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ABSTRACT A tracking simulator is a decision support application in which dynamic estimation is used
to continuously align the results of an online first principle simulation model with the measurements of
the targeted plant. They are a holistic application where current and future plant information is available
for operation support of process plants. Existing tracking simulators have focused on the application of
online and offline methods for estimation of their underlying first principle models (FPMs). However, these
systems have been less attractive than similar alternatives based on empirical modeling, due to the lack of
systematic approaches that address challenges across the tracking simulation lifecycle, such as laborious
development of FPMs and high integration costs with the process or with other systems and simulation
methods. In contrast, the approach presented in this paper integrates a tracking simulation architecture
and various simulation methods to address the described challenges as follows. In order to tackle time-
consuming development of FPMs, a method for generating tracking simulation models from models created
during design phase is proposed. The process of connecting the tracking simulator to the physical plant and
initializing the tracking simulator is automated. An optimization method for tracking simulation applications
is developed to overcome drawbacks of available methods. The simulation architecture developed applies the
proposed methodology during the various phases of tracking simulation. Furthermore, it exploits industrial
communication standards to avoid the need for point-to-point integration of various simulators and other
systems used over the course of the tracking simulator lifecycle. The work is demonstrated with laboratory
process equipment.

INDEX TERMS Online simulation, OPC UA, process simulation, tracking simulation, simulation
architecture.

I. INTRODUCTION
Dynamic first principle models (FPMs) are mainly devel-
oped based on preliminary design material in the engineering
phases of the process plant lifecycle where they are used
for equipment detailed design, for testing the control sys-
tems and for procurement planning [1]–[4]. During the last
decades, simulation models have also started to be developed
during process operation and then run online together with
the plant to be used for control and for decision support
[1], [5], [6]. In these systems, known as online model-based

applications (OMBAs) [1], an online simulation model is
continuously synchronized with the state of the physical pro-
cess by dynamic estimation. While OMBAs for control are
mainly utilized formodel-predictive control [7], decision sup-
port OMBAs have been used for various applications, such as
process monitoring, anomaly detection and forecasting [8].

Recent efforts on the development of systems that integrate
OMBAs for decision support have resulted in the implemen-
tation of tracking simulation systems [9]. Tracking simulators
can be used to support maintenance decisions, to optimize
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operation, or to diagnose and detect failures. Furthermore,
once the simulated state is alignedwith the process, the online
simulation model can be sped up to provide predictions based
on the current state of the plant. Tracking simulators combine
the strengths of the different variations of decision support
applications based on OMBAs to deliver a powerful system
where current and future plant data are available.

However, tracking simulation systems have been less
attractive than similar alternatives based on empirical mod-
elling, due to the lack of systematic approaches that address
challenges across the tracking simulation lifecycle, such as
laborious development of FPMs as well as high integration
costs with the process or with other systems and simulation
methods [1]. Although research in modelling and simulation
of industrial systems has provided several methods to tackle
issues related to state estimation and data-driven optimization
of FPMs, studies in this area have not focused on the devel-
opment of online simulation architectures to reduce the man-
ual engineering effort required to apply simulation methods
through the tracking simulation lifecycle [10]. Consequently,
there is a need for methods to increase industrial adoption of
tracking simulation systems.

In this work, the described challenges are addressed as
follows. A method for generating tracking simulation mod-
els from design phase models is proposed. The process of
connecting the tracking simulator to the physical plant and
initializing the tracking simulator is automated. Optimization
methods for tracking simulation applications are developed to
overcome weaknesses of available methods. An architecture
is developed to avoid the need for point-to-point integration
of various simulators and other systems used over the course
of the tracking simulator lifecycle. The work is demonstrated
with laboratory process equipment.

This paper is structured as follows. Section II provides
an overview of related work. Section III presents the pro-
posed architecture and the description of the methodology
followed. The implementation of the proposed system is
presented in Section IV and the results are shown in SectionV.
The conclusions and future work are finally presented
in Section VI.

II. RELATED WORK
A. CLOSED-LOOP AND OPEN-LOOP OMBAS
Online model-based applications (OMBAs) [1]–[3], also
referred in some studies as symbiotic simulation systems
[8], [11]–[13], have been defined as online simulation sys-
tems based on an up-to-date condition of the targeted plant
which are able to reliably estimate the current state of the
process through dynamic estimation. During the last decades,
industrial OMBAs have been developed in the process indus-
try for applications that range from plant monitoring and
forecasting to model-based control [1], [5], [6]. In OMBAs,
the simulation model takes advantage from real-time mea-
surements by adjusting its results through dynamic estimation
[2], [14]. However, the way the physical system benefits

FIGURE 1. Closed-loop and Open-loop online model-based applications
(OMBAs). Tracking simulators integrate the different variations of
Open-loop OMBAs.

from the simulation results depends entirely on the feedback
connection configuration of its simulation architecture [5].
Thus, OMBAs are classified into Closed-loop control and
Open-loop advisory online model-based applications [1], [8],
as shown in Fig. 1. Closed-loop control OMBAs are those
in which a feedback connection is used to directly imple-
ment process control actions. They interact directly with
the plant as the feedback connection is coupled straightly
with the process regulatory control layer. Closed-loop control
OMBAs have been used for developing soft sensors [15], [16]
or for optimizing process operation trajectories [17].
However, model-predictive control (MPC) is arguably the
most common application of these systems [7].

In Closed-loop OMBAs, the plant’s control layer directly
uses the model results. Thus, real-time requirements of indus-
trial control systems often limit Closed-loop OMBAs to
focus on controlling specific process subsystems. Moreover,
Closed-loop OMBAs are often based either on reduced and
linearized FPMs or on data-driven models derived from pro-
cess time series, further limiting their application to operating
regions where reliable process data has been collected [18].
As a result, holistic and detailed information of the current
plant state cannot always be derived from the simulation
model of Closed-loop OMBAs.

In contrast, Open-loop advisory OMBAs are those in
which no feedback is created to the physical system. They are
based either entirely on FPMs or on hybrid models where the
model structure is derived following physical principles and
data-driven alternatives are used to estimate model parame-
ters or uncertainties. They can cover wider process subsys-
tems at any process operating region and detailed information
of the entire process current and future states can be accessed
from their simulation model. Open-loop OMBAs are used
mainly as support systems and any control action based on
their results must be taken by an external decision maker.
Open-loop OMBAs can be divided according to their appli-
cation into Monitoring, Anomaly Detection and Forecasting
Open-loop advisory OMBAs.
Monitoring Open-loop OMBAs generate information and,

potentially, advice in support of plant operations by
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monitoring the current state of the plant. In these applications,
the plant monitoring is carried out by obtaining unmeasured
process data directly from the output of the online simula-
tion model. Example implementations of this system can be
found in [9] and [19]. Anomaly detection Open-loop OMBAs
systems are those in which, based on the simulation vari-
ables values, is possible to carry out diagnosis of potential
faults [20]. A number of different examples and a discussion
on the differences in statistical and FPMs-based approaches
to fault detection problem are discussed by [21]. Forecasting
Open-loop OMBAs can be used to forecast the behavior of the
physical system.

B. TRACKING SIMULATION SYSTEMS
Recent efforts on the development of applications that com-
bine the functionalities of the different Open-loop advisory
OMBAs variations have resulted on the implementation of
Tracking Simulation Systems [9]. A tracking simulator is an
Open-loop OMBA based on a plant-wide physical simulation
model where dynamic estimation is used to synchronize the
state of the model and the targeted process plant. The infor-
mation available from these systems can be used to support
process monitoring, to forecast future plant states or to diag-
nose failures. The adjusted model can be used for model-
based testing of the control application [22], as a training
simulator [23] or for plant troubleshooting [4], [24]. Tracking
simulators are Open-loop OMBAs that provide a holistic set
of applications and through which current and future plant
data are made available for operation decision support.

Tracking simulators have been less attractive than simi-
lar alternatives based on data-driven or empirical modelling
approaches, mainly due to the lack of implementation meth-
ods that address expensive and laborious development of
FPMs [1]. Existing systems [23], [25], [26] focus heavily
on the application of online and offline estimation of FPMs,
however, they do not address the need to reduce implementa-
tion time and cost. There is a lack of systematic methodolo-
gies for exploitingmodels developed during process design in
order to apply them for the implementation of tracking simu-
lators. Hence, modelling experts must create new simulation
models of the process just before implementing OMBAs
when the plant is already under operation.

Another aspect hampering industrial adoption of tracking
simulators is the manual engineering work required for their
integration with the physical process. Despite significant
advances in the utilization of Open-loop OMBAs for mon-
itoring and diagnosis, there has been little research on the
development of simulation architectures which are designed
for reducing time and effort required to integrate simulation
systems and methods with the process plant throughout the
tracking simulation lifecycle [27]. Moreover, these simula-
tion architectures could be designed to leverage on indus-
trial communication standards in order to reduce integration
effort [1], to automate historical data access and to effectively
manage information exchange over the tracking simulation
phases [10].

FIGURE 2. Tracking simulation lifecycle.

The tracking simulator in [26] proposes the use of dynamic
data reconciliation [28] as a least-square optimizationmethod
to aid dynamic estimation. However, this and other well-
established least-squares optimization methods of smooth,
deterministic models [27], [29], [30] require direct informa-
tion about the dependencies specified as a Jacobian matrix
of the model output and the model parameters. This is a
critical issue which hinders the re-utilization of previously
created simulation models, as it cannot be assumed that an
analytic value for the Jacobian matrix will be available. This
is often the case for simulation software currently used in
the industry [31], including the simulator in our case study.
Moreover, in [26], the model optimization method proposed
is only applied for offline estimation. Other existing methods
could be adapted and applied also for the optimization of
already existing models to reduce implementation effort of
tracking simulators.

Based on the shortcomings in the state of the art and
suggestions made by recent studies [1], [4], [5], [27] targeted
to expand industrial adoption of FPM-based systems, this
paper has the following objectives:

1. To develop a methodology for generating tracking sim-
ulation models from FPMs developed during early
stages of process plants lifecycle. This methodology
supports various simulation methods applied for dif-
ferent tracking simulation phases, including a model
optimization method to overcome the shortcomings in
existing optimization methods.

2. To propose a tracking simulation architecture which
is able to integrate the different simulation methods
from objective 1, so that the manual integration work
is reduced.

III. INTEGRATED METHODOLOGY
The proposed approach integrates an implementation method
and a lifecycle-wide simulation architecture. In this work, the
tracking simulation lifecycle is defined as the stages through
which the tracking simulation undergoes during its imple-
mentation and operation. The defined tracking simulation
lifecycle is shown in Fig. 2. It starts with the Model Creation.
Generally, the model is created right before the tracking
simulation system deployment [1]. Another alternative would
be, as proposed in this work, to generate the model from a
model created during process design.

The next step of the lifecycle is the Model Adaptation. The
objective of this step is to re-estimate model parameters of
previously developed simulation models for their results to
closely correspond to the process behavior represented by
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FIGURE 3. Tracking simulation architecture of the proposed implementation methodology.

plant’s recent historical data. Later, at the Model Deployment
stage, the simulation system interfaces are connected to the
ones of the operational process. This is a non-trivial task
considering that the simulation system must be connected in
a non-disruptive manner while the process plant is running.
Next, the Model Initialization is needed to ensure that the
initial conditions of the simulation model coincide with those
of the plant in its current state [10]. The tracking simulation
begins when the initialized model is adjusted online by the
dynamic estimation method using real-time measurements
from the control application. During Offline Estimation,
an offline optimization can be used in parallel with the online
simulation to aid dynamic parameter calibration. The last
stage is the Predictive Simulation.

A. SIMULATION ARCHITECTURE
The simulation architecture proposed is shown in Fig. 3.
It is comprised of a Simulation System and a Historical
Data Repository. The Simulation System is divided into three
simulators: Online, Optimization and Predictive. The Online
Simulator is continuously running in parallel with the plant,
controlled by the process control application. The Optimiza-
tion Simulator is used to run an offline model optimization to
retune previously developed simulation models and to aid the
online dynamic estimation. The Predictive Simulator is run
faster than real time to obtain production forecasts.

In addition to the process model and instead of using
the real control system, each simulator of the architecture
includes a model of the real control system (CS) developed
on the same simulation tool. The CS model is used to inde-
pendently control the process model for various purposes
throughout the tracking simulation lifecycle. The CS model
is a key component of the architecture and it is needed,
as in theory, the real control application could be instanti-
ated, connected to the simulation system and, when required,
accelerated to the required simulation speed. However,
in practice, commercial control systems do not offer the
possibility of running faster than real time. Further, it would
involve significant effort to have a dedicated control applica-
tion for running each of the different simulation instances.
Moreover, due to the differences in their operation cycle
approaches, an additional experiment manager would be
needed to deal with the synchronization between the control
and simulation systems. To overcome this, the architecture
uses a model of the real CS developed in the same simulation

environment as the process model. The CS model replicates
the real control application at the structure and equation
levels. In addition, having a CS model included in the sim-
ulation tool, reduces the time and effort needed to integrate
the process simulator with other control systems. A detailed
description of the architecture components follows:

• Online Simulator: in this simulator, the Initialization
Manager handles the model initialization prior online
simulation following the method described in Section III
B. During the tracking simulation stage, this simulator
runs in parallel with the plant controlled by the real
control system while the Dynamic Estimator aligns the
simulated and process outputs. As a result, the state
of this simulator is continuously synchronized with the
process. For this reason, a snapshot of the Online Simu-
lator is always used for initializing the Optimization and
Predictive simulators during the Offline Estimation and
Predictive Simulation stages, respectively. This guaran-
tees that their initial conditions (ICs) always correspond
to the current state of the process. A model snapshot is
defined here as an executable copy of a simulationmodel
that includes its ICs.

• Optimization Simulator: it is a snapshot of the Online
Simulator that runs a model optimization to find a set
of model parameters that best fit the dynamics of the
plant described by process historical data. The model
optimization is needed either to adapt the model using
historical data of the process; or for offline optimization
to aid the online calibration during Offline Estimation,
this is done using process recent historical data. The
model optimization method is explained later in this
section. In order to reduce the time needed to obtain the
optimization results, the Optimization Simulator can be
run faster than real time while its CS model controls the
process model. The Optimization Manager is responsi-
ble for starting the optimization by obtaining a snapshot
of the Online Simulator; retrieving the data relevant
to the optimization from the Historical Data Repos-
itory; and managing the automatic execution of the
method.

• Predictive Simulator: this simulator is another snap-
shot of the Online Simulator that is executed faster
than real-time to obtain predictions. The CS model is
used to control the process model during the predictive
simulation.
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FIGURE 4. Architecture configuration throughout the tracking simulation lifecycle. An example process and simulated variable is shown
to depict the simulation output and its comparison with the process output during the different stages of tracking simulation.

• Historical Data Repository: this component consists
of a process historian that stores into a database the
information generated by the process and the simulation
system. Many existing process plants already have this
component, as historical data can be used not only for
OMBAs but also for creating data-driven models of the
plant.

B. TRACKING SIMULATION METHODOLOGY1

This section describes the tracking simulation methodology
followed, along with the way the simulation architecture
functions during each tracking simulation stage.

1) MODEL ADAPTATION
Simulation models are mainly developed in the engineering
phases of the process plant lifecycle where they are needed
for design. Using these models for implementing tracking
simulators could reduce time, however, this is not a common
practice in process industry [1], [23]. For this reason, this
work proposes amodel adaptation procedure inwhich already
existing models undergo an optimization for their results
to represent current behavior of the physical system. Thus,
model adaptation is as a method targeted to mend outdated
models through a model optimization in which new obser-
vations, obtained from process historical data, are used to
adjust model parameters, thereby reducing model residuals.
This approach allows to increase cost efficiency across the
plant lifecycle.

The model adaptation is carried out using the proposed
optimization method described in Section III C on the Opti-
mization Simulator controlled by its CS model, as shown
in Fig. 4 (1). The connections of the CSmodel during this and
other phases of the tracking simulation lifecycle are presented
in Fig. 5. The goal of the optimization method is to take a
previously developed simulation model along with process

1Throughout the following sections, the notation (n) refers to the corre-
spondingly marked phase of the tracking simulation lifecycle in Fig. 4

FIGURE 5. Control system (CS) model set points (SP) & measurement
(Meas.) connections during tracking simulation lifecycle. The notation (n)
refers to the correspondingly marked phase of Fig. 4.

historical data and find a set of stationary model parame-
ters for minimizing the difference between the model results
and historical time series of the physical process, as shown
in Fig. 6. The optimization execution is automatically started
and handled by the Optimization Manager. The model opti-
mization method runs in the Optimization Simulator, its exe-
cution is controlled by the Optimization Manager, also in
charge of retrieving historical data from the Historical Data
Repository.

2) MODEL DEPLOYMENT
The model deployment is the procedure in which the simu-
lation system is connected to the running process. Achieving
non-disruptive integration between the simulation system and
the plant during the process operation is a safety-critical task,
as this is performed while the process is under operation [9].
Furthermore, it must be carried out taking into account the
differences on the information accessibility conditions that
can vary according to the ICT infrastructure at a particular
industrial facility [27]. High integration costs limit the scala-
bility of simulation-based applications, especially when mul-
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tiple systems must be integrated with the process plant [32].
In contrast, the implementation framework proposed only
requires interfacing the simulation architecture, as the sim-
ulation system includes the process model and its CS model
as well as other components required for model optimization,
initialization and dynamic estimation. Industrial interoper-
ability standards can be used as communication mechanisms
to interface the simulation system with the physical plant.
Examples of these standards include (but are not limited to)
the OPC and OPC Unified Architecture (OPC UA) industrial
interoperability specifications [33], often available in modern
plants.

3) MODEL INITIALIZATION
In block-oriented simulation models, it is possible to write
the state of the process into the simulation, as they provide
a causal description of the method for calculating individual
model variables [34]. However, in cases where the informa-
tion from the plant is limited, the exact state of the process
cannot be copied into the model [10]. Another initialization
approach is to use steady-state solvers to estimate the con-
dition of the plant from available measurements [1], [35].
The obvious drawback of this method is that it is limited to
dynamic simulation tools with such solvers. The initialization
proposed in this work is designed to use an instance of the
process control system to drive the simulation model to the
current state of the plant. This approach is particularly useful
for equation-based simulation models (also known as acausal
models), in which it is not possible to directly write the
state of simulation variables because the models are explicitly
described as equations and not as algorithms of the solutions
of such equations [34].

In the architecture proposed in this work, model initializa-
tion is carried out using the CS model to guide the Online
Simulator model to the current state of the process. The
model initialization sequence starts when the adapted and
deployed simulation model is connected to the CS model as
shown in Fig. 5. Next, the process model is driven faster
than real time to the current process state using the actual
process measurements as the set points of the CS model.
The simulation architecture layout during this phase is shown
in Fig. 4 (3). The initialization stage is completed when the
state of the physical system and the Online Simulator process
model are aligned, as shown by the example Process and
Simulated Variables in the uppermost part of Fig. 4.

4) TRACKING SIMULATION
During the tracking simulation phase, the initialized simu-
lation model runs in the Online Simulator together with the
plant, controlled by the real control application. At the same
time, dynamic estimation aligns the simulated and process
outputs. Similarly, the CS model of the Online Simulator is
maintained at the real control application current state by
connecting it to the same set points and measurements inputs
as the real CS as shown in Fig. 5. The layout of the simulation
architecture during the tracking simulation is presented in

Fig. 4 (4). Although there are a number of different methods
applied for estimation of complex industrial processes [2],
such as Kalman Filter and moving horizon estimation [36],
in system models with partial differential equations across
a spatial domain, adjusting state variables is not always
possible without the introduction of spurious transients that
negatively affect the quality of the information related to the
current state of the process [31]. This is a critical issue for
process monitoring applications. Consequently, in the pro-
posed architecture, dynamic estimation is done using implicit
dynamic feedback [3]. This method considers dynamic esti-
mation as a feedback process aiming to bring the simulated
results to the process measurements in a similar manner
feedback is used in a control application to drive measured
values to their set points [1]. Thus, any feedback controller
can potentially be used to calibrate model parameters using
real-time measurements of the process.

Implicit dynamic feedback is a single-input-single-output
(SISO)-based dynamic estimation method, as it pairs a single
measurement with an unmeasured disturbance for estimat-
ing the state of a single model variable [2]. In this work,
traditional PI controllers were selected as the feedback con-
trollers to implement the dynamic estimation method. The
PI controllers adjusts parameters according to the following
equation:

τ (t) = τ (t − 1)+1τ (1)

1τ = Kpe+ Ki

∫
edt (2)

where τ is the parameter calibrated to align the simulated
variablewith the targeted real process variable. Kp andKi rep-
resent the proportional and integral parameters of the PI con-
troller that performs the calibration. The deviation e denotes
the difference between the simulated and the measured tar-
geted process variables [9], [25], [26]. PI-based parameter
controllers require tuning to balance estimation speed and
stability.

5) OFFLINE ESTIMATION
As the SISO-based online dynamic estimation is limited to
adjusting only a few model parameters [26], the proposed
architecture relies on an offline multi-parameter estimation
procedure developed to prevent bias concentration on a low
number of simulated variables. In order to efficiently utilize
simulationmethods through the tracking simulation lifecycle,
this procedure is carried out on the Optimization Simula-
tor by the same model optimization method employed for
model adaptation. However, during the offline estimation,
the model optimization method retrieves recent process time
data series instead of historical information of the plant
as shown in Fig. 7. Using the same optimization method
reduces the time required for the integration of the archi-
tecture with other simulation methods, increasing the imple-
mentation efficiency of the architecture. Fig. 4 (5) shows
the offline estimation and how it is carried out in parallel
with the Online Simulator during the tracking simulation.

15396 VOLUME 6, 2018



G. Santillán Martínez et al.: Integrated Implementation Methodology of a Lifecycle-Wide Tracking Simulation Architecture

FIGURE 6. Model optimization method for Model Adaptation.

FIGURE 7. Model optimization method for Offline Estimation.

Fig. 5 shows how the CS model is connected during this
phase. The architecture allows the Optimization Simulator to
be run faster than real time, thus reducing the time needed
to obtain results. However, as in other optimization methods,
the results may fail to converge in the required cycle time
depending on the complexity of the studied system [37].
Consequently, the proposed architecture does not rely on this
method for the online calibration. Instead, it uses it as a
procedure to further refine the Predictive Simulator model
results. When the optimization is completed, the values of the
optimal set of parameters found are written into the running
Online Simulator and a new offline estimation is launched.

6) PREDICTIVE SIMULATION
During tracking simulation, the process and CS models of
the Online Simulator are at the same state as the real plant.
When predictions are requested by an operator, the Predictive
Simulator takes a snapshot of the Online Simulator and runs
it faster than real time using the CS model to control the
snapshot as shown in Fig. 4 (6) and Fig. 5. The snapshot of
the Online Simulator is used for predictions to guarantee that
the resulting forecast is obtained using a simulation model
that is at the same state as the physical system and that has
been calibrated and optimized to match the plant’s behavior.
Upon request, the predictive instance of the model is run
faster than real time for a simulation length and through an
operation sequence specified by the system operator. During
the predictive simulation, the calibrated parameters remain
constant at the mean value obtained from the Online Simula-
tor before the forecast execution.

C. MODEL OPTIMIZATION METHOD
Model optimization is needed for model adaptation and
offline calibration purposes. As explained in Section II B,
well-established model optimization methods require direct
information on the dependencies of the model output and
the model parameters. This is not always easily available
in previously existing models used for process design, as
they might be implemented in software where this infor-
mation is not accessible. In addition, if the model behavior
is non-smooth or stochastic, the use of a finite difference
scheme may be very unstable. One option is to utilize scalar

optimization algorithms that have been designed to
be derivative-free. In the field of simulation optimiza-
tion [29], [38], there are several algorithms that have
been developed from the point-of-view of a problem that
is derivative-free and computationally demanding. Addi-
tional challenges are posed by simulations that are stochas-
tic by nature. In this field, there are several quite effi-
cient gradient-free methods which can be utilized, such as
NEWUOA [30], [39]. However, using a scalar optimization
method results in a significantly increased probability of
ending up in a local optimum, which may be far from the
true optimum. Also, using a scalar optimization algorithm
results in a significantly slower convergence, which can be
a problem when the model evaluation takes a non-trivial
amount of time. In order to address the challenges of grey-
box model identification in a derivative-free setting, a model
optimization was developed.

The main goal of the optimization method is to find a set
of stationary model parameters for minimizing the difference
between the simulation model outputs and the measured time
series of the physical process. This can be accomplished by
minimizing the sum of squared errors, thus seeking a model
response that fits the average of a noisy data series. If the
noise in the measured time series is normally distributed,
the fitted model becomes a maximum-likelihood estimate of
the true model parameter values. The least squares solution
followed can be defined as:

x∗ = argmin ‖f (x)− yref‖2

f = (f1f2 . . . fr )T

x =
(
x1x2 . . . xp

)T (3)

where ‖f (x)− yref‖2 is the measured error. In order to create
a sequence of points that trend towards the minimum, an esti-
mate of the Jacobian matrix J is used for selecting a step:

H = JTJ

g = 2JT (f−yref)

x∗ = x− (H+ µI)−1 g (4)

where H is the Hessian matrix and g is the gradient of
the error measure ‖f (x)‖2 and x∗ is the next iterate in the
optimization process. µ is a scalar factor that is selected
so that the step stays within the confines of a trust region.
When µ = 0, the step is an unrestricted Quasi-Newton
method step. When µ grows, the step size approaches zero.
The trust region methodology is based on operating in a
transformed parameter space in which the trust region is a
unit hyper-sphere that conforms to the local curvature of the
error measured ‖f (x)− yref‖2. Fig. 8 shows the pseudocode
of the method developed for solving the derivative-free least
square problem.

In order to estimate the local derivatives of the local
Jacobian, the optimization method developed utilizes a col-
lection of samples and applies two algorithm variants devel-
oped from new algorithmic approaches. These algorithms,
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FIGURE 8. Pseudocode for derivative-free least square.

named Algorithm 1 and Algorithm 2, combine features from
QNSTOP [40] and the Levenberg-Marquardt [41] methods,
respectively. QNSTOP is a gradient-free scalar optimiza-
tion method aimed at derivative-free stochastic optimization.
The Levenberg-Marquardt algorithm is used for non-linear
least-squares optimization. Algorithm 1 uses a lest-squares
fit of a quasi-random set of sample points inside the trust
region, as is done in QNSTOP. This algorithm does not use
a localized estimate; instead, it takes steps based on the aver-
age derivatives of the error measured to effectively bypass
local minima. As a result, Algorithm 1 can find the optimal
expected value of simulation results that include noise terms,
enabling its application for stochastic optimization problems
in which a large number of samples is available. On the other
hand, Algorithm 2 uses a multi-sample variant of Broyden’s
method [42], based on matrix pseudoinverse with non-zero
threshold value. It uses as much information as possible
from each generated sample for minimizing the number of
sample evaluations needed. However, its use is limited to
deterministic models as it can get stuck in a local optimum.

Both methods apply an anisotropic trust region method
similar to the one used in QNSTOP in order to limit the step
size and to control the locality of the Jacobian estimation.
The trust region is a freely oriented ellipsoid in the parameter
space. Its orientation and dimensions are controlled so that it
conforms to the properties of the local curvature of the sum-
of-squared errors measure. The growth or shrinkage of the
trust region is dependent on the estimated distance to each

FIGURE 9. Pseudocode for the trust region size update.

main axis of curvature in the error f (Eq. 3.). This means
that the trust region becomes narrower along the sides of a
deep valley, but can grow in the direction of the valley floor,
thus letting the method avoid conditions that would lead to
stalling, if a uniform trust region was used. The distance to
the estimated local minimum in the directions of the main
axes of the error measure f (Eq.3.) can be expressed as

δ = 3−1VTg =VTH−1g (5)

H = V3V−1 = V3VT (6)

where V3VT is the eigen-decomposition of the Hessian
matrix. Additional limits are placed on the rates of change
for the individual main directions:

σi = β min
(
γ−1,max

(
γ, |δi|

√
p
))

(7)

6 = diag (σ ) , σ =
(
σ1, σ2, . . . σp

)T (8)

in which γ is a parameter that controls the rate of growth of
the trust region. β is a factor that is selected based on the
ratio r of the observed reduction in the goal and the actual
reduction of the goal. This is a standard trust region method
approach.

β =



γ when r < r0
γ−1 when r > r1 and µ > 0
2 ‖1x‖
1max

when r ≥ r0 and µ= 0

1 otherwise

(9)

Thus the maximum growth or shrinkage factor for indi-
vidual dimensions is limited by γ±2 and 1, depending on
whether the individual scaling is in the same or opposite
direction than the whole trust region scaling factor β in (7).
For unconstrained converging steps, the trust region is scaled
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FIGURE 10. P&I diagram of the HPP process and connection of the parameter controllers used for
the dynamic estimation during the tracking simulation. The model components highlighted in dark
green are those which have a parameter adjusted by the model optimization method during Model
Adaptation and Offline Estimation phases.

TABLE 1. Comparison of the results of 100 optimization executions of a
Lotka-Volterra process from random starting points.

to twice the size of the previous step, in order to prevent large
missteps in the vicinity of the optimum due to imperfection in
the Jacobian estimates. Algorithm 1 additionally uses a jack-
knife estimate of the location of the local minimum as a hard
lower limit on the shrinkage of the trust region. Fig. 9 shows
the pseudocode for the trust region size update method.

Both algorithms have been tested with a challenging prob-
lem of estimating the parameter values of a Lotka-Volterra
system [43], in which the behavior of the system is strongly
dependent on the ratios of parameter values. Table I com-
pares these methods to the ‘lsqnonlin’ function from Matlab
Optimization Toolbox. The Matlab routine is an implemen-
tation of the interior-reflective Newton method developed by
Coleman and Li [44].Algorithm 1 is significantlymore robust
than the interior-reflective Newton method in avoiding local
minima at the cost of higher number of evaluations, while
Algorithm 2 is significantly faster but produces a comparable
number of local optima. Even though the Algorithm 1 takes
four times as many evaluations than Algorithm 2, it can be
executed in parallel, in our case with 8 CPUs, thus decreasing
the total time to approximately half of that used by Algo-
rithm 2. Both, Algorithm 2 and the Matlab Optimization
Toolbox return much higher number and variety of local
optima.

This proposed optimization method can be applied either
for Model Adaptation or for Offline Estimation as explained
in Section III B. Fig. 6 and Fig. 7 show the differences on the

application of this method during these tracking simulation
phases. The optimization method first retrieves data from
the Historical Data Repository and starts the optimization
(of a previously created or of the tracking simulation model)
following Algorithm 1. This algorithm is very efficient at
narrowing down a wide range of possible parameter values.
Then, it switches to Algorithm 2, when the trust region has
been restricted to a region within the ‘‘catchment basin’’ of
the global minimum. The model optimization is completed
once the optimal set of parameters are found by Algorithm 2.

IV. IMPLEMENTATION OF THE PROPOSED APPROACH
The proposed simulation architecture was implemented and
then tested using a laboratory-scale heat production plant
(HPP) process. The HPP process is a simplified version
of a water heating plant that heats and pressurizes water.
Fig. 10 shows the piping and instrumentation diagram
(P&ID) of the process. The process is comprised of two
open tanks (B100 and B200), a pressurized tank (B300),
two pumps (M100 and M200), a heating element (E100)
and two control valves (Y102 and Y501). The water in the
tank B100 is heated using the heating element E100 and its
temperature controlled using an on/off controller. The pres-
sure P300 in the tank B300 is controlled by a PID controller
using pump M200. The water level L200 of tank B200 is
controlled by two PID controllers connected in a cascade
configuration using proportional valve Y102. The position of
proportional valve Y501 is regulated to simulate a load in the
consumption of hot water. The consumed water flows back
into tank B100 to be re-heated. The control application of the
process was developed following the IEC-61131-3 standard
and runs on a soft programmable logic controller.

OPC UA [33] is the communication mechanism selected
for interfacing the components of the architecture with the
physical system. It is an industrial communication proto-
col standardized in IEC-62541 that enables transport of
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FIGURE 11. Point-to-point connections required for information
exchange during tracking simulation lifecycle. The numbering in the
connections is the corresponding phase shown in Fig. 4.

FIGURE 12. OPC UA-enabled communication during tracking simulation
lifecycle. The numbering in the connections is the corresponding phase
shown in Fig. 4.

information between heterogeneous systems [45]. Further-
more, OPC UA provides a set of specifications for sys-
tematically retrieving process historical data from historians
with OPC UA historical access functionalities [46]. It has
been selected as the only standard for the communica-
tion layer in the Reference Architecture Model for Industry
4.0 RAMI [47], which will further consolidate its relevance
in the future [48].

Fig. 11 shows the connections required for information
exchange between the architecture components during the
tracking simulation lifecycle. Data exchange based on point-
to-point communication results in numerous connections
which would need to be configured individually. In con-
trast, the simulation architecture proposed relies on OPC UA
to enable a simpler communication layout based on client-
server connections, as shown in Fig. 12. In this approach,
servers provide access to an information model with which
clients can connect and interact to retrieve data and func-
tions through a set of standardized services. As a result,
the number of connections between the architecture compo-
nents and the work required for their configuration is reduced.
This decreases integration effort over the tracking simulation
architecture lifecycle, addressing a key requirement to fulfil
Objective 2, described in Section II.

For the Historical Data Repository, the Prosys OPC UA
Historian [49] is used. The historian connects to the OPC
UA servers of the control application and simulation envi-
ronment. It collects real-time information of the system and
stores it in an SQL-based database. The software used as the
simulation system is the Apros simulation tool [50]. Apros is

FIGURE 13. 8 months of historical process data of the B200 water tank
level retrieved from the historian of the HPP process.

FIGURE 14. Close-up view of the historical data of the B200 water tank
level enclosed by the ellipse of Fig. 13.

a software environment for modeling and dynamic simulation
of industrial processes. It has been widely used in combus-
tion and nuclear power plants as well as by pulp and paper
mills [51]. Apros provides a variety of dynamic simulation
models of typical process components as well as control units
such as PID controllers and binary logic modules. Detailed
descriptions of the thermal hydraulics model, of its equations
and of the calculation method performed by this simulation
system are available in [52]. Apros also provides a built-in
OPC UA server and client.

V. RESULTS
As previously stated, the proposed method is targeted for
simulation models of industrial processes developed during
the initial stages of the plant lifecycle. The HPP testbed
is an 8-year-old laboratory-scale process and no simulation
model was developed during its design. Therefore, in order
to test the proposed methodology with such source infor-
mation as is available during early implementation phases
of a real industrial process [1], a simulation model of the
HPP and of its control application were created. This source
information included the plant P&I diagram, process equip-
ment data sheets as well as the control application design
documentation. The simulation model was implemented in
the previously presented simulation tool Apros. In Apros
the information from the Jacobian matrix is not accessible.
Moreover, although the structure of the developed simulation
model is similar to the structure of the plant, the simulation
results do not match current process outputs as the model
parameters derived from design material are outdated and
do not represent the current process behavior. Consequently,
the Model Adaptation procedure explained in Section III B
was applied to the created simulation model.

Model Adaptation is based on applying the model
optimization presented in Section III C. During Model
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FIGURE 15. Model optimization results of the B200 tank level during the Adaptation phase and its comparison with process historical
data.

FIGURE 16. Model optimization results of the F100 water flow during the Adaptation phase and its comparison with process historical
data.

Adaptation, the optimization method iteratively adjusts mul-
tiple model parameters derived from design material and
evaluates the simulation results with the retrieved historical
data (as shown in Fig. 6) in order to find an optimal set of
parameters for minimizing model residuals. Model Adap-
tation starts by retrieving historical process data from the
Historical Data Repository using OPC UA historical access
functions. As an example of the retrieved historical data,
Fig. 13 presents eight months of retrieved HPP historical data
from the B200 tank water level (L200). Fig. 14 presents a
close-up view of the data enclosed by the ellipse of Fig. 13.
This and all other process historical information from the
process measurements is used by the optimization method to
iteratively evaluate the model results.

In the HPP process, the model optimization method adjusts
five parameters selected following a sensitivity analysis per-
formed to determine how the uncertainty in the output of the
model can be apportioned to different sources of uncertainty
in its inputs [53]. This analysis was carried out to identify
the parameters that most affect various model variables as
well as those that have minimal impact on other model
variables. A detailed description of the parameter selection
method followed and its application to the HPP process is
available in [54]. The selected parameters in the HPP process
are the form loss coefficient (FLC) of piping sections P100,
P200 and P300; and the nominal flow (NF) of proportional
valves Y102 and Y501 as marked in dark green in Fig. 10.
FLC, also known as head loss coefficient, is a model param-
eter representing pressure losses due to changes of geome-
try or added components in piping systems [55]. The NF of
a valve represents the average flow rate measured at different
levels of fluid pressure. The values of FLC and NF can vary
over time due to different causes, such as equipment aging or

TABLE 2. Parameter values before and after model optimization during
Model adaptation.

TABLE 3. Comparison of normalized root mean square errors (NRMSE)
before and after optimization during model adaptation.

static friction. Therefore, it is expected that original design
parameters do not represent the current behavior of the physi-
cal process. Fig. 15 and Fig. 16 present the results of the opti-
mization during Model Adaptation for the B200 water tank
level and the F100 water flow process variables, respectively.
In the HPP testbed, the simulation model is able to find an
optimal set of parameters after 15 evaluations. Table II shows
the model parameter values before and after their optimiza-
tion during Model Adaptation. In order to compare the model
results with the entire data set obtained from the process
historian, normalized root mean squared errors (NRMSE) is
used to facilitate the comparison between datasets or models
with different scales [56]. Table III compares the NRMSE of
the simulation model and the historical process data series
before and after the model optimization.
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FIGURE 17. Tracking Simulation results of the F100 water flow and of the B200 tank level using the PI-based parameter
controllers.

After its adaptation, Model Deployment is carried out by
connecting the OPC UA client of the simulation system to
the server of the process CS. Next, during Model Initializa-
tion, the model is initialized using the CS model for driving
the simulation model to the current state of the process as
shown in Fig. 4 (3) and Fig. 5. The actual Tracking Sim-
ulation starts once the states of the process and the sim-
ulation model are aligned, the model is connected to the
plant’s control outputs and the dynamic estimation mech-
anism is started. As presented in Section III B, the archi-
tecture implemented utilizes the SISO PI controller-based
dynamic estimation method. The deployed model is tested
as follows: two simulation variables are adjusted by two PI
parameter controllers as shown in Fig. 10, tuned following
Ziegler-Nichols tuning approach [57]. One of the parame-
ter controllers aligns the simulated flow from tank B100 to
B200 with the real-time process measurement by adjusting
the FLC of the modeled proportional valve Y102. Similarly,
the other parameter controller aligns the real and simulated
B200 tank level L200 by adjusting the FLC of the modeled
valve Y501. These parameters were selected following the
same sensitivity analysis used for the parameter adjustment
during the model optimization method. Fig. 17 shows the
results of the tracking simulation using the PI parameter
controllers as the dynamic parameter estimators. The upper
trend of Fig. 17 shows the comparison between real and
simulated tank levels L200 during the production transients
caused by changes in the L200 set point. The lower trend
of Fig. 17 shows the comparison of the real and simulated
flows F100 during the same transients. The results show
that the adapted simulation model can be successfully used
for tracking simulation purposes. Furthermore, the tracking
simulation model is able to closely follow the real process
due to the dynamic calibration performed by the PI parameter
controllers.

In order to further test the ability of the adapted model
to align its results with the process measurements during

tracking simulation and to test the architecture’s capabil-
ity to integrate other simulation methods, an alternative
dynamic estimation approach is implemented and tested
in the proposed system. During these experiments, the PI
parameter controller used for implicit dynamic feedback
estimation of the Flow F100 is replaced with a sliding mode
controller (SMC). SMC is a non-linear feedback control
approach based on applying a high gain to the sign of a
sliding mode variable [58], [59]. A detailed description of the
SMC-based implicit dynamic method followed and its appli-
cation to the HPP testbed can be found in [60]. The
time constant of the developed SMC is tuned to match
the PI parameter controller behavior, which, as previously
explained, is tuned following the Ziegler-Nichols tuning
method. Fig. 18 presents the tracking simulation results
obtained with the PI controller approach. Fig. 19 presents
the tracking simulation results obtained with the SMC
approach. Fig. 20 compares the parameter controllers out-
put. There are no significant differences in the rate of
change or the amplitude of the controller outputs, but the
SMC parameter controller output contains significantly more
low-amplitude details than the PI controller output. This
is due to its ability to react to deviations with a sim-
ilar rate of change, regardless of the magnitude of the
deviations while the PI parameter controller has a rate of
change always proportional to the size of the deviation.
These results show that the architecture allows integra-
tion of different dynamic estimation methods and that the
adapted model can successfully synchronize with the state
of the real process regardless of the dynamic estimation
followed.

Offline Estimation is executed in parallel with the Online
Simulator (as shown in Fig. 4) to constantly improve the
online simulation model behavior and to enhance the qual-
ity of predictions. Offline Estimation is based on applying
the same model optimization used for Model Adaptation.
However, instead of using process historical data, the opti-

15402 VOLUME 6, 2018



G. Santillán Martínez et al.: Integrated Implementation Methodology of a Lifecycle-Wide Tracking Simulation Architecture

FIGURE 18. Tracking Simulation results of the F100 water flow using PI parameter controller during the dynamic estimation methods
comparisons.

FIGURE 19. Tracking Simulation results of the F100 water flow using SMC parameter controller during the dynamic estimation methods
comparisons.

FIGURE 20. Comparison of the PI and of the SMC controllers output during the dynamic estimation methods comparisons.

mization method evaluates model results with recent process
information, e.g. recent process transients, as shown in Fig. 7.
During Offline Estimation, the optimization method adjusts
the same five parameters selected using the sensitivity anal-
ysis to minimize the difference between the model behav-
ior and recently measured time series of the physical plant.
At this phase, the model optimization runs in the Optimiza-
tion Simulator as described in Section III C. TheOptimization
Manager fetches recent process data through the historian’s
OPC UA client using OPC UA historical access functions.
After obtaining the results of themodel optimization, the opti-
mized parameter set is written into the tracking simula-
tion model. Offline Estimation is mainly needed to prevent
the bias concentration on the parameters adjusted dynami-
cally during Tracking Simulation, as this concentration neg-
atively affects the predictions results. As shown in Fig. 17,
the dynamic estimation performed by the PI controllers
produces accurate tracking simulation behavior even with-
out offline estimation. Consequently, Offline Estimation is
mostly beneficial in the Predictive Simulation stage, where
model optimization can further reduce the residuals of the
predictions.

During Predictive Simulation, predictions can be obtained
after the Tracking Simulation is started. Upon request,
the Predictive Simulator takes a snapshot of the Online Sim-
ulator and runs it faster than real time, using the CS model,

through the sequence and duration specified by an operator.
As explained in Section III B, the snapshots of the Online
Simulator are taken to guarantee that the predictions are based
on the current state of the process. Fig. 21 and Fig. 22 show
the B200 water tank level and the F100 flow predictions,
respectively, obtained before Offline Estimation as well as
its comparisons with process measurements during produc-
tion transients caused by a change in the L200 set point.
Fig. 23 and Fig. 24 show the B200 water tank level and the
F100 flow predictions, respectively, obtained after Offline
Estimation as well as its comparisons with process mea-
surements during production transients caused by a change
in the L200 set point. The predictions are obtained using
the average parameter values calculated by the PI parameter
controllers during the tracking simulation. Table IV com-
pares the root mean of squared errors (RMSE) between the
predictions obtained and the process measurements before
and after Offline Estimation. RMSE is commonly used to
measure the differences between prediction models and the
values actually observed [56]. The optimization method
applied for Offline Estimation significantly improves the
accuracy of the predictions obtained by the Predictive Sim-
ulator. Furthermore, applying the same optimization proce-
dure for Model Adaptation and Offline estimation reduces
integration time of the architecture with other simulation
methods.
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FIGURE 21. Comparison between the predicted B200 tank level (L200) variable and the L200 process measurements during production
transients caused by a change in the L200 set point. These predictions were obtained before the Offline Estimation phase.

FIGURE 22. Comparison between the predicted flow F100 between tanks B100 and B200 variable and the F100 process measurements during
production transients shown in Fig. 21. These predictions were obtained before the Offline Estimation phase.

FIGURE 23. Comparison between the predicted B200 tank level (L200) variable and the L200 process measurements during production
transients caused by a change in the L200 set point. These predictions were obtained after the Offline Estimation phase.

FIGURE 24. Comparison between the predicted flow F100 between tanks B100 and B200 variable and the F100 process measurements during
production transients shown in Fig. 23. These predictions were obtained after the Offline Estimation phase.

TABLE 4. Comparison of the root mean square error (RMSE) of the
predictions before and after offline estimation.

VI. CONCLUSIONS
This paper has addressed a set of issues that hamper the indus-
trial adoption of tracking simulation systems. The objectives
presented in Section II are addressed by this work as follows:

To tackle objective 1, the proposed approach integrates var-
ious simulation methods to re-utilize models created during
initial stages of the plant lifecycle and reduce time needed
to develop tracking simulation applications. The presented
approach consists of a model optimization method, used

for Model Adaptation and Offline Estimation, as well as
other methods for model initialization, dynamic estimation
and predictive simulation. Model Adaptation results show
that the developed model optimization is able to re-estimate
parameters of previously created models using historical
plant data, thereby reducing model residuals. During Model
Deployment, the utilization of the industrial interoperability
standard OPC UA solved the problem of integrating the
simulation model with the physical plant and historical data
repository. In this work, the proposed model initialization
procedure is performed by a model of the real process control
system (CS) that can be run faster than real time to enable
faster initialization. For the Tracking Simulation phase, two
dynamic estimation methods based on PI and sliding model
control were implemented and compared to verify that the
adapted model is able to align its results with the process out-
puts. The results of these experiments show that the adapted
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model can be successfully applied for tracking simulation.
Therefore, the proposed model adaptation can be used for
generating tracking simulators when already existing models
of the process plant are available. Finally, Offline Estimation
experiments show that the model optimization method used
for adaptation but applied for offline parameter estimation,
using recent process information, significantly improves the
prediction results during the Predictive Simulation stage.

The described approach addresses Objective 2 by present-
ing a tracking simulation architecture that is able to manage
the proposed methodology across the tracking simulation
lifecycle. The proposed architecture is comprised of three
independent simulators, which can be instantiated accord-
ing to the application, and a historical data repository. This
system applies the described model optimization method for
Model Adaptation and Offline Estimation, reducing the time
required for integrating different simulation methods for each
task. Furthermore, the architecture includes a model of the
real CS, to avoid configuration work when the process model
requires to be controlled; to enable faster than real time exe-
cution of the processmodel; and to enable the parallel running
of several simulation instances. In addition, the architecture
exploits the use of OPC UA to systematically retrieve process
historical data and to reduce the configuration effort required
to interface system components by avoiding the need for
point-to-point connections. Finally, experiments show that
the proposed simulation architecture is able to successfully
integrate other dynamic estimation methods, such as sliding
mode control.

Future work will focus on the parallelization of the
developed optimization method to test the scalability of
the architecture. Regarding dynamic estimation, both PI
and sliding model control-based methods are suitable for
the example implementation. However, single-input-single-
output dynamic parameter estimation may cause fluctuation
around the target value when using overly aggressive feed-
back controllers. Hence, it would be interesting to study the
application of multiple-input-multiple-output control meth-
ods to dynamically align simulated variables with process
measurements. Finally, future work will aim to develop
model adaptation methods that also consider model struc-
ture updates, since in the operation and maintenance stages,
process plants might undergo structural modifications. Such
modifications will cause the tracking simulation models to
become obsolete, and it would be desirable to automatically
generate the simulation models from aggregation of digital
source information related to the modifications.

REFERENCES
[1] C. C. Pantelides and J. G. Renfro, ‘‘The online use of first-principles

models in process operations: Review, current status and future needs,’’
Comput. Chem. Eng., vol. 51, pp. 136–148, Apr. 2013.

[2] J. D. Hedengren and A. N. Eaton, ‘‘Overview of estimation methods for
industrial dynamic systems,’’ Optim. Eng., vol. 18, no. 1, pp. 155–178,
Mar. 2015.

[3] J. D. Hedengren, K. V. Allsford, and J. Ramlal, ‘‘Moving horizon esti-
mation and control for an industrial gas phase polymerization reactor,’’ in
Proc. Amer. Control Conf. (ACC), Jul. 2007, pp. 1353–1358.

[4] M. Oppelt, M. Barth, M. Graube, and L. Urbas, ‘‘Enabling the integrated
use of simulation within the life cycle of a process plant: An initial
roadmap: Results of an in-depth online study,’’ in Proc. IEEE 13th Int.
Conf. Ind. Inform. (INDIN), Jul. 2015, pp. 49–55.

[5] B. L. Nelson, ‘‘‘Some tactical problems in digital simulation’ for the next
10 years,’’ J. Simul., vol. 10, no. 1, pp. 2–11, Feb. 2016.

[6] R. Ahmed, T. Hall, P. Wernick, S. Robinson, and M. Shah, ‘‘Software
process simulation modelling: A survey of practice,’’ J. Simul., vol. 2,
pp. 91–102, Jul. 2008.

[7] Ł. Kozák, ‘‘State-of-the-art in control engineering,’’ J. Elect. Syst. Inf.
Technol., vol. 1, no. 1, pp. 1–9, May 2014.

[8] H. Aydt, S. J. Turner, C. Wentong, and M. Y. H. Low, ‘‘Symbiotic simula-
tion systems: An extended definition motivated by symbiosis in biology,’’
in Proc. 22nd Workshop Principles Adv. Distrib. Simulation, Jun. 2008,
pp. 109–116.

[9] M. Nakaya, G. Fukano, Y. Onoe, and T. Ohtani, ‘‘On-line simula-
tor for plant operation,’’ in Proc. 6th World Congr. Intell. Control
Autom. (WCICA), Jun. 2006, pp. 7882–7885.

[10] A. Hanisch, J. Tolujew, and T. Schulze, ‘‘Initialization of online simulation
models,’’ in Proc. Winter Simulation Conf., Dec. 2005, p. 9.

[11] F. Kamrani and R. Ayani, ‘‘Using on-line simulation for adaptive path plan-
ning of UAVs,’’ presented at the 11th IEEE Int. Symp. Distrib. Simulation
Real-Time Appl., Oct. 2007, pp. 167–174.

[12] S. Bergmann, S. Stelzer, and S. Straßburger, ‘‘Initialization of simulation
models usingCMSD,’’ inProc.Winter Simulation Conf. (WSC), Dec. 2011,
pp. 2223–2234.

[13] J. Holt, S. Biaz, L. Yilmaz, andC.A.Aji, ‘‘A symbiotic simulation architec-
ture for evaluating UAVs collision avoidance techniques,’’ J. Simul., vol. 8,
no. 1, pp. 64–75, Feb. 2014.

[14] S. J. Qin and T. A. Badgwell, ‘‘An overview of nonlinear model predictive
control applications,’’ in Nonlinear Model Predictive Control, F. Allgöwer
and A. Zheng, Eds., Basel, Switzerland: Birkhäuser, 2000, pp. 369–392.

[15] B. Lin, B. Recke, J. K. H. Knudsen, and S. B. Jørgensen, ‘‘A systematic
approach for soft sensor development,’’ Comput. Chem. Eng., vol. 31,
nos. 5–6, pp. 419–425, 2007.

[16] Z. Wei, C. Zou, F. Leng, B. H. Soong, and K.-J. Tseng, ‘‘Online model
identification and state-of-charge estimate for lithium-ion battery with a
recursive total least squares-based observer,’’ IEEE Trans. Ind. Electron.,
vol. 65, no. 2, pp. 1336–1346, Feb. 2018.

[17] W. Van Brempt, P. VanOverschee, T. Backx, Ø.Moen, C. Kiparissides, and
C. Chatzidoukas, ‘‘Plantwide economical dynamic optimization: Appli-
cation of a Borealis Borstar process model,’’ IFAC Proc. Vol., vol. 37,
pp. 737–742, Jan. 2004.

[18] S. J. Qin and T. A. Badgwell, ‘‘A survey of industrial model predictive
control technology,’’Control Eng. Pract., vol. 11, no. 7, pp. 733–764, 2003.

[19] W. Shi, N. Li, C.-C. Chu, and R. Gadh, ‘‘Real-time energy management in
microgrids,’’ IEEE Trans. Smart Grid, vol. 8, no. 1, pp. 228–238, Jan. 2017.

[20] T. Vepsäläinen and S. Kuikka, ‘‘Benefit from simulating early in MDE
of industrial control,’’ in Proc. IEEE 18th Conf. Emerg. Technol. Factory
Autom. (ETFA), Sep. 2013, pp. 1–8.

[21] S. Yoon and J. F. MacGregor, ‘‘Statistical and causal model-based
approaches to fault detection and isolation,’’ AIChE J., vol. 46, no. 9,
pp. 1813–1824, Sep. 2000.

[22] R. Sinha, C. Pang, G. Santillán Martínez, and V. Vyatkin, ‘‘Automatic test
case generation from requirements for industrial cyber-physical systems,’’
Automatisierungstechnik, vol. 64, no. 3, pp. 216–230, 2016.

[23] M. Nakaya, A. Nakabayashi, and T. Ohtani, ‘‘Utilization of tracking sim-
ulator and its application to the future plant operation,’’ Yokogawa Tech.
Rep., vol. 52, no. 4, pp. 137–140, 2008.

[24] G. R. Madey et al., ‘‘Enhanced situational awareness: Application of
DDDAS concepts to emergency and disaster management,’’ in Proc. 7th
Int. Conf. Comput. Sci. (ICCS), Beijing, China, May 2007, pp. 1090–1097.

[25] M. Friman and P. Airikka, ‘‘Tracking simulation based on PI controllers
and autotuning,’’ in Proc. IFAC Conf. Adv. PID Control, Brescia, Italy,
2012, pp. 1–6.

[26] M.Nakaya andX. Li, ‘‘On-line tracking simulator with a hybrid of physical
and Just-In-Time models,’’ J. Process Control, vol. 23, no. 2, pp. 171–178,
Feb. 2013.

[27] J. Xu, E. Huang, L. Hsieh, L. H. Lee, Q.-S. Jia, and C.-H. Chen, ‘‘Simu-
lation optimization in the era of industrial 4.0 and the industrial Internet,’’
J. Simul., vol. 10, no. 4, pp. 310–320, Nov. 2016.

[28] S. Bai, D. D. McLean, and J. Thibault, ‘‘Enhancing controller performance
via dynamic data reconciliation,’’ Can. J. Chem. Eng., vol. 83, no. 3,
pp. 515–526, Jun. 2005.

VOLUME 6, 2018 15405



G. Santillán Martínez et al.: Integrated Implementation Methodology of a Lifecycle-Wide Tracking Simulation Architecture

[29] S. Amaran, N. V. Sahinidis, B. Sharda, and S. J. Bury, ‘‘Simulation
optimization: A review of algorithms and applications,’’ Ann. Oper. Res.,
vol. 240, no. 1, pp. 351–380, May 2016.

[30] L. M. Rios and N. V. Sahinidis, ‘‘Derivative-free optimization: A review
of algorithms and comparison of software implementations,’’ J. Global
Optim., vol. 56, no. 3, pp. 1247–1293, 2013.

[31] C. Kravaris, J. Hahn, and Y. Chu, ‘‘Advances and selected recent develop-
ments in state and parameter estimation,’’ Comput. Chem. Eng., vol. 51,
pp. 111–123, Apr. 2013.

[32] R. G. Sargent, ‘‘Verification and validation of simulation models,’’
J. Simul., vol. 7, no. 1, pp. 12–24, Feb. 2013.

[33] OPC Foundation. (2016). OPC Unified Architecture. [Online]. Available:
https://opcfoundation.org/

[34] J. Kofránek, M. Mateják, P. Privitzer, and M. Tribula, ‘‘Causal or acausal
modelling: Labour for humans or labour for machines,’’ presented at the
Tech. Comput. Prague, Prague, Czech Republic, 2008, pp. 1–16.

[35] P. Demetriou, M. Asprou, J. Quiros-Tortos, and E. Kyriakides, ‘‘Dynamic
IEEE test systems for transient analysis,’’ IEEE Syst. J., vol. 11, no. 4,
pp. 2108–2117, Dec. 2015.

[36] E. L. Haseltine and J. B. Rawlings, ‘‘Critical evaluation of extended
Kalman filtering and moving-horizon estimation,’’ Ind. Eng. Chem. Res.,
vol. 44, no. 8, pp. 2451–2460, Apr. 2005.

[37] R. S. C. Lambert, I. Nascu, and E. N. Pistikopoulos, ‘‘Simultaneous
reduced order multi-parametric moving horizon estimation and model
based control,’’ IFAC Proc. Vol., vol. 46, no. 32, pp. 45–50, 2013.

[38] S. K. Perepu and A. K. Tangirala, ‘‘Online estimation of missing data using
sparse optimization techniques with applications to classical control,’’
IEEE Trans. Control Syst. Technol., 2017.

[39] M. J. D. Powell, ‘‘The NEWUOA software for unconstrained optimization
without derivatives,’’ in Large-Scale Nonlinear Optimization, G. Di Pillo
and M. Roma, Eds. Boston, MA, USA: Springer, 2006, pp. 255–297.

[40] B. D. Amos, D. R. Easterling, L. T. Watson, B. S. Castle, M. W. Trosset,
andW. I. Thacker, ‘‘Fortran 95 implementation of QNSTOP for global and
stochastic optimization,’’ presented at the High Perform. Comput. Symp.,
Tampa, FL, USA, 2014.

[41] D. W. Marquardt, ‘‘An algorithm for least-squares estimation of nonlinear
parameters,’’ J. Soc. Ind. Appl. Math., vol. 11, no. 2, pp. 431–441, 1963.

[42] C. G. Broyden, ‘‘A class of methods for solving nonlinear simul-
taneous equations,’’ Math. Comput., vol. 19, no. 92, pp. 577–593,
1965.

[43] E. W. Weisstein, ‘‘Lotka-Volterra equations,’’ in Wolfram Mathematica
Player, 2007.

[44] T. F. Coleman and Y. Li, ‘‘An interior trust region approach for non-
linear minimization subject to bounds,’’ SIAM J. Optim., vol. 6, no. 2,
pp. 418–445, 1996.

[45] S. Grüner, J. Pfrommer, and F. Palm, ‘‘RESTful industrial communication
with OPC UA,’’ IEEE Trans. Ind. Informat., vol. 12, no. 5, pp. 1832–1841,
Oct. 2016.

[46] OPC Foundation. (2017). OPC Unified Architecture Part 11: His-
torical Access. [Online]. Available: https://opcfoundation.org/developer-
tools/specifications-unified-architecture/part-11-historical-access

[47] B. Vogel-Heuser and D. Hess, ‘‘Guest editorial industry 4.0–prerequisites
and visions,’’ IEEE Trans. Autom. Sci. Eng., vol. 13, no. 2, pp. 411–413,
Apr. 2016.

[48] M. Schleipen, S.-S. Gilani, T. Bischoff, and J. Pfrommer, ‘‘OPC UA &
industrie 4.0—Enabling technology with high diversity and variability,’’
in Proc. CIRP, vol. 57. 2016, pp. 315–320.

[49] Prosys. (2015). OPC UA Historian. [Online]. Available: https://www.
prosysopc.com/products/opc-ua-historian/

[50] VTT and Fortum. (2015). Advanced Process Simulation Software (Apros).
[Online]. Available: http://www.apros.fi/en/

[51] J. Naveri and P. Laakso, ‘‘Instructor station for Apros based Loviisa NPP
training simulator,’’ in Proc. Asia Simulation Conf.-7th Int. Conf. Syst.
Simulation Sci. Comput. (ICSC), Oct. 2008, pp. 514–519.

[52] J. Kurki, ‘‘Simulation of thermal hydraulics at supercritical pressures with
APROS,’’ in Proc. IYNC, 2008, pp. 1–8.

[53] A. Saltelli et al., Global Sensitivity Analysis: The Primer. Hoboken, NJ,
USA: Wiley, 2008.

[54] G. Santillán Martínez et al., ‘‘Parameters selection in predictive online
simulation,’’ presented at the IEEE 14th Int. Conf. Ind. Inform., Poitiers,
France, Jul. 2016, pp. 726–729.

[55] F. Pecci, E. Abraham, and I. Stoianov, ‘‘Quadratic head loss approxima-
tions for optimisation problems in water supply networks,’’ J. Hydroin-
form., vol. 19, no. 4, pp. 493–506, 2017.

[56] R. J. Hyndman and A. B. Koehler, ‘‘Another look at measures of forecast
accuracy,’’ Int. J. Forecasting, vol. 22, no. 4, pp. 679–688, Oct. 2006.

[57] K. H. Ang, G. Chong, and Y. Li, ‘‘PID control system analysis, design,
and technology,’’ IEEE Trans. Control Syst. Technol., vol. 13, no. 4,
pp. 559–576, Jul. 2005.

[58] Y. Shtessel, C. Edwards, L. Fridman, and A. Levant, Sliding Mode Control
and Observation, vol. 10. New York, NY, USA: Birkhäuser, 2014, p. 356.

[59] G. S. da Silva, R. P. Vieira, and C. Rech, ‘‘Discrete-time sliding-mode
observer for capacitor voltage control in modular multilevel converters,’’
IEEE Trans. Ind. Electron., vol. 65, no. 1, pp. 876–886, Jan. 2018.

[60] R. Ruusu, G. Santillán Martínez, T. Karhela, and V. Vyatkin, ‘‘Sliding
mode SISO control of model parameters for implicit dynamic feedback
estimation of industrial tracking simulation systems,’’ presented at the 43rd
Annu. Conf. IEEE Ind. Electron. Soc. (IES), Beijing, China, Oct. 2017.

GERARDO SANTILLÁN MARTÍNEZ was born
in 1986. He received the B.Sc. degree in
mechatronics engineering from the National
Autonomous University of Mexico and the M.Sc.
degree in machine automation from the Tampere
University of Technology. He was a Researcher
with the Factory Automation Systems and Tech-
nologies Laboratory.

He is currently pursuing the Ph.D. degree with
Aalto University. His research interests include

online process simulation systems and methods, and information technology
in industrial automation.

Mr. Santillán is a Student Member of the IEEE Industrial Electronics
Society. He was a recipient of the Student’s paper travel award from the
IEEE IES to attend to the IEEE 14th International Conference on Industrial
Informatics in Poitiers, France, in 2016.

TOMMI A. KARHELA was born in 1972.
He received the M.Sc. (Tech.) degree from the
Tampere University of Technology majoring in
computational physics in 1996 and the D.Sc.
(Tech.) degree from the Helsinki University of
Technology in 2002.

From 1996 to 2009, he was a Research Scientist
and a Team Leader with the Technical Research
Centre of Finland. Since 2009, he has been a
Research Professor with the Technical Research

Centre of Finland. He has also a parallel position as a Professor of practice
with Aalto University. His research interests include computer simulation
technology and semantic data modeling in process industry.

Dr. Karhela is a member of the IEEE Industrial Electronics Society TC
Industrial Informatics. He was a recipient of the VTT award on 2010 on
exceptional performance and FinnishAutomation award on 2011 on thework
with the Simulation Integration Environment–Simantics. He is a Co-Chair of
the subcommittee on Simulation.

REINO J. RUUSU was born in 1975. He received
the M.Sc. (Tech.) degree from the Helsinki Uni-
versity of Technology (now Aalto University),
Finland, in 2010.

He is currently a Research Scientist with the
VTT Technical Research Centre of Finland, where
he has been employed since 2004. His inter-
ests include software engineering for modeling
and simulation, simulation of dynamic systems,
numerical optimization, model fitting, data mod-

eling, and knowledge management. He has worked on a number of different
fields of application, including discrete manufacturing processes, naval oper-
ations research, and process industry.

15406 VOLUME 6, 2018



G. Santillán Martínez et al.: Integrated Implementation Methodology of a Lifecycle-Wide Tracking Simulation Architecture

SEPPO A. SIERLA was born in 1977. He received
the M.Sc. (Tech.) and D.Sc. (Tech.) degrees from
the Helsinki University of Technology majoring
in embedded systems, in 2003 and 2007, respec-
tively. He received the title of Docent with the
Aalto University School of Electrical Engineering,
in 2013, in the field software design for industrial
automation.

From 2003 to 2011, he was a Research Scientist
with Aalto University and also with the Helsinki

University of Technology. Before that he was a Research Assistant and
as a Software Developer in two companies. Since 2011, he has been the
University Lecturer with Aalto University, Finland. He has 35 publications
in Web of Science and holds one patent. His research interests include 3-D
simulation and virtualization in the manufacturing and process industries.

Dr. Sierla is a member of the IEEE Industrial Electronics Society TC
Industrial Informatics. He was a track program committee member in six
IES conferences. In 2016 he was a recipient of the Recognition Award as a
responsible teacher for the course Automation 1 with the Aalto University
School of Electrical Engineering.

VALERIY VYATKIN (M’03–SM’04) was born
in 1966. He received the Ph.D. degree in applied
computer science from the Taganrog State Uni-
versity of Radio Engineering (TSURE), Russia,
in 1992, the Dr.Ing. degree in electrical engi-
neering from the Nagoya Institute of Technol-
ogy, Japan, in 1999, the Dr.Sc. (Eng.) degree in
information and control systems from TSURE,
in 1999, and the Habilitation degree from the Min-
istry of Science and Technology, Sachsen-Anhalt,
Germany, in 2002.

He is on joint appointment as a Chaired Professor (Ämnesföreträdare)
of dependable computation and communication systems with the Luleå
University of Technology, Luleå, Sweden, and a Professor of information and
computer engineering in automation with Aalto University, Helsinki, Fin-
land. Previously, he was a Visiting Scholar with Cambridge University, U.K.,
and had permanent academic appointments with the University of Auckland,
Auckland, New Zealand, the Martin Luther University of Halle-Wittenberg,
Halle, Germany, and in Japan and Russia. His research interests include
dependable distributed automation and industrial informatics, software engi-
neering for industrial automation systems, artificial intelligence, distributed
architectures, and multi-agent systems applied in various industry sectors,
including smart grid, material handling, building management systems, data
centres, and reconfigurable manufacturing.

Dr. Vyatkin was a recipient of the Andrew P. Sage award for the best IEEE
TRANSACTIONS paper in 2012. He has been the Chair of the IEEE IESTechnical
Committee on Industrial Informatics since 2016.

VOLUME 6, 2018 15407


	INTRODUCTION
	RELATED WORK
	CLOSED-LOOP AND OPEN-LOOP OMBAS
	TRACKING SIMULATION SYSTEMS

	INTEGRATED METHODOLOGY
	SIMULATION ARCHITECTURE
	TRACKING SIMULATION METHODOLOGY1
	MODEL ADAPTATION
	MODEL DEPLOYMENT
	MODEL INITIALIZATION
	TRACKING SIMULATION
	OFFLINE ESTIMATION
	PREDICTIVE SIMULATION

	MODEL OPTIMIZATION METHOD

	IMPLEMENTATION OF THE PROPOSED APPROACH
	RESULTS
	CONCLUSIONS
	REFERENCES
	Biographies
	GERARDO SANTILLÁN MARTÍNEZ
	TOMMI A. KARHELA
	REINO J. RUUSU
	SEPPO A. SIERLA
	VALERIY VYATKIN


