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Abstract The quality of process data in a chemical plant signiﬁcantly aﬀects the performance and beneﬁts gained from activities
like performance monitoring, online optimization, and control. Since many chemical processes often show nonlinear dynamics,
techniques like extended Kalman ﬁlter (EKF) and nonlinear dynamic data reconciliation (NDDR) have been developed to improve
the data quality. Recently, the recursive nonlinear dynamic data reconciliation (RNDDR) technique has been proposed, which
combines the merits of EKF and NDDR techniques. However, the RNDDR technique cannot handle measurements with gross errors.
In this paper, a support vector (SV) regression approach for recursive simultaneous data reconciliation and gross error detection in
nonlinear dynamical systems is proposed. SV regression is a compromise between the empirical risk and the model complexity, and
for data reconciliation it is robust to random and gross errors. By minimizing the regularized risk instead of the maximum likelihood
in the RNDDR, our approach could achieve not only recursive nonlinear dynamic data reconciliation but also gross error detection
simultaneously. The nonlinear dynamic system simulation results in this paper show that the proposed approach is robust, eﬃcient,
stable, and accurate for simultaneous data reconciliation and gross error detection in nonlinear dynamic systems within a recursive
real-time estimation framework. It can also give better performance of control.
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Process data measurements are important for model ﬁtting, process monitoring, control, optimization, and management decision making. Unfortunately, process data
measurements usually contain two types of errors, random
and gross, which severely impact the eﬀects of process monitoring, control, optimization, and management decision
making. Meanwhile, chemical processes usually exhibit
nonlinear dynamics. So, online estimation of the process
states and removal of random and gross errors from measurements are critical for the application of process monitoring, control, and optimization on dynamic nonlinear processes. This task is termed dynamic data reconciliation (or
dynamic data rectiﬁcation)[1−2] , which is especially challenging when the state and/or measurement functions are
highly nonlinear.
In order to ameliorate the eﬀect of random errors, several diﬀerent estimation methods have been proposed. For
linear dynamic systems, the Kalman ﬁlters (KF) give optimal estimates in the presence of measurement uncertainties. Further, extended Kalman ﬁlters (EKF) were developed for nonlinear systems, which were based on linearizing the nonlinear equations and applying the Kalman
ﬁlter to update equations to the linearized system. The
advantages of the KF and EKF and their variants lie in
their predictive-corrective form and the recursive nature
of estimation, which allows for rapid estimation in realtime. Since the KF and EKF are not speciﬁcally designed to detect and remove outliers, a probabilistic formulation was proposed[2] , which combined the EKF with
the expectation-maximization (EM) algorithm to attain the
rectiﬁed measurements. However, the KF and all its variants cannot take into account bounds on process variables
or algebraic constraints, leading to failure of the EKF in
many processes[3] . Furthermore, when the states and/or
measurement equations are highly nonlinear, KF and all
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its variants give unsatisfactory state estimates.
An alternative approach called the recursive nonlinear dynamic data reconciliation (RNDDR) has been
proposed[4] , which is an extension of EKF. So, the RNDDR
is preferable for online applications. Moreover, RNDDR
could take account of bounds and algebraic constrains for
state estimation at every instant, which has been applied
to a CSTR model. However, the covariance calculations
encountered in the RNDDR formulation are similar to the
EKF, namely, unconstrained propagation and correction
involving the Kalman gain, which can aﬀect the accuracy
of the estimates. Recently, in order to overcome this disadvantage of the RNDDR, an unscented recursive nonlinear dynamic data reconciliation (URNDDR) technique[5]
was proposed, which combined the merits of the unscented
Kalman ﬁlter (UKF)[6] and the RNDDR to improve accuracy of the estimates. The application of the UKF to
chemical processes were recently reported[7−8] . However,
both the RNDDR and URNDDR could not reduce the affects of gross errors within the measurements.
More recently, particle ﬁlters[9] have attained signiﬁcant
interest with respect to state estimation, and an application of particle ﬁlters to dynamic data reconciliation was
proposed[10] , whose goal was to attain satisfactory state estimates and to detect the presence of gross errors. Though
the particle ﬁlters approach could achieve more accuracy
estimates, it usually takes much time and cannot take account of bounds and algebraic constrains for the state estimation.
Simultaneous data reconciliation and gross error detection can be addressed as a model identiﬁcation and parameter estimation problem, since gross errors could be considered as parameters in the data reconciliation model, which
could be estimated by using the reconciled values of the
process variables[11] . Since simultaneous data reconciliation and gross error detection can be addressed as model
identiﬁcation and parameter estimation problem, support
vector (SV) regression is introduced. The SV algorithm is
a nonlinear generalization of the generalized portrait algorithm developed in Russia in the sixties of last century. As
such, it is ﬁrmly grounded in the framework of statistical
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learning theory, or Vapnik-Chervonenkis (VC) theory,
which has been developed over the last three decades by
Vapnik[12] and others. According to statistical learning
theory, minimizing empirical risk, which will lead to
overﬁtting and thus bad generalization properties, is replaced by minimizing regularized risk with adding a capacity control term to the objective function[13] . Within the
framework of statistical learning theory, or VC theory, the
eﬀects of gross errors could be considered as VC dimension, so the eﬀects of gross errors could be eliminated from
the estimation of real state variables. With minimizing the
regularized risk instead of the maximum likelihood in the
RNDDR, our approach could achieve not only recursive
nonlinear dynamic data reconciliation but also gross error
detection simultaneously. Meanwhile, we use ﬁltered state
estimates and measurements to estimate real states at right
instant, so the predicted state estimates are not necessary
in our approach, which overcomes the eﬀects of the unaccurate covariance calculations in the linearized nonlinear
dynamic system model.
In this paper, the merits of the RNDDR and SV regression are combined to obtain an SV regression approach
for recursive simultaneous data reconciliation and gross error detection in nonlinear dynamic systems. Since this integration is achieved without sacriﬁcing the recursive nature of the estimation procedure, a more accurate and efﬁcient real-time recursive simultaneous data reconciliation
and gross error detection for nonlinear dynamic processes
is obtained. The execution of a comparative study between
optimization approach RNDDR and our approach is considered in this paper, but probabilistic ﬁltering methods
are beyond the scope of this paper.

1

Recursive estimation techniques

In order to motivate the development of our approach,
we ﬁrst give a brief description of two recursive estimation
techniques for nonlinear dynamic processes, the extended
Kalman ﬁlters (EKF), and recursive nonlinear dynamic
data reconciliation (RNDDR), which is based on Kalman
ﬁlter.
Consider a process described by the following
continuous-time nonlinear state space model with additive uncertainties (state noise) and discrete measurements
sampled data at regular intervals:
 (k+1)Δt
x (τ ) , u k ) dτ + w k
f (x
x k+1 = x k +
(1)
kΔt
xk+1 ) + v k+1
y k+1 = g (x
In the above model, x k+1 is the n×1 vector of state variables, y k+1 is the m × 1 vector of measurements, and w k
and v k+1 are mutually independent normally distributed
random variables with covariance matrices Qk and Rk+1 ,
respectively. The subscript k represents time instant tk =
kΔt.
Assume that at time tk we have ﬁltered state estimates
xk|k which have been obtained using all the
denoted by x̂
measurements up to time tk . From these, the predicted
xk+1|k at time tk+1 are obtained as
state estimates x̂
 (k+1)Δt
xk|k +
x (τ ) , u k ) dτ + w k
xk+1|k = x̂
f (x
x̂
kΔt

x (kΔt)
xk|k ≡ x̂
x̂

(2)

The predicted state estimates are corrected using the
measurements y k+1 , and by using the following linear up-
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date equation to obtain the ﬁltered state estimates at time
tk+1 .
xk+1|k + Kk+1V k+1
xk+1|k+1 = x̂
(3)
x̂
where



xk+1|k
V k+1 = y k+1 − g x̂

(4)

and matrix Kk+1 is known as the Kalman gain. The computation of the Kalman gain for the EKF is described in
the following section.
1.1

Extended Kalman ﬁlter (EKF)

Assume the covariance matrix of errors in the ﬁltered
state estimates at time tk is given by Pk|k . In EKF, the
covariance matrix of errors in the predicted state estimates
at time tk+1 is approximated by linearizing the nonlinear
xk|k . The state space matrix for
state space model around x̂
the linearized continuous time model is given by
Ak =

x, u ) 
∂ff (x
xk|k , u k
x̂
x
∂x

(5)

The covariance matrix of estimation errors in the predicted
estimates is obtained as
Pk+1|k = Āk Pk|k ĀT + Qk

(6)

where Āk = exp (Ak Δt) is the state transition matrix for
the equivalent linear discrete system. The Kalman gain
matrix is computed using

−1
T
Kk+1 = Pk+1|k GT
k+1 Gk+1 Pk+1|k Gk+1 + Rk+1

(7)

where Gk+1 is the linearized measurement model matrix
g (x
x)
x
given by Gk+1 = ∂g∂x
x |x̂ k+1|k . The covariance matrix of
errors in the updated state estimates is approximated using
Pk+1|k+1 = (I − Kk+1 Gk+1 ) Pk+1|k

(8)

There are several drawbacks associated with EKF, that
is, EKF cannot ensure the estimated states to satisfy
bounds and other algebraic constraints, and the covariance
matrix of estimation errors and Kalman gain are calculated
using an approximated linear model of the process which
can have an adverse eﬀect on the accuracy of the state estimates. Furthermore, EKF cannot eliminate the eﬀects of
gross errors within the measurements.
1.2

Recursive nonlinear dynamic data reconciliation

The update equation for KF as well as EKF can be obtained as the solution of an optimization problem[4] . So the
RNDDR method was developed, which can take account of
algebraic constraints and bound constraints to be satisﬁed
by state estimates.
Consider the nonlinear dynamic system given by (1).
The bounds and algebraic constraints of states are
x L ≤ x ≤ x U , and algebraic constraints of states are
x, u ) ≤ 0, e (x
x, u ) = 0. Let x̂
xk|k be the ﬁltered estih (x
mates at time instant k and the corresponding estimate
error covariance matrix be Pk|k . In the RNDDR method,
the predicted state and the covariance matrix of errors in
the predicted estimates are obtained as in EKF using (2)
and (6), and instead of using (3), the updated state estimates in the RNDDR method are obtained by solving the

