disturbance 
clearing 
time 
(sec.) 

Maximum 
deviation 
(unit) 

+20 
LMPC(MD) 104 0.6205 
LMPC(UD) 135 2.5421 
PID 174 2.6999 

-20 
LMPC(MD) 66 -0.3484 
LMPC(UD) 135 -2.5421 
PID 197 -2.6982 

Table.2Tabular representation of comparison study on the 
basis of disturbance rejection capability obtained from the 

graphs as shown in figure 4(b) 
 
The results of thegraphical comparison study under 
set point variation shown in figure 4(a) are 
represented in tabular form through table 1 where, 
comparison between PID and Linear MPC is done on 

Change 
in set 
point 
(unit) 

Controller 
name 

Rise 
time 
(sec.) 

Settling 
time 
(sec.) 

Steady 
state 
error 
(unit) 

0 to 50 LMPC 147 239 -0.0280 
PID 153 499 0.5251 

50 to 80 LMPC 86 193 -0.0254 
PID 87 499 0.9585 

80 to 60 LMPC 216 396 0.0049 
PID 223 435 1.1423 
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the basis of rising time, settling time and steady state 
error and it is seen that under Linear Model 
Predictive Control process plant is taking less rising 
time, settling time and showing less steady state error 
as compared to PID control for the three step changes 
applied to it. 
 
Again while comparing Linear MPC with PID on the 
basis of disturbance rejection capability, a sudden 
change in pump pressure, which results in sudden 
change in inflow rate to the overhead tank is 
considered to be an input disturbance where, the 
positive and negative disturbances applied denotes 
increment and decrement in inflow rate respectively. 
This comparison study is graphically represented in 
figure 4(b) and a tabular representation of its result is 
shown in table 2, from where it is seen that the 
disturbance clearing time as well as the maximum 
deviation from steady state during disturbance are 
less under Linear Model Predictive Control as 
compared to PID control. For the experimental setup 
under consideration there is no device for measuring 
the input disturbance. However if the input 
disturbance is considered to be measured and if 
applied to the measured disturbance terminal of the 
Linear MPC then according to table 2 disturbance 
clearing time is reduces more than the unmeasured 
disturbance case and here from the values of the 
maximum deviation during disturbances it can be said 
that Linear MPC almost nullifies the effect of the 
disturbance here.  
 
Figure 4(c) shows the comparison study on the basis 
of measurement noise filtration ability from the 
feedback signal coming from the smart pressure 
transmitter. This study shows that Linear MPC is 
smartly filtering out the actual feedback signal from 
the noisy environment whereas, PID controller is not 
having that facility. That is why this noise is reflected 
at the controller output under PID control but under 
Linear Model Predictive Control controller output is 
smooth as the noise is already filtered from the 
feedback signal. Although the mean value of the 
noisy controller output signal is practically taken by 
the electrically actuated inflow valve due to its 
sluggish nature, its life time decreases in that case. 
 
CONCLUSION 

 
From this paper it can be realized that during set point 
variation under Linear Model Predictive Control 
process shows faster response with negligibly small 
steady state error compared to PID control. When the 
process is subjected to input disturbance Linear MPC 
shows less disturbance clearing time as well as less 
deviation from the steady state value as compared to 
PID controller. Again, when the process feedback 
signal is subjected to measurement noise it is 
reflected to the controller output for PID controller 
because of less noise filtration ability, where, Linear 

MPC can smartly filter out the measured feedback 
signal from the noisy environment with the help of its 
in built noise filter. Therefore, it can be concluded 
that as per the overall response is concerned Liner 
Model Predictive Controller shows better 
performance than PID controller. Hence usage of 
Linear Model Predictive controller can be profitable 
in the process industries.  
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