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Abstract
Most of chemical technologies are based on heterogeneous 
catalytic reactions (~80%). Model based tools used for design, 
control and monitoring of these processes require accurate 
kinetic parameters of these catalytic reactions. Laboratory 
measurements and on-line analysers can be used to monitor 
decreasing catalyst activity. However these measurements are  
affected by errors influencing the estimation of kinetic param-
eters. To increase the robustness and accuracy of the estimation 
we developed a method based on the integrated application of 
data reconciliation and flowsheeting simulation. The proposed 
technique is applied for an industrial hydrogenation system. The 
estimated reaction kinetic parameters can be utilized advanced 
process control of the process.

Keywords
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1 Introduction
Life time of catalyst is an important aspect in design of 

chemical technologies because the cost of catalsyt is 0.22 % 
of the cost of petrochemical products. Rapid loss of activity 
causes loss of economic benefit and loss of time for produc-
tion due to the interruption of process operation. At the design, 
operation and control it should be considered that the life time 
of catalyst may be shorted due to the following factors [1]:

• poisoning: contaminants in the reactor feed,
• fouling: thermal degradation (sintering, evaporation, vol-

atilization), leaching by the reaction mixture,
• coking (formation of deposits): coverage of the surface 

by coke or carbon from  undesired reactions of hydrocar-
bon reactants, intermediates, and products,

• mechanical damage.

Heterogenious catalytic system needs special attention. 
Table 1 shows how often the catalyst should be regenerated 
in case of different reactor type. The life time of catalyst also 
depends on the reaction, e.g. catalysts of polymerization reac-
tions deactivate more rapidly than catalysts of methanol syn-
thesis that can work for years without regeneration (Fig. 1).

Loss of catalyst activity can be characterised with time-
dependent empirical equations. Usually this method is very 
time-consuming since numerous measurements should be 
performed to get reliable relation between catalyst activity, 
concentrations and operating conditions [2, 4]. Thanks to the 
development of analytical chemistry and catalyst characteriza-
tion methods there are several tools to evaluate catalyst deacti-
vation routes [8]. These methods need kinetics of catalytic reac-
tions and of deactivation, pore-diffusion processes and reactor 
model. Rate of deactivation (da/dt) is followed up the mass flow 
of key components. Differential balances are set up describing 
the change of mass of reactants in the convective flow within a 
small volume element in the reactor and the change of mass of 
reactant in the pellet by catalytic reaction and pore diffusion. 
Simultaneous integration of the respective mass balances and 
including heat balances leads to concentration profiles along 
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Fig. 2 Comparison of a priori and data based models

the reactor and to outlet concentrations [1]. These rigorous 
models can be used for dynamic simulation [11]. Although this 
approach gives accurate results the industrially application is  
constrained due to the high cost of the required measurement 
equipments. For some processes specific methods are available 
to monitor catalyst deactivation, e.g. micro-activity test (MAT) 
ASTM-D 3907-80 is a well known technique for a quick and 
simple screening of FCC catalysts [12].

Since it is hard to monitor and predict how activity decays 
over time, catalyst deactivation is the main bottleneck of the 
application of model based tools used for design, process con-
trol and monitoring. Laboratory measurements can be used to 
continuously re-estimate kinetic parameters [3]. However, lab-
oratory samples are usually taken once or twice a day. When it 
is needed frequent information can be gained from online ana-
lysers. However, the reliability of these measurements is not 
as good as laboratory tests. Laboratory values and data recon-
ciliation techniques can be used to validate and correct online 
measurements. A detailed model of the process and the reaction 
system should be applied for the identification of these kinetic 
parameters. For complex processes model based estimation 
of kinetic parameters require flowsheeting simulators thanks 
to the availability of thermodynamic and built in process unit 
models. Flowsheeting simulators utilizing validated measures 
can infer changes of catalyst activity.

So the question arises how we can monitor the state of tech-
nology based on some uncertain measurements and how we 

can develop an accurate model of technology based on these 
uncertain measurements using flowsheeting simulator so that 
catalyst deactivation is also taken into account. To increase the 
robustness and accuracy of the estimation of catalyst activity 
we developed a method based on the integrated application of 
data reconciliation and flowsheeting simulation. The proposed 
approach is described in Section 2. The presented technique 
is applied for an industrial hydrogenation system, where the 
estimated reaction kinetic parameters can be utilized advanced 
process control of the process. The description of technology 
and the results are summarised in Section 3. Finally, Section 4 
draws some conclusions.

2 Iterative data reconciliation, simulation
and parameter identification

Process simulators are based on first-principles (also 
referred as white box) models. These models consist of bal-
ance equations representing detailed physical-chemical infor-
mation about the system. Unfortunately, the development of 
first-principle models of complex industrial process is very dif-
ficult. In particular, it is difficult to build precise first-principle 
models that can explain the dynamics of catalyst deactivation. 
When we do not have detailed a prior knowledge about the 
process, data based model can be developed because data carry 
information about the process. In this case historical process 
data is used to build statistical models to determine the relation-
ship between inputs and outputs. However, measurements are 

Table 1 Loss of activity in case of several reactor [1]

Time-scale of deactivation Typical reactor type

Years
Fixed-bed reactor usually
no regeneration

Months
Fixed-bed reactor regeneration
while reactor is off-line

Weeks
Fixed-bed reactors in swing
mode moving-bed reactor

Minutes-days
Fluidized-bed reactor slurry reactor con-
tinuous regeneration

Seconds
Entrained-flow reactor (riser)
with continuous regeneration Fig. 1 Loss of activity in case of several catalytic reactions [1]
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(1)

always affected by errors affecting the quality of these models. 
A new direction is the combination simulators and data driven 
statistical models [7]. Historical process data can contain this 
information but measurements are not consistent and they are 
affected by error. Using data reconciliation technique we can 
treat this random error. This technique allows us to check the 
acceptability of measurements. When accurate data is avail-
able, flowsheeting simulator gives more reliable results, that 
make possible further development of models.

This means, data reconciliation allows us to check the reli-
ability of these measurements [6], and reconsolidated data can 
be used to build accurate models. Data reconciliation calculates 
minimal correction of measured variables to make them verify a 
set of model constraints. It minimizes the difference between the 
measured and reconciled values taking into account the variance 
of the variables and ensures that reconciled parameters satisfy 
balance equations as equality and inequality constraints [9, 10].

minimizing φ x z x x V x x� � � � � �,( ) = −( ) −( )−
T

1

subject to f x z ,( ) = 0  and g x z ,( ) ≥ 0
where

• x is a vector of raw measurements for M process variables,
• x  is a vector of estimates (reconciled values) for M process 

variables,
• z  is a vector of estimates for unmeasured process vari-

ables (z),
•	 V is covariance matrix of the measurements,
•	 f is a vector describing functional form of model equality 

constraints,
•	 g is a vector describing functional form of model inequal-

ity constraints.
The key idea of our approach is that simulator development 

and data reconciliation should be performed simultaneously. 
Firstly, raw data is reconciled. The unknown parameters of the 
simulator are identified based on this for reconciled data. The 
reconciled data and estimated parameters are used as an input 
of the process simulator. This improved model can be used 
again for reconciliation of the raw data. This procedure could 

be repeated while there is a significant difference between rec-
onciled and calculated process values (Fig. 2).

To formulate the problem let us consider an x vector con-
taining the vector of inputs u and outputs y.

Collected historical process data ( xk  = { uk , yk }) can be 
compared to simulation results (y k ) (Fig. 3). If there is signifi-
cant difference between reconciled and calculated outputs, then 
the unknown parameters of the simulator (Θk) are re-identified 
based on the reconciled input and outputs. Based on reconciled 
data and re-identified parameters new simulation is elaborated 
and the reconciled and calculated outputs are compared again. 
Reconciliation and parameter estimation procedure continues 
until the difference between reconciled and calculated out-
puts is insignificant. Since catalyst deactivation is included in 
Θk parameter, this iterative method is resulted continuously 
decreasing parameter in time.

In practice mostly laboratory measurements are used to esti-
mate the kinetic parameters that can be regarded as constant 
between the sampling period. When the life time of catalyst is 
in the range of years catalyst deactivation is negligible within 
this period, this assumption is appropriate. When more frequent 
information is needed, the estimation should be based on online 
analysers. However, the reliability of these measurements is 
not as good as laboratory tests. Data reconciliation can increase 
the accuracy of these measurements. If simulation results that 
measured and reconciled values are almost identical then it can 
be stated that the model and the data are consistent, so they can 
be used for optimization. These steps can be applied in an itera-
tive way as illustrated in Fig. 4.

Fig. 3 Structure of procedure for treating measurement error and developing simulator

Fig. 4 Developed iterative method

(2)
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3 Results and discussion
The proposed concept has been applied for an industrial C3 

selective hydrogenation technology. Tisza Chemical Group 
(TVK) is Hungary’s largest petrochemical company. In olefin 
plants polymer raw materials are produced by steam cracking 
of naphtha or gasoline. At high temperature numerous free 
radical reactions occur. Cracked gas includes different hydro-
carbons. First, the light components are separated, and then the 
C3 fraction is separated from the C4+ fraction. C3 fraction con-
sists of propane, propylene, methyl-acetylene (MA) and propa-
diene (PD). The last two components are undesirable because 
they poison the catalysts for polymerization reactions. Another 
problem is that these components are difficult to separate from 
the product by distillation, so these hydrocarbons should be 
hydrogenated. The hydrogenated stream goes to the propane-
propylene separation column, then the pure propylene goes to 
the polypropylene polymer plant. 

Figure 5 shows the flowsheet diagram of C3 hydrogenation 
system. The function of the technology is the transformation 
of methyl-acetylene and propadiene by catalytic reaction to 
propylene, as propylene should not be transformed to propane. 
Liquid olefin feed and gaseous hydrogen pass through the 
catalyst bed in the same direction: from top to bottom. Outlet 
flow of the reactor is cooled by water then hydrogen and liq-
uid phase are separated. Recirculated flow has got two impor-
tant functions: cools the reactor and dilutes the inlet C3 stream 
because MAPD content of input flow is high. The hydrogena-
tion reaction is characterized by the MA content: it must be less 
than one mole percent.

To estimate the catalyst deactivation rate the composition 
of inlet and outlet stream of reactor should be known. Com-
positions of these streams are measured by online analysers in 
three locations and there are two sampling points where sample 
is taken for laboratory measurements. Online analysers meas-
ure propane and MA concentration. There are two laboratory 

measurements in every day, where the methane, ethane, pro-
pane, propylene, methyl-acetylene, propadiene, C4 and C6 
contents are also measured.

The model and the flowsheeting simulator of C3 hydrogen-
ated system are developed in Aspen Plus software to determine 
optimal operating parameters. Except for the one reaction 
kinetic parameter, all necessary information is a priori known.

In the literature the activation energy of the main hydro-
genation reactions is known for all reactions (Propadiene:
4400 kJ/kmole, methyl-acetylene: 8960 kJ/kmole, propylene: 
18170 kJ/kmole [5]) but pre-exponential factor should be iden-
tified based on measured data taking into account the deactiva-
tion of catalyst. The main steps of method are introduced in 
case of methyl-acetylene. The rate equation is described by the 
following equation:

r k E
RT

c cMA MA
A

MA H= ⋅
−






 ⋅ ⋅

2

where kM A  is the pre-exponential factor, c is a concentration in 
mole fraction unit, EA is the activation energy in kJ/kmole unit, 
R is gas constant in kJ/kmole and T is temperature in K.

Since the high excess of hydrogen, its concentration is 
assumed to be constant. Thus, pre-exponential factor includes 
the dependence of hydrogen. So the simplified rate equation 
becomes as:

r k
E
RT

cMA MA
A

MA= ′ ⋅
−






 ⋅

The average pre-exponential factor is estimated from labo-
ratory data with the proposed simulator. Processed data covers 
two-weeks interval. Since the reaction is extremely fast, the 
time constant of the process is less than one minute. As the 
sampling time is five minutes, steady state simulation is used 
for the analysis. This is a great benefit because we must exam-
ine the concentration distribution along the length of reactor. 
We developed an Visual Basic for Excel (VBE) macro based 
framework to enter all historical process data to the simulator. 

Fig. 5 Process flowsheet diagram of C3 hydrogenation system

(3)

(4)
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When all outlet concentration values are collected, they 
are plotted at that time. Significant differences were observed 
between the measured and calculated values (Fig. 6).

Therefore, a half-year interval data was also analysed. It has 
been found that conversion decreases (Fig. 7), so outlet MA 
concentration increases despite of nearly the same load. So the 
catalyst decay is not negligible even in a short interval. That is, 
the pre-exponential factor is time-dependent.

In case of every measured data pairs we estimate the pre-
exponential factor with a simulator and in analytical way. Since 
the model is very simple it can be solved easily.

We found that the two approaches give same results. How-
ever, the standard deviation of the data set is large. This effect 
can be handled by data reconciliation. Based component balance 
equation the measured concentration values were reconciled that 
made possible more accurate parameter estimation. The result is 
shown in Fig. 9 where a small section of operation is zoomed to 
make the difference visible. In this figure we can see that esti-
mated values have much lower standard deviation.

The time-dependent kinetic parameters were estimated by 
fitting a hyperbolic function (y = a / (x − b) + c) on the pre-treated 

measurements. We used simplex method to determine the opti-
mal parameter values (a,b,c). This function has been built into 
the flowsheeting simulator. Figure 10 shows that the simulation 
results with reconciliation are much closer to the measured data 
then simulation result without reconciliation.
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Fig. 6 Simulation results using average pre-exponential factor
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Fig. 7 Methyl-acetylene conversion decreases over time
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Fig. 8 Estimation of pre-exponential factor in analytical way and using 
flowsheeting simulator
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Fig. 9 Effect of data reconciliation
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Fig. 10 Comparison of simulation results using estimated parameters based 
on measured and reconciled values
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4 Conclusion
Model based process control and optimization of catalytic 

chemical processes suffer from catalyst deactivation as they 
need accurate estimates of reaction kinetic parameters. Data 
reconciliation of laboratory measurements, process variables 
and signals of online analysers can improve the performance 
of estimation. However, to get reliable data, reliable model 
should be used for data reconciliation and parameter identifica-
tion. We developed an iterative approach to support this model 
development. Extracted kinetic parameter is approximated 
as time-varying function. This deactivation model has been 
incorporated to a flowsheeting simulator. The developed model 
describes well the operation of real system as the resulted sim-
ulator gives good prediction performance through the whole 
life-cycle. The results demonstrate the effectiveness of the 
proposed approaches. The developed simulator and monitor-
ing algorithm can be utilized in an Advanced Process Control 
(APC) algorithm as APC can always use actual kinetic param-
eters thus taking into account the catalyst deactivation.
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