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Abstract

Evaluating control loop performance has attracted
considerable interest in recent years. Different kinds
of performance indices have been developed and
tested with simulation models and offline process data
before implementing them in real automation system
or performance monitoring tool. For developing and
simulation stages of process control and control per-
formance monitoring, Matlab is often regarded as an
efficient tool among both academic researchers and
industry. As a major drawback, however, there have
been only reduced possibilities to connect it directly
to the distributed control system (DCS) and program-
mable logic controllers (PLCs) of the plant for testing
the designed algorithms with the real application. An
easy way to establish a link between DCS or PLC and
plant or process simulator running in an ordinary PC
hardware is provided by OPC (OLE for Process Con-
trol) data access specification. Now, the same data ex-
change principle is emerging to be applied also with
Matlab-based control engineering tools. In this paper,
a simulation environment consisted of Matlab-based
process simulation, control and monitoring tools and
connected to the commercial PC automation system by
the aid of OPC is demonstrated. A summary of typi-
cal performance indices and case studies of real-time
control performance assessment are given.

1 Introduction

While the number of control loops in industries is con-
tinuously increasing, the supervision and maintenance
of these control loops has become very time consum-
ing and challenging task. The demands for the process
operators are not, however, set by the complexity of
the controller structures because typically over 90%

∗Corresponding author. E-mail: Riku.Pollanen@lut.fi

of the control loops in a process-control plant are im-
plemented using traditional PI-controller. Neverthe-
less, surveys carried out in 90s have revealed that only
about 20% of the control loops were found to work
well and decrease process variability [1]. As a moti-
vation to maintain and improve the performance of the
control loops, the improvement of the product qual-
ity, increased productivity, reduction of energy and
raw material consumption and longer life span of the
process actuators can be mentioned.

Evaluating control loop performance has attracted
considerable interest in recent years. Different kinds
of performance indices have been proposed and re-
ported by several researchers. The evaluation methods
can be divided into two categories: stochastic and de-
terministic [2]. Many reported industrial applications
of control performance monitoring is mainly based on
the principle of the Minimum Variance (MV), a sto-
chastic method suggested by Harris [3]. In this method
the actual process output variance is related to the
minimal achievable variable, which is estimated using
only the measurement of the process output and the
process time-delay. Another loop monitoring system
based on similar ideas have been proposed in [4]. A
modified version of Harris’ method has been proposed
by Horch [5].

Deterministic methods are useful especially when the
transient behaviour of the control loops is to be evalu-
ated but they can be also applied to detect the steady-
state performance. Various dimensionless indices have
been presented in the literature, see e.g. [6], [7] and
[8]. Oscillations in the control system can be iden-
tified by the methods proposed by Thornhill [9] and
Hägglund [10]. Hägglund [11] presented also a mea-
sure, the Idle index, to describe the sluggishness of the
control loop.

The recent development of information technology in
automation has been shifting from DCSs towards PC-



based systems and the specifications for open connec-
tivity. These together with the development of simu-
lation tools and the increase of computing power have
made it possible to extend the use of simulation-aided
methods in process control engineering. Applications
of dynamic process simulators connected with DCS
using OPC standard for operator training, automation
design and testing purposes have already been reported
e.g. in [12–14]. Lately, the OPC connectivity has been
released also for Matlab by several vendors facilitating
thus the integration of the widely-used development
environment with practically any automation system.

This paper presents a real-time simulation environ-
ment consisted of Matlab-based process simulator,
controller and monitoring tool connected to the com-
mercial PC automation system by the aid of OPC. The
environment is used for demonstration, testing and
evaluation of different control performance monitor-
ing indices. The presentation is organized as follows.
In chapter two the indices for monitoring the control
loop performance are briefly summarized. The archi-
tecture and implementation of the real-time simulation
environment is presented in chapter three. Experimen-
tal and numerical results are given in chapter four, and
conclusions are drawn in chapter five.

2 Control loop performance monitor-
ing

The assessment of the performance of the process un-
der feedback control, shown in Fig. 1, is usually con-
sidered in two different states: in a transient situation
due to a set point change or an occurrence of a load dis-
turbance and in normal steady-state operation. Steady-
state indices may be calculated continuously, whereas
the set point change and load disturbance rejection in-
dicators are typically evaluated only for a certain time
period after the detection of the set point change or the
disturbance. Different indices can be selected for mon-
itoring and to assess the control performance in these
two states.

2.1 Steady-state indices

The purpose of the steady-state indices is to evaluate
the control performance in the case of a non-varying
set point. The following steady-state indices were pro-
grammed in the process monitoring tool discussed in
chapter 3.2.

Oscillation index [10] can be used to detect the oscil-
lations of the process output around the set point. The
index is calculated by monitoring the values of Inte-
gral of Absolute Error (IAE) between consecutive zero
crossings of the control error

IAEi =
Z ti

ti−1

|e(t)|dt =
Z ti

ti−1

|r(t)− y(t)|dt (1)

where ti−1 and ti are two successive instances of zero
crossings. The oscillation index is calculated recur-
sively by using the forgetting factor γ as

OSCi = γOSCi−1 +(1− γ)DISTi (2)

where the value of DISTi depends on the IAEi and the
predefined limit IAElim as

DISTi =
{

1, IAEi ≥ IAElim
0, IAEi < IAElim

(3)

The forgetting factor is defined as

γ = 1− 1
5τ

(4)

where τ is an estimate of the time constant of the
process [2].

Integral of the Squared Error (ISE) can be used to
monitor the stochastic variations around the set point
value, which are too short-term to be observed by the
oscillation index. The on-line calculation of the ISE
index can be done recursively as

ISEi = γISEi−1 +(1− γ)e(t)2 (5)

Contrary to the classical ISE the index evaluated by
Eq. (5) converges to zero if the control error is zero.
Large control deviations are emphasized by the ISE
index.
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Figure 1: Block diagram of the linear feedback control
system.



To measure the amount of control effort an index de-
noted as ISU can be used. It is calculated similar to
ISE index

ISUi = γISUi−1 +(1− γ) [ui−ui−1]
2 (6)

Steady-state error or Permanent Error (PE) between
set point and controlled process output can be moni-
tored with index

PEi = γPEi−1 +(1− γ) pi (7)

where

pi =


−1, ei <−elim
0,−elim < ei < elim
1, ei > elim

(8)

elim is the user-definable largest acceptable value of the
control error. Zero value of the PE index will denote
that the control error is inside the tolerance band, but
when the value approaches either +1 or -1 it means that
permanent error between set point and control variable
exists. The sign of the index denotes whether the error
is positive or negative.

Another useful indicator for evaluating the steady-
state error is to calculate the expected or the mean
value of the measured process output. Recursively this
can be performed by

µy,i =
i−1

i
µy,i−1 +

1
i
yi (9)

which actually represents an adaptive low-pass filter,
the pole of which approaches to one but never reaches
it.

Last two steady-state indices calculated in the process
monitoring tool are the variance of the process out-
put and the Minimum Variance (MV) index [3]. An
equation suitable for on-line calculation of the process
output variance can be formulated as

σ
2
y,i =

i−1
i

σ
2
y,i−1 +

1
i−1

[yi−µy,i]
2 (10)

The convergence of the variance close to the final
value takes a while, because of the settling time of the
mean value calculation. The Minimum Variance index
is defined by

MV =
σ2

mv

σ2
y,i

(11)
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Figure 2: Set point step response and key values to be
determined for performance evaluation.

where σ2
mv is the estimate of the minimum achievable

output variance. Harris [3] showed that the minimum
achievable variance can be calculated from

σ
2
mv =

(
h2

0 +h2
1 + . . .+h2

k−1
)

σ
2
v (12)

where hi are the parameters of the impulse response
of the closed loop transfer function Gvy(q−1) from the
zero mean white noise v(t) with variance σ2

v to process
output y(t) and k is the time delay of the process (see
Fig. 1). An estimate of σ2

v is obtained from the iden-
tification of Gvy(q−1) using a prediction error method
as the final value of the loss function [15].

2.2 Set point change indices

Four indices have been selected for evaluating the con-
trol performance in a set point change. Calculation of
these indices is started when a set point change is ob-
served and it is performed for a predetermined time pe-
riod defined in the monitoring tool parameters by the
user. Usually a multiple of the process time constant
estimate is recommended.

The key values to be determined from the measured
process response to a set point change are the rise time
tr, the settling time ts, approximation of the closed-
loop time constant τcl and the maximum and minimum
values of the process output after the rise time as illus-
trated in Fig. 2.

Performance indices evaluated for a set point change
are the dimensionless indices for rise time and settling
time expressed as follows



SPD =
tr
τ

(13)

T IME =
ts
τ

(14)

and an index describing the relative size of the over-
shoot

AMP =
ymax− ymin

∆r
(15)

where ∆r is the magnitude of the set point change. It
should be noticed that the time constant used in calcu-
lation of the dimensionless indices SPD and T IME is
the open-loop time constant τ of the process, not the
estimated one τcl for the closed-loop system.

Process monitor program calculates also an index, de-
noted here as a saturation index SAT, which describes
the time tact that the actuator utilisation uact is greater
than 90 % or smaller than 10 % of the actuator dy-
namic range udr with respect to the time needed to
carry out the set point change. Here the estimated
closed-loop time constant τcl is used as this reference
time value. In [2] the approximation of the time con-
stant τ was applied as a reference time and the index
was referred to as a valve capacity index. The satura-
tion index is therefore calculated as

SAT =
R

τcl
0 tactdt

τcl
(16)

where

tact =
{

0, uact ∈ [0.1udr . . .0.9udr]
1, uact < 0.1udr∨uact > 0.9udr

(17)

Values close to one indicate improper actuator sizing
while the values near zero show a correct dimension-
ing.

3 Real-time simulation environment

3.1 System architecture

The real-time simulation environment consists of four
main parts: Matlab/Simulink software, TwinCAT PLC
and OPC Server and IPCOS OPC interface for Mat-
lab (OPC client). These components and required sub-
components are installed in one RedHat 6.2/RTLinux
2.0 and two Windows 2000 workstations (WS) as de-
scribed in Fig. 3. WS1 operates as a host PC for
the software-based PLC while the process simulator

is running on WS2. OPC server is located on the WS1
while both WS1 and WS3 contains the OPC clients.
Process simulator is based on the Simulinux, a propri-
etary program from Quanser that allows development
of RTLinux code using Matlab. The process simula-
tor is connected to the I/Os of the PLC through the
Quanser’s 8 channel hardware in the loop I/O board
and twisted pair cabling. The I/O system of the PLC is
based on the PROFIBUS-DP fieldbus. The OPC server
and the client of the WS3 are networked through Eth-
ernet and TCP/IP protocol.

3.2 Process monitoring tool

Process monitoring tool in WS3 is implemented in
Matlab using its own programming language and the
Graphical User Interface Development Environment
(GUIDE). The program has the following three main
functionalities: 1) initialization and creation of the
OPC connection, 2) Minimum Variance (MV) Tool
and 3) the process monitoring, the last of which in-
cludes e.g. functions for the data request and calcu-
lation of selected performance indices. The GUI of
the process monitoring tool consists of the main view
shown in Fig. 4 and five other subviews such as OPC
parameter view and MV Tool view presented in Fig. 5.
Process monitoring can be performed either online us-
ing the OPC connection or off-line for the presampled
data. Trends of the selected performance indices are
plotted for the user-selectable period of time. Index
values are also indicated as numerical values next to
the corresponding check boxes and index titles. Moni-
toring results can be saved into a file for further analy-
sis.

MV Tool is a group of functions needed to estimate
the minimum achievable process variance from the
process measurements. It may also be used for time
series modelling of the processes and for estimating
the process delay.
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Figure 3: Schematic of simulation system architecture.



Figure 4: Main view of the process monitoring tool.

4 Simulations and results

Two different process models were used to test the in-
dices described in chapter 2. For steady-state opera-
tion a process model described in [16] was used. The
process is described by a discrete time transfer func-
tion

Y
(
q−1) =

0.33
1−0.67q−1 q−4U

(
q−1)+D

(
q−1) (18)

where U is the input and the disturbance transfer func-
tion D is described by the transfer function

D
(
q−1) =

1−0.4q−1

1−0.67q−1 v
(
q−1) (19)

where v is independent white noise sequence with
variance σ2

v = 0.36. Because of the architecture of
the simulation environment the sampling of the OPC
server cannot be synchronized with the process sim-
ulator computer. This behaviour poses some prob-
lems if a pure discrete time process model were used
in the process simulator. The samples produced by
the simulator cannot be transferred through the net-
work immediately when they have become available
and therefore the signal properties would suffer badly

and consequently the information given by the samples
would be inaccurate. This would in turn affect for ex-
ample the minimum variance estimate of the process.
To overcome the synchronizing problem the process
model (18) was transformed back to the Laplace do-
main by Matlab’s function d2c with zero-order-hold
as the method and 100 ms as the sample time. This
yielded a continuous time transfer function

Y (s) =
4.005

s+4.005
e−0.4sU (s) (20)

The PC automation system was then set to sample this
process at much faster sample rate (1 kHz) compared
to what was used in back-transformation. Now the
sampling synchronisation is not an issue anymore be-
cause the OPC server can take its samples whenever it
wishes and the samples are still representing the cur-
rent state of the process accurately. The noise transfer
function does not have to be transformed. The con-
troller used in the simulations was a PI-controller of
the form

U (s) = Kp
Tis+1

Tis
E (s) (21)

where E (s) = R(s)−Y (s).



Figure 5: Captures of the OPC parameter and MV Tool
views.

The reference signal r was set to zero as the model was
used to evaluate steady state indices. Parameters of the
PI-controller were adjusted using the λ-method [17].
The process model and the controller used to evaluate
the setpoint change indices was completely different.
This time the process simulator computer carried out
only the process modeling. The controllers were pro-
grammed into Matlab that resided on the same com-
puter as the OPC server and PC automation system.
Control and feedback signals were transferred over the
Ethernet network. The reference signal r was directly
set from the controller interface and it was also sent to
the OPC server for the process monitoring purposes.
The process model used in transient situation was a
fictitious heating process depicted in Fig. 6. The con-
trol objective of the cascaded control structure was to
regulate the outgoing liquid temperature. The transfer
function models for the valve and the heater were

Figure 6: Instrumentation chart for a process to test
setpoint change indices

G1 (s) =
1

(s+1)2 (10s+1)
(22)

and

G2 (s) =
1

(3s+1)(30s+1)
(23)

respectively.

4.1 Steady-state indices

First, the feasibility of the estimation of the minimum
achievable variance σ2

mvfrom the data points collected
from the OPC server was evaluated. The controller
was tuned for λ = 0.1. The process output variable was
observed with four different sample lengths 100, 500,
1000 and 5000 using the sample rate of 100 ms. Each
sampling was repeated 100 times. As described in [16]
the theoretically calculated minimum variance for the
process is σ2

mv = 0.4033. The developed MV-tool was
used to fit an ARMA time-series model for each of
the samples and then the minimum variance estimates
σ̂2

mvwere calculated using the impulse response of the
model. Fig. 7 shows the histograms of the estimated
minimum variances σ̂2

mv and noise variances σ̂2
v along

with the mean values and the standard deviations of
the estimates. It can be seen that the mean values are
very close to the theoretical one. An even more impor-
tant matter, however, is that deviation of the estimates
decreases as the sample length increases. This leads
to a conclusion that OPC can be reliably used in data
acquisition for process monitoring purposes.



Next, the rest of the steady-state indices were evalu-
ated. Indices were calculated for the controllers tuned
with λ values of 0.1, 1.3, 3 and 7. Fig. 8 shows the
simulated closed loop responses for a step change in
reference signal. The process monitor application was
used to collect data at 10 Hz sample rate from the OPC
server and to calculate the indices online. After the ex-
periment, all indices were saved into a file for further
analysis. Other user-definable parameters used in cal-
culations were: τ = 2s, IAElim = 0.1 and elim = 0.05.
Figs. 9-12 show the indices and some summary sta-
tistics for different controllers. All the indices for this
particular process seem to share the same behaviour:
They decrease in average as the closed loop dynamics
are slowed down. This observation might not be so ev-
ident by plotting and examining only the time domain
trends.
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Figure 7: Histograms for the estimated minimum vari-
ances in the first column and noise variances in the
second column for different sample lengths.
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Figure 8: Step responses for each tuning parameters.
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Figure 9: Steady state indices for λ = 0.1.

0 50 100 150 200
0

1

2

IAE
i
: µ = 0.18

0 50 100 150 200
0

0.5

1
OSC: µ = 0.20

0 50 100 150 200
0

1

2
ISE: µ = 0.52

0 50 100 150 200
0

0.5
ISU: µ = 0.07

0 50 100 150 200
−1

0

1
PE: µ = −0.013

0 50 100 150 200
−0.1

0

0.1

µ
y
: end value = 0.001

0 50 100 150 200
0

0.5

1

σ
y
2: end value = 0.52

Figure 10: Steady state indices for λ = 1.3.
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Figure 11: Steady state indices for λ = 3.
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Figure 12: Steady state indices for λ = 7.

4.2 Setpoint change indices

The second process given by Eqs. (22) and (23) and
illustrated in Fig. 6 was controlled by two cascaded
PI controllers that were tuned to yield different kind
of step responses. Different tunings were obtained by
varying the proportional gains of the controllers, while
the integration time constants were kept the same. For
digital implementation the controllers were discretized
using the bilinear approximation with sampling time
of 0.5 s. During the experiment the process monitoring
tool was used to collect the process data with sampling
time of 1 s, after which the setpoint change indices
were determined. The step responses of the manipu-
lated variable and controlled variable are presented in
Fig. 13 and index values are given in Table 1. The in-
dices were calculated using the following parameters:
τ = 60 s, elim = 0.05 and the actuator dynamic range
was defined to be 0≤ udr ≤ 5. According to the results
the case b) seems to give the best overall performance
due to the fastest response times. It also exhibits an
acceptably small oscillating behaviour (AMP), though
not the smallest. Control action requirements (SAT in-
dex) are seen to be in tolerable range in all the cases.

Although it is a bit questionable how to set the index
calculation parameters (e.g. τ) for complex processes
having more than one pole or when the process trans-
fer function is unknown, these indices seem to be able
to give supporting quantitative measures for the phe-
nomena that can be also seen from the step response
figures. These measures might help the control engi-
neer to compare different tuning parameters and select
the most appropriate.
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Figure 13: Setpoint change responses for different
controller tunings.

Table 1: Setpoint change indices for different con-
troller tunings presented in Fig.13. The smaller the
the index the faster (TIME,SPD, etc) or less oscillat-
ing (AMP) is the process.

case TIME SPD AMP SAT ts tr τcl

a) 0.91 0.28 0.16 0.24 55 17 17
b) 0.74 0.22 0.28 0.33 45 13 15
c) 3.5 0.42 0.62 0 209 25 30
d) 3.5 2.27 0.10 0.03 208 136 76
e) 1.7 1.05 0.10 0 100 63 33

5 Conclusions

Demand for real-time process simulation environ-
ments and analysis tools, with which process mod-
els, control algorithms and maintenance supporting
systems, such as process monitoring applications, can
be interconnected and networked with DCS or PLCs
has clearly increased among automation system and
process control engineers. PC workstation based tech-
nologies together with OPC connectivity has turned
out to be one competitive answer to this development.
In this paper an alternative for a real-time simulation
environment was presented. The system consisted of
Matlab-based process simulator, controller and perfor-
mance monitoring tool connected to the commercial
PC automation system by the aid of OPC. Case stud-
ies of the real-time control performance assessment
with developed simulation environment were demon-
strated. It was concluded that OPC can be reliably
used in data acquisition for process monitoring pur-
poses and that investigated performance indices pro-



vide at least supporting quantitative measures for con-
trol loop assessment.
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