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Abstract  Nonlinear model predictive control (NMPC) is an appealing control technique for improving the per-
formance of batch processes, but its implementation in industry is not always possible due to its heavy on-line 
computation. To facilitate the implementation of NMPC in batch processes, we propose a real-time updated model 
predictive control method based on state estimation. The method includes two strategies: a multiple model building 
strategy and a real-time model updated strategy. The multiple model building strategy is to produce a series of sim-
plified models to reduce the on-line computational complexity of NMPC. The real-time model updated strategy is 
to update the simplified models to keep the accuracy of the models describing dynamic process behavior. The 
method is validated with a typical batch reactor. Simulation studies show that the new method is efficient and robust 
with respect to model mismatch and changes in process parameters. 
Keywords  batch process, exothermic batch reactor, nonlinear model predictive control, state estimation, real-time 
model update 

1  INTRODUCTION 

Batch processes are widely applied to manufac-
ture a large quantity of value-added products such as 
pharmaceuticals, biological products, polymers and 
electronic chemicals. The application of advanced 
process control techniques in these processes can im-
prove process performance and product quality. How-
ever, most batch processes exhibit highly nonlinear 
and time-varying behavior, making the control of such 
processes complex and challenging. In addition, an 
important control objective for batch processes is to 
realize perfect tracking of set-point profile, and thereby 
guarantee good product quality. To address these is-
sues, model predictive control (MPC) has been applied 
to batch processes [1-4] and is widely recognized as an 
efficient control technique for desired performance of 
batch processes.  

The ability to handle nonlinearities in process 
dynamics and economical objective functions makes 
nonlinear model predictive control (NMPC) especially 
useful for batch process control. A number of NMPC 
studies dealt with the control of polymerization reac-
tors [5], batch distillation [6], batch crystallization [7], 
and so on [8]. Gao et al. [9] proposed an online itera-
tive learning model predictive control method for con-
trolling a multi-phase batch process. Kansha and Chiu 
developed an adaptive generalized predictive control 
strategy based on the just-in-time learning (JITL) 
technique for nonlinear process control [10]. Escano et 
al. developed a strategy by integrating neuro-fuzzy 
model with NMPC and implemented it in a pilot plant 
successfully [11]. However, the implementation of 
NMPC based on the first principle process model in 

large-scale or industrial applications is not always 
possible. One of the reasons is the computational 
complexity of the NMPC. This leads to two problems: 
(1) the computational time for solving NMPC problems 
exceeding real-time requirements; (2) insufficient ac-
curacy or stability of the controller. 

There are many ways to reduce the computational 
complexity of NMPC [12]. One way is to develop effi-
cient and reliable solution methods for NMPC prob-
lems. A series of high-performance solution methods 
[13-16] for NMPC problems have been developed to 
make NMPC a viable control technique [17, 18], but 
the computation is still too intensive to use conven-
tional process control computers for on-line imple-
mentation. An obvious difficulty is that the optimiza-
tion problem is nonlinear and has a large number of 
decision variables. Another way is to use multiple re-
duced models [19] or empirical models [20-22] instead 
of the first principle process model, reducing the 
computation of models, which is a popular way for 
enhancing the applicability of NMPC, especially in 
the present situation with limited computational power 
available in industries. Kuure-Kinsey and Bequette 
have developed a multiple model predictive control 
strategy for controlling process systems with distur-
bances [23, 24]. By incorporating four different distur-
bance models to a nominal linear model representing 
the expected system operating condition, the strategy 
can estimate and reject different types of unmeasured 
disturbances. Peterson et al. proposed a nonlinear dy-
namic matrix control algorithm, which can real-time 
update the linear model subject to the difference  
between linear and nonlinear model responses, and 
applied it to a semi-batch polymerization reactor  
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successfully [25]. Dougherty and Cooper proposed a 
practical multiple model adaptive strategy for multi-
variable MPC [26]. Wang et al. proposed a multiple 
model approach for robust control of non-linear proc-
esses [27]. Bonis et al. integrated successive local lin-
earization with model reduction technique to reduce 
the computational cost of MPC for nonlinear distrib-
uted parameter systems [28].  

For the multiple model based approach, determi-
nation of optimal model switching policy is as crucial 
as the accuracy of the models. To automatically select 
the model used in NMPC, Dones et al. have proposed 
a self-adaptive approach for NMPC to adjust the di-
mension of the model according to current process 
conditions and control objectives [29]. This approach 
can adapt the model in the MPC algorithm to current 
operating conditions of the plant. However, the algo-
rithm is mainly focused on special processes, in which 
a set of simplified models is obtained by reducing the 
number of dynamic equations in the full model. For 
most of other batch processes whose simplified mod-
els cannot be obtained in this way, this algorithm is 
not always feasible. Kansha and Chiu have proposed a 
JITL based NMPC method to update the data-based 
model used in NMPC on line [10]. Owing to its high 
efficiency, the method has been successfully applied 
in many batch processes [30]. Nevertheless, the feasi-
bility and performance of the method largely depends 
on the reliability of the data-based modeling technol-
ogy, which makes the method more suitable for the 
processes with lots of historical data and similar op-
eration conditions for each cycle. 

In this work, we propose a real-time updated 
model predictive control (RTUMPC) strategy for re-
alizing perfect tracking along the optimal trajectory 
for the operation of batch process [31]. It combines a 
multiple model building technique with a real-time 
model updated strategy to improve the computational 
efficiency of NMPC and keep good performance of 
NMPC for process control. The multiple model build-
ing technique is based on model linearization, pro-
ducing a series of simplified models with different 
complexity by locally linearizing the nonlinear rela-
tionship among the variables in the control system. 
The real-time model updated strategy is used for keep-
ing the accuracy of the simplified models to describe 
the actual system by updating the models real time 
according to current process conditions. The real-time 
update of the simplified models is implemented based 
on state estimation, so it is important to select an effi-
cient and reliable state estimator for the controlled 
system. Successful application of the model-based 
control largely depends on the accuracy of the infor-
mation about the states of the system provided by the 
estimator. A series of work has been focused on the 
development of feasible and reliable nonlinear state 
estimators [32-34], which have promoted the devel-
opment of model based control technology. 

2  REAL-TIME UPDATED MPC STRATEGY 

2.1  NMPC formulation 

In NMPC algorithm, a sequence of control 
moves is computed at each control interval to mini-
mize an objective function, subject to constraints on 
input and output variables, as well as constraints im-
posed by nonlinear dynamic model equations. The 
first input in the optimal sequence is implemented. For 
the next control intervals, the objective function and 
model equation constraints are updated on the basis of 
new measurements and state variable estimates. Then, 
all these steps are repeated. For the NMPC of batch 
process, after the optimal set-point trajectory of the 
process is determined by dynamic optimization method 
[35], the optimal control problem for realizing perfect 
tracking along the trajectory can be formulated as 
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where J is the dynamic performance objective, Qw and 
Rw are the weighting matrixes of appropriate dimen-
sions, P is the prediction horizon, M is the control ho-
rizon, and k is the current sampling interval. The state 
variable vector is n∈ xx R , n∈ yy R  is the predicted 
output vector of the system, and r is the reference sig-
nal. [ ( ), ( 1), , ( 1)]k k k MΔ = Δ Δ + Δ + −U u u u  is the 
sequence of future inputs, f: n n n× →x u xRR R  is the 
vector function of dynamic equations of the system, g:  

nn n× → yx uRR R  is the vector function of system 
output, h:  n n n× →x u hRR R  is the vector functions 
that describe all of the system inequality constraints, 
which are linear and nonlinear, time-varying or 
end-time algebraic constraints. 

NMPC problem is a nonlinear program (NLP) 
problem, which can be represented by nonlinear ob-
jective function equation (1) and nonlinear constraint 
equations (2)-(4). The solution efficiency of NMPC 
problem and the accuracy of process model to de-
scribe the system behavior are the key factors for suc-
cessful implementation of NMPC [12]. Thus a large 
scale complex system can make the control task chal-
lenging. In addition, due to their nonlinear and 
time-varying nature, batch processes are operated in 
multiple regions under different process conditions 
with different initial states [5]. These situations force 
the process model used in NMPC to be updated along 



Chin. J. Chem. Eng., Vol. 22, No. 3, March 2014 320 

system trajectory. To meet such requirements, two 
strategies are introduced here. One is the multiple 
model building strategy, which simplifies the original 
system model to a series of simple models based on 
linearization of the nonlinear functions. The simple 
models include lots of linear models and nonlinear 
models with different accuracy for describing the sys-
tem behavior. Moreover, these simple models show 
different complexity and provide multiple selections 
for representing the system in different operating re-
gions, relieving the computational task of NMPC and 
improving the robustness of system control. The other 
one is the real-time model updated strategy, which is 
in charge for updating the simple models as prediction 
model in NMPC problem. This strategy is based on 
state estimation of the system to select and update the 
model used in NMPC according to current states of 
the system. Integration of the two strategies can im-
prove the on-line solution efficiency of NMPC prob-
lem as far as possible while maintaining the perform-
ance of NMPC for process control. However, it should 
be mentioned that the successful application of the 
proposed strategies subjects to some preconditions: 
the models used in NMPC are built based on first 
principles; the state variables of system can be meas-
ured or observed, which determine the amount of 
process state information for model update. 

2.2  Strategy for multiple model building 

The quality of multiple models has significant 
effect on the performance of NMPC based on multiple 
models. Development of efficient and reliable ap-
proach for multiple model building plays an important 
role in enhancing the applicability of NMPC tech-
nique. The simplest way to get a series of simple 
models is to perform linearization based on the system 
Jacobian in every time interval. This yields successive 
linearization MPC (SLMPC) [19, 28, 36]. However, it is 
difficult for a linear model to ensure the accuracy to 
describe an actual system, especially for a highly 
nonlinear system, which leads to poor performance of 
the SLMPC for process control. Therefore, a promising 

way is to partially linearize the system model to pro-
duce a series of simplified models, which can keep 
some degree of nonlinearity and retain a satisfactory 
efficiency for problem solution.  

For controlling time-invariant batch processes, 
one of the operation tasks is to realize perfect tracking 
of desired set-point trajectory in each cycle [37]. Based 
on the optimal control structure design [38-41], the 
controlled variables in batch process are always se-
lected from those easy to measure, easy to control by 
using one of the available manipulated variables, and 
presenting strong effect on products or performance of 
plant. The interaction among the manipulated variable 
(MV), controlled variable (CV), state variables (SV) 
and process outputs are described in Fig. 1. 

According to the interaction among variables, the 
system dynamics of the batch process can be repre-
sented by a number of nonlinear functions, so that it is 
easy to acquire a series of simplified models by selec-
tively linearizing the functions. Obviously, linearizing 
different nonlinear functions produces different sim-
plified models with different level of detail of the sys-
tem dynamics because of different degrees in the 
nonlinearity of nonlinear functions. In this way, a se-
ries of simplified models with different complexity 
and different accuracy to represent the system can be 
obtained based on the original system model. With the 
batch process in the structure as shown in Fig. 1, a 
series of simplified models can be obtained by selec-
tively linearizing nonlinear functions f1, f2, , fk. The 

 
Figure 1  Strategy of decomposing nonlinear process system 

 
Figure 2  Diagram of simplified models of batch process 
system 
LM—linear model function; FM—nonlinear model function 
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simplified models include model SM(1) obtained by 
completely linearizing the full system model, model 
SM(2) by linearizing nonlinear function f1, and the kth 
simplified model SM(k), as shown in Fig. 2.  

In NMPC, complete linear models can be used 
when the nonlinear system is operated at relatively 
stable state with small set-point change and distur-
bances. Partially linearized models can be used when 
the system characteristics is changed dramatically. The 
models are selectively used according to a designed 
strategy, which will be discussed in the next section. 

2.3  Strategy for real-time model update 

A number of ways [26, 27, 42] based on predefined 
situation have been introduced to manage the multiple 
models used in NMPC. To manage the models more 
automatically, a self-adaptive approach has been pro-
posed by Dones et al. [29], which decides the model 
used in NMPC based on current process conditions 
and control objectives. However, model selection only 
in the approach can not assure the accuracy of model 
used in NMPC due to the parameter uncertainty and 
disturbances in the process. Hence, to maintain the 
accuracy of the simplified models to represent actual 
system, the models need to be updated according to 
current states of the system. Before establishing the 
real-time model updated strategy, it is better to give 
the simplified models different selection orders (high 
selection order means high priority to be selected). It 
should be noted that the selection order may be dif-
ferent in different situations. When the system is oper-
ated under a normal condition without disturbances, 
simpler model has higher selection order since it can 
save computational time for problem solution, but 
when the system operation is disturbed, simpler model 

has lower selection order for its lower accuracy to 
describe the system.   

Three criteria for model update are established in 
this study. The first one is based on parameter estima-
tion. A parameter estimator is used to estimate the 
value of uncertain parameters and to calculate the dif-
ference between current used value cur

kP  and estimated 
value of parameter est

kP . If the percentage variation of 
the parameter is larger than a certain tolerance εp set 
by user,  

cur est

pcur
k k

k

P P
P

ε
−

<              (5) 

the simplified models will be updated according to 
current operating condition. 

The second criterion is based on the set-point 
change of controlled variables. In a series of appropri-
ate ranges of set-point change (SC) established for the 
simplified models, the set-point change that is known 
in priori will decide which model should be selected 
to be used to guarantee the performance of NMPC. 
The third criterion is based on the differences between 
predicted outputs of the simplified models and actual 
outputs of the system. Each of the models has a prede-
fined largest limit limout for the output difference. If 
the absolute value of the output difference εout is larger 
than limout for current model, a more accurate model 
with larger limit of output difference will be selected 
to be used in the NMPC at the next time interval.   

The procedure of real-time model updated strat-
egy is illustrated in Fig. 3. At the beginning, state es-
timator is used to detect parameter change and decide 
whether the simplified models should be updated. 
Then set-point change is detected to judge whether the 
current used model can deal with the change. If not, 
another more appropriate model will be selected to be 

 
Figure 3  Flowchart of the real-time model updated strategy for NMPC of batch process based on multiple models 



Chin. J. Chem. Eng., Vol. 22, No. 3, March 2014 322 

used in the NMPC for the next time interval. If yes, 
the output differences between simplified models and 
actual process will be calculated to judge whether 
current model is appropriate and to decide which model 
will be more appropriate as the prediction model in 
NMPC for next time interval. If all of the output per-
formance of the models is acceptable, the simplest 
model is always the first selection. When the outputs 
of the actual system deviate much from the predicted 
outputs, the model with the highest accuracy is always 
selected.  

2.4  Feasibility and performance analysis 

The RTUMPC algorithm is an extension of ear-
lier SLMPC technique developed for nonlinear proc-
esses [19, 28, 43]. SLMPC is consistent with RTUMPC 
based on linear model, SM(1) in Fig. 2. SM(1) is the 
one with the simplest structure and lowest fidelity 
with respect to the original nonlinear model in the 
multiple models built in Section 2.2, indicating that 
the model used in RTUMPC has a higher quality than 
that used in SLMPC. Consequently, it makes the 
RTUMPC algorithm more stable and feasible than the 
SLMPC algorithm for nonlinear process control. In 
addition, as long as the multiple models used in 
RTUMPC can maintain a certain level of prediction 
accuracy to the actual system, the stability of RTUMPC 
is equivalent to that of standard NMPC, which means 
that the NMPC stability results presented in literature 
[12, 44, 45] are also suitable for RTUMPC.  

The RTUMPC algorithm takes advantage of mul-
tiple model building and real-time model update. On 
the one side, since the model used in RTUMPC is the 
reduced model from the original system model, the 
on-line solution for RTUMPC problem is more effi-
cient than that for normal NMPC problem. On the other 
side, owing to the real-time model updated strategy, 
which can make the reduced models keep a high fidel-
ity with respect to the original system model along the 
computed system trajectory, the RTUMPC algorithm 
can maintain high performance for process control. 
Consequently, the RTUMPC approach provides a 
compromise between control performance and on-line 

computation, so that the RTUMPC algorithm is more 
suitable for the on-line implementation in industrial 
processes than normal NMPC.  

The robust performance of the RTUMPC algo-
rithm mainly depends on the performance of state es-
timator. Although a large number of stable nonlinear 
observers have been developed [33, 34], the rigorous 
robustness analysis [46] for the RTUMPC based on 
state estimation is not a simple work since most of 
batch processes are dynamic system with no steady 
state and there are various disturbances, such as model 
mismatch and change of unmeasured parameters. The 
robust performance of the RTUMPC algorithm is 
evaluated by simulation studies in the next section. 

3  CASE STUDY: EXOTHERMIC BATCH RE-
ACTOR 

A reaction system consisting of a batch reactor 
and a jacket cooling system [47] is shown in Fig. 4. In 
the reactor, two parallel highly exothermic reactions 
occur:  

A B C+ ⎯⎯→  
A C D+ ⎯⎯→  

where A and B are the raw materials, C is the desired 
product, and D is the by-product. The production rates 
of C and D are R1 and R2, respectively, with 
R1 = k1MAMB and R2 = k2MAMC, where k1 and k2 are 
the rate constants dependent on the reaction temperature 
through the Arrhenius relation. MA, MB, MC and MD are 
the number of moles of components. A full description 
of the reactor system has been given in [47, 48]. 

3.1  Dynamic model 

The equations with the first principle system 
model of the batch process are as follows [48] 

A
1 A B 2 A C

d
d
M

k M M k M M
t

= − −        (6) 

B
1 A B

d
d
M

k M M
t

= −             (7) 

 
Figure 4  Schematic diagram of batch reactor 
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where Tr is the reactor temperature, Tj is the jacket 
temperature, Tset is the set point value of jacket tem-
perature, W is the mass of reactor contents, Mr is the 
total moles of contents, cpr  is the heat capacity of 
contents, Qr is the reaction heat, Qj is the heat trans-
ferred to the reactor from the jacket, and Ar is the heat 
transfer area of the reactor. The model parameters for 
the reactor simulation are presented in Table 1, which 
are from [47, 48]. 

Initial conditions and strategy for measurements 
are set as follows. The initial values for MA, MB, MC 
and MD are 12, 12, 0 and 0 kmol, respectively. The 
initial value for both Tr and Tj is 20 °C. The sample 
time for temperature measurement is 0.1 min and that 
for reactant concentrations is 1 min. 

3.2  Multiple model building 

Figure 5 shows the relationship among the vari-
ables in the batch reactor. Controlled variable Tr has 
significant effect on the production of C and D,   
manipulated variable Tset manipulates the jacket  
temperature Tj by heat-exchanger, and subsequently, Tj 

Table 1  Parameters used in the dynamic model of batch reactor 

Parameter Attribution Value Unit 
1
1k  rate constant 1 of Reaction 1 20.9057 — 
2

1k  rate constant 2 of Reaction 1 10000 — 
1
2k  rate constant 1 of Reaction 2 38.9057 — 
2
2k  

rate constant 2 of Reaction 2 17000 — 

MWA relative molecular mass of Component A 30 kg·kmol−1 

MWB relative molecular mass of Component B 100 kg·kmol−1 

MWC relative molecular mass of Component C 130 kg·kmol−1 

MWD relative molecular mass of Component D 160 kg·kmol−1 

cpA heat capacity of Component A 75.31 kJ·kmol−1·°C−1 

cpB heat capacity of Component B 167.36 kJ·kmol−1·°C−1 

cpC heat capacity of Component C 217.57 kJ·kmol−1·°C−1 

cpD heat capacity of Component D 334.73 kJ·kmol−1·°C−1 

1H−Δ  heat of reaction for Reaction 1 −41840 kJ·kmol−1 

2H−Δ  heat of reaction for Reaction 2 −25105 kJ·kmol−1 

U heat transfer coefficient 40.842 kW·m−2·°C 

r radius of reactor 0.5 m 

Fj volume flow rate of jacket fluid 0.348 m3·min−1 

ρ density of reactor contents 1000 kg·m−3 

ρj density of jacket fluid 1000 kg·m−3 

cpj heat capacity of jacket fluid 1.8828 kJ·kg−1·°C−1 

Vj volume of jacket fluid 0.6912 m3 
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has a direct effect on Tr. The nonlinear relationship 
among the manipulated variables, controlled variables 
and state variables can be expressed by a series of 
nonlinear functions. Function f1 represents the rela-
tionship between manipulated variable Tset and vari-
able Tj. Function f4 represents the relationship among 
controlled variable Tr, state variables Tj and Qr. Func-
tion f2 represents the relationship between controlled 
variable Tr and rate constants k1 and k2. Subsequently, 
the rate constants affect state variables MA, MB, MC, 
and MD, represented by function f3. 

By selectively linearizing the nonlinear relation-
ships, the original system model are reduced to three 
simplified models. Simplified model 1 (SM1) is based 
on the linearization of function f3. Simplified model 2 
(SM2) is based on the linearization of functions f2 and 
f3. Simplified model 3 (SM3) is a linear model ob-
tained by completely linearizing the original system 
model. The performance of the simplified models is 
tested by dynamic simulation, in which two situations 
are considered: a step change in the manipulated vari-
able and a series of step changes in the manipulated 
variable. Results are shown in Figs. 6 and 7. Simpli-
fied models SM1, SM2 and SM3 describe the system 
in different levels of accuracy. By comparing their 
responses with that of original nonlinear system model 

(NM), it is found that the response difference between 
SM1 and NM is the smallest, while that between SM3 
and NM is the largest. Thus the model with lower de-
gree of linearization has higher accuracy to represent 
actual system. However, lower degree of model lin-
earization leads to more complex model. For the solu-
tion of NMPC problem, more complex model con-
straint equations need more time to solve the problem. 

Table 2 shows the computational time for opti-
mization of control problem in NMPC based on the 
simplified models. The computation based on SM3 
costs the shortest CPU time, because it is a linear 
model and consequent control problem is actually 
transferred to a linear model predictive control (LMPC) 
problem, which can be solved with simple quadratic 
programming (QP). The required CPU time is reduced 
in the order of NM, SM1 and SM2, because the com-
plexity of the three models is reduced in this order and 
the time required for solving NLP problem is conse-
quently reduced. In the CPU time test, the LMPC 
problem is solved with a QP solver, with the NMPC 
problem converted into an NLP problem by discretizing 
state and control variables using collocation on finite 
elements and the NLP problem solved by successive 
quadratic programming (SQP) method. The CPU time 
corresponds to an implementation in MATLAB (R2011a) 
single-threaded code and execution on a workstation 
based on Intel(R) Core(TM) 2 Duo processors (2.66GHz) 
and 4 GB of RAM, running a 32-bit distribution of 
Win7 ultimate. 

Table 2  Comparison of CPU time for control optimization 
in NMPC based on different models 

NM SM1 SM2 SM3 

4.66 s 0.44 s 0.0018 s 0.00088 s 

3.3  Real-time updated model predictive control 

The RTUMPC method is used to control the re-
actor temperature Tr to follow an optimal trajectory. 
The control performance of RTUMPC is compared 
with that of LMPC, generic model control (GMC) and 
nonlinear model predictive control based on full dy-
namic model (standard NMPC). In addition, a series 
of tests are used to investigate the robustness proper-
ties of the RTUMPC. Before the implementation of 
the algorithm to the batch reactor, the optimal trajec-
tory of the reactor temperature Tr is determined and a 
state estimator is designed for state and parameter es-
timation. 

3.3.1  Optimal profile of reactor temperature 
The optimal temperature profile is assumed to be 

perfectly tracked and determined off-line. The general 
operating objective for the batch reactor is to maxi-
mize the amount of product C, 

( )C fmax J M t=             (20) 

 
Figure 5  The relationship diagram of variables in the 
batch reactor 
 

 
Figure 6  Response of four different models with a step 
change (50 °C) in manipulated variable 

 
Figure 7  Response of four different models with a series 
of step changes in manipulated variable 
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where J is the terminal cost representing the amount 
of product C at the final time (tf = 200 min) of each 
cycle. The constraints for the objective are Eqs. (6)-(9), 
(12), and (13). 

The objective and constraints compose a dynamic 
optimization problem. A large number of efficient and 
reliable solution methods for dynamic optimization 
problem have been introduced by Biegler [13]. In this 
study, a simultaneous approach is used to solve the 
problem, the basic idea of which is to convert the dy-
namic optimization problem into an NLP problem by 
approximating state profiles with collocation on finite 
elements. Then a general SQP method is applied to 
solve the NLP problem. The results of dynamic opti-
mization with different time intervals are presented in 
Fig. 8. The amount of product C at the final time in-
creases with the number of intervals, because the ap-
proximate optimal profile of reactor temperature with 
piecewise constant policy is close to actual optimal 
profile as the number of intervals increases. 

 
Figure 8  Optimal profile of reactor temperature with dif-
ferent intervals 

3.3.2  State estimator design 
The success of the RTUMPC largely depends on 

the ability to measure, estimate or predict state vari-
ables, outputs and parameters of the process at any 
given period. There are many advanced nonlinear state 
estimators [33, 49] for nonlinear state estimation. A 
commonly used estimator, extended Kalman filter 
(EKF) estimator, is used in this study for its success in 
the state estimation of batch reactor [47, 48]. 

We consider the dynamic model for state and pa-
rameter estimation as follows 

( ) [ ( ), ( ), ] ( )t t t t t= +x f x u W        (21) 

 ( ) [ ( )] ( )t t t= +z h x V           (22) 
where f is a vector of system function, h is a vector of 
measurement function, W is a zero mean Gaussian 
process noise with covariance Q, and V is a zero mean 
Gaussian measurement noise with covariance R. The 
EKF algorithm uses linearized models of the system 
for propagating the estimate from the last sampling 
time (k − 1)T (T is the sampling time) to the present 
time kT. The propagation process includes two steps: 
prediction and update [50]. 

The prediction equations are used for estimating 
the state and covariance matrix in the next sampling 
instant, 

1 ( 1)
ˆ ˆ ˆ( , , )d

kT
k k k T

τ τ− +
− −

= + ∫x x f x u      (23) 

T
1 ( 1)

d( ) ( ) ( ) ( ) ( )
kT

k k k T
ττ τ τ τ τ− +

− −
= + ⎡ ⎤+ +⎣ ⎦∫P P F P P F Q

 
(24) 

where x̂  denotes the estimate of state x, k represents 
the kth time step, superscripts −  and +  indicate the 
values before and after the update of measurement, 
respectively, P is covariance matrix, F is the Jacobians 
of function f with respect to the state vector x, which 
is given by 

ˆ( ) ( )

[ ( ), ( ), ]
( )

( ) t t

t t t
t

t =

∂
=

∂ x x

f x u
F

x
       (25) 

The update equations are responsible for com-
puting a posteriori state estimate ˆk

+x  based on a priori 
estimate 1ˆk

+
−x  and for updating the covariance matrix, 

which are as follows 

( )ˆ ˆ ˆk k k k k
+ − −⎡ ⎤= + −⎣ ⎦x x K z h x         (26) 

 ( )k k k k
+ −= −P I K H P            (27) 

where K is Kalman gain matrix and H is the Jacobians 
of function h with respect to state vector x. Their 
equations are  

( ) 1T T
k k k k k k k

−− −= +K P H H P H R       (28) 

ˆ( )

[ ( )]
( )

k

k
t

t
t −=

∂
=

∂ x x

h x
H

x
          (29) 

In the process model, one of the key kinetic pa-
rameters 1

2k  and the heat released Qr are estimated by 
EKF. The system function fk for estimating 1

2k  consists 
of Eqs. (2)-(5) and (30),  

1
2d 0

d
k
t
=                 (30) 

and the measurement function hk is given by 

A

B

C

D

( )
( )
( )
( )

k

M t
M t
M t
M t

⎡ ⎤
⎢ ⎥
⎢ ⎥=
⎢ ⎥
⎢ ⎥
⎣ ⎦

h               (31) 

The system function fQ for estimating the heat re-
leased Qr is a simplified reactor model given by Kitti-
supakorn [51] [see Eqs. (A1)-(A5) in Appendix] and 
the measurement function r f[ ( ); ( )]Q T t T t=h . The initial 
conditions and tuning parameters of the EKF for esti-
mation of 1

2k  and Qr are shown in Tables 3 and 4 [48]. 

3.3.3  Implementation of RTUMPC 
The first step is to establish the criteria for model 

selection and model update. Since simplified model 
SM1 can deal with the largest set-point change in the 
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three simplified models, the value of SC1 for SM1 is 
set to 1 °C, so that SM1 is selected to be used in the 
NMPC when the set-point change is larger than 1°C. 
SM2 is suitable to the set-point change smaller than 
SC1, and SM3 is suitable without set-point change. 
Furthermore, the maximum difference between the 
process output and the set point, limout, is set at 0.05 °C. 

A number of advanced process control algo-
rithms have been introduced to improve the perform-
ance of batch reactor [47, 48, 52, 53]. To test the ability 
of the proposed algorithm to control batch processes, 
three popular control algorithms in literature are applied 
in this case study for comparison. They are LMPC 
algorithm, GMC algorithm and standard NMPC algo-
rithm. 

Figure 9 presents the control performance of four 
controllers for controlling the reactor temperature in a 
normal operation, with the start point set at 85 °C, 
since the four controllers behave almost the same in 
the time span from 0 to 17 min. The results show that 
the proposed RTUMPC and standard NMPC provide 
better performance than GMC and LMPC. Although 
LMPC provides a highest response speed, it also of-
fers the largest overshoot, which may make the system 
unstable. It has been shown in literature that GMC 
presents good performance for tracking of one set 
point, but when applied to a system for tracking of a 
set-point profile, it may lead to relatively poor per-
formance as illustrated in this case study. The main 
reason is that GMC needs a relatively long settling 
time. RTUMPC provides performance as good as the 
standard NMPC, largely due to its capability of model 
update according to the change of process condition. 
Fig. 10 shows that model update occurs when the set 
point has a large change in the RTUMPC, in which a 
more suitable model is selected as the prediction 
model to deal with the large set-point change. This is 

very important for the multiple model based predictive 
control algorithm to maintain the performance of con-
troller. It should be noted that the standard NMPC 
controller designed in this study does not consider the 
computational cost for solution of control problem, 
which is an important issue that has to be considered 
in real industry. In these tests, the control problem for 
RTUMPC, NMPC and LMPC are formulated as Eqs. 
(1)-(4), and the prediction horizon P is set to 0.8 min, 
the control horizon M is set to 0.4 min, the weighting 
matrix Qw is 0.1, and Rw is 0.01.  

The robustness aspects of the proposed RTUMPC 
are examined through simulation studies. In the three 
tests, the controller is used to control an operation 
where some of the conditions are changed from their 
nominal values in the operation. The first test is for 
model mismatch, with reaction constant k2 decreasing 
50%. The second test is for a reduction of 50% of 
heat-transfer coefficient from its nominal value, e.g., 
due to the fouling of heat-transfer surfaces. The third 
test is the combination of the two cases, with model 
mismatch and reduction of heat-transfer coefficient.  

Figure 11 presents the control performance of the 
RTUMPC and the standard NMPC for the operation 
with model mismatch. The performance of the stan-
dard NMPC is a little worse than that of RTUMPC. 
With the model mismatch, the model built at the be-
ginning of operation is inconsistent with the real 
process, so that the output of NMPC controller devi-
ates from the real optimal value. As a result, the stan-
dard NMPC displays some offset from the set-point 
profile. The RTUMPC presents good performance, 
mainly due to the model update during the process 
operation, maintaining the accuracy of the model 

Table 3  Initial conditions and parameters 
for estimation of 1

2k  

Initial values Parameters 

MA(0) = 12 kmol P = diag[100, 10, 100, 100, 100] 

MB(0) = 12 kmol  

MC(0) = 0 kmol Q = diag[100, 1, 100, 1, 500] 

MD(0) = 0 kmol  
1
2k = 38.9057 R = diag[10, 10, 10, 10] 

Table 4  Initial conditions and parameters 
for estimation of Qr 

Initial values Parameters 

Tr(0) = 20 °C P = diag[1, 1, 100, 20, 10] 

Tj(0) = 20 °C  

N(0) = 1.8462 Q = diag[10, 10, 2500, 100, 100] 

Qr(0) = 0  

b(0) = 1.8386×10−6 R = diag[10, 10] 

 

 
Figure 9  Responses of controllers for normal operation

 
Figure 10  Time-varying model used in the RTUMPC for 
normal operation 
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along the trajectory. As shown in Figs. 12 and 13, 
when the percentage variation of the estimated value 
of 1

2k  is larger than the tolerance εp, set at 12% in this 
study, the simplified models are updated according to 
current states and estimated value of 1

2k . The model 
update largely depends on the performance of state 
estimator for estimating the parameters of system. In 
addition, it presents one of the limitations for the ap-
plication of RTUMPC algorithm: the state variables of 
the controlled system must be measurable or observable. 

Figure 14 gives the responses of the controllers 
of standard NMPC and RTUMPC in response to a 
change in heat-transfer coefficient U, which reduces at 
the rate of 0.1 kW·m−2·°C−1 per minute from the 
original value. The performance of the standard 
NMPC degrades much faster than that of RTUMPC. 
With the change of heat-transfer coefficient, the actual 
model of the system varies along the system trajectory, 
leading to worse performance of the standard NMPC. 
However, the performance of RTUMPC changes less, 
mainly because the RTUMPC keeps adjusting the 
model used as prediction model along the system tra-
jectory to maintain perfect tracking of set-point profile. 

Fig. 15 presents the process of model update in the 
control of the system. Although no model update occurs 
during the whole process operation, the RTUMPC still 
keeps good performance for tracking of set-point pro-
file by selecting the most suitable model to be the pre-
diction model. This further indicates that the simplified 
models used in RTUMPC have different performance 
in different operating regions and conditions.  

Figure 16 presents the estimated value of heat 
released Qr based on EKF. The difference between 
estimated value and actual value is getting larger with 
time, since the value of heat-transfer coefficient de-
creases. In addition, there are some transient squiggles 
for the estimated value of Qr at later stage, because the 
optimal trajectory of the system input, Tset, obtained 
by RTUMPC, presents some small and quick changes 
at later stage of the batch as shown in Fig. 17. However, 
this does not degrade the performance of RTUMPC, 
which further illustrates that the RTUMPC controller 
is much more robust with respect to the change in 
unmeasured parameters. 

 
Figure 16  Estimated value of heat released Qr for operation 
with heat-transfer coefficient change 

 
Figure 11  Responses of controllers for model mismatch

 
Figure 12  Time-vary model used in the RTUMPC for 
model mismatch 

 
Figure 13  Estimate of 1

2k  based on EKF estimation 

 
Figure 14  Responses of controllers for heat-transfer coef-
ficient reduction [0.1 kW·m−2·°C−1 per minute] 

 
Figure 15  Time-varying model used in the RTUMPC for 
heat transfer coefficient change 
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Figure 17  Optimal input of process for operation with 
heat-transfer coefficient change 

Figure 18 gives the responses of the controller of 
RTUMPC for the third test in response to the pertur-
bation of model mismatch and heat-transfer coeffi-
cient change. The performance of RTUMPC is good 
for the control. The process of model update and model 
selection is shown in Fig. 19, further illustrating the 
feasibility of the real-time model updated strategy. 

 
Figure 18  Responses of RTUMPC controller for model 
mismatch and heat-transfer coefficient change 

 
Figure 19  Time-varying model used in the RTUMPC for 
model mismatch and heat-transfer coefficient change 

4  CONCLUSIONS 

A real-time updated model predictive control 
strategy for batch processes is proposed, in which a 
batch process is reduced to a series of simplified mod-
els based on linearization method. Combined with a 
real-time model updated strategy, the models can 
automatically be selected and updated to be used in 
NMPC application. An exothermic batch reactor is 
used as a case study. Based on linearization technique, 
three simplified models are obtained to be used as the 
prediction model in NMPC. Based on these simplified 
models, the proposed real-time updated model predic-
tive control algorithm is implemented in the process 

for performance evaluation. In the normal case test for 
realizing perfect tracking along the optimal trajectory, 
the RTUMPC provides similar performance to the 
standard NMPC, with better performance than LMPC 
and GMC. In addition, the RTUMPC is much more 
robust than the standard NMPC with respect to model 
mismatch and changes in unmeasured process pa-
rameters. 

This strategy is generic and can be easily used in 
other batch processes for realizing perfect tracking of 
desired set-point trajectory in each cycle. It provides a 
reasonable compromise between the model prediction 
accuracy and the on-line computational time, which 
helps to facilitate the implementation of NMPC in 
industrial applications. 

Future work can be addressed to find a more easy 
way to construct the selection and update criteria for 
real-time model updated strategy. A possible way for 
that is to find or design some key parameters, which 
can be easily measured, estimated or predicted, to 
drive the selection and update of the models. In addi-
tion, due to the similarity between the real-time up-
dated model predictive control and real-time dynamic 
optimization (RTDO) from a mathematical point of 
view, an interesting way is to integrate the proposed 
strategy with RTDO to improve the performance of 
batch processes. 
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APPENDIX 

Simplified model equations for Qr estimation 
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where Wr = 1560 kg, cpr = 1.8828 kJ·kmol−1·°C−1, Ur = 40.842 
kW·m−2·°C−1, and Ar = 6.24 m2. 

 


