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In Nuclear Power Plants, Data Reconciliation (DR) and Gross Errors Detection (GED) are techniques of 

increasing interest and are primarily used to keep mass and energy balance into account, which brings outcomes 

as a direct and indirect financial benefits. Data reconciliation is formulated by a constrained minimization 

problem, where the constraints correspond to energy and mass balance model. Statistical methods are used 

combined with the minimization of quadratic error form. Solving nonlinear optimization problem using 

conventional methods can be troublesome, because a multimodal function with differentiated solutions 

introduces some difficulties to search an optimal solution. Many techniques were developed to solve Data 

Reconciliation and Outlier Detection, some of them use, for example, Quadratic Programming, Lagrange 

Multipliers, Mixed-Integer Non Linear Programming and others use Evolutionary Algorithms like Genetic 

Algorithms (GA) and recently the use of the Particle Swarm Optimization (PSO) showed to be a potential tool 

as a global optimization algorithm when applied to data reconciliation. Robust Statistics is also increasing in 

interest and it is being used when measured data are contaminated by random errors and one can not assume the 

error is Normally Distributed, situation which reflects real problems situation. 

 

The aim of this work is to present a brief comparison between the classical data reconciliation technique and the 

robust data reconciliation and gross error detection with swarm intelligence procedure in calculating the thermal 

reactor power for a simplified heat circuit diagram of a steam turbine plant using real data obtained from Angra 

2 Nuclear Power Plant. 

 

The main objective is to test the potential of the robust DR and GED method in a integrated framework using 

swarm intelligence and the three part redescending estimator of Hampel when applied to a real process 

condition. The results evaluate the potential use of the robust technique in an On-Line Process to solve Data 

Reconciliation and Gross Error Detection problem 

 

 

Keywords: Data Reconciliation, Outlier Detection, Redescending Estimator, Information Criteria, Particle 

Swarm Optimization. 

 

 

1. INTRODUCTION 
 

The application of data reconciliation (DR) and gross error detection techniques in chemical 

and petrochemical industry [1] are already important problems in monitoring and process 

optimization. Particularly, the importance of DR applied to keep the mass and energy balance 

into account in Nuclear Power Plants (NPP) is increasing in interest, growing fast and 

bringing direct and indirect financial benefits. 
 

The principal way of determining the thermal reactor power in NPP is by heat balance and is 

based in single parameter measurements. Instrumentation errors lead to an uncertainty of 



several percent and by regulatory laws, a NPP has a legal license to operate a 100% plus 2%, 

which is the range analyzed by emergency cooling analysis [2].  

 

The Data Reconciliation and Parameter Estimation (DRPE) technique applied to determining 

the thermal reactor power seems to be a promising way to diminish uncertainty and have a 

quantified and better accuracy. The smaller the uncertainty, the more margin that can be used 

for operating at high level of power within the safety level.  

 

During process monitoring, plant data can be inaccurate due to random errors or even gross 

errors. These errors introduce uncertainties that could interfere in a safe operation, in the 

closure of mass and heat balance, in the performance calculation or in the data quality for 

another process application [3]. 

 

Measurements contaminated with random errors and systematic errors which do not satisfy 

process constraints need to be reconciled, i.e., adjust data to satisfy process constraints while 

minimizing the error in the least square sense [4]. These constraints consist in a set of 

equality and inequality constraints and describe the fundamental relations of the process, such 

mass and energy balance and equilibrium relations [5]. When process data is contaminated 

with random or even gross errors, the process constraints are not fulfilled.  

 

The presence of gross errors typically reflects in the process behavior as a measurement bias 

in one or more variables and can seriously affect the reconciled values. The gross errors 

detection permits to identify the unfavorable influence in order to reduce their effect in the 

reconciled data or even completely remove them. Statistical tests can detect the presence of 

Gross Errors [4], and once determined, they need to be removed or corrected before applying 

Data Reconciliation. Once the outlier is removed, the application of Data Reconciliation 

process and the Gross Error Detection should be applied again, becoming an iterative process 

until all gross errors are removed [4]. 

 

There are a variety of sources of gross errors that can be enumerated, for example, leaks, 

stuck sensor, miscalibrated sensor. Kong et al. [6] refer to gross error as a disturbance of two 

classes: a) measurement bias and b) outliers, where bias are situations in which the 

measurements values are too low or too high and outliers are measurements abnormal 

behavior, like peaks or unmeasured disturbances. 

 

Data Reconciliation was first proposed in 1961 by Kuehn and Davidson [7] and after that, 

extensively studies about DR and gross errors detection have been developed. The classical 

Data Reconciliation procedure is based on the assumption that noise is distributed with zero 

mean and known variance. The aim of DR process is to minimize quadratic error subject to 

process constraints and it usually uses the objective function as a weighted least square.  

 

Methods based on Lagrange multipliers [8], matrix projection method to decompose the 

problem in order to evaluate measured and unmeasured variables sequentially [9], quadratic 

programming technique [10] and methods that exploit the least squares structure were 

proposed and many others DR and gross error detection methods are described in literature, 

for example, in Pai and Fisher [11], Tjoa and Biegler [4]. 

 

Some disadvantages from these methods are the need of derivatives calculations, Jacobian 

actualization, matrix inversion, which can causes numerical problems, slow rate convergence, 



high computational effort. These methods also require complex calculation and usually use 

linear or linearized models. 

 

Another approach is a  Successive Quadratic Programming (SQP) method proposed by Tjoa 

and Biegler [4], which was adapted to use the structure of the objective function, a bivariate 

objective function in order to eliminate the iterative procedure of detecting gross error and 

applying data reconciliation optimization [4], [5].  

 

Yamamura et al. [12] also presented a technique for simultaneous data reconciliation and 

gross error detection based on Akaike’s Information Criteria (AIC) using Least Square based 

framework and a Branch and Bound Technique to solve the problem. This strategy can be 

automated as presented by Soderstrom et al. [3], using mixed-integer programming [13]. 

 

When measurement contains gross errors or outliers, the reconciled values can be seriously 

biased estimated in the case above. In order to avoid such effect in the estimated data, some 

authors proposes to use a robust estimator, like the Fair function, Huber estimator, the three 

part redescending estimator of Hampel, or another robust estimator [13]. These robust 

estimators can be used in place of weighted least square and they put less weight on large 

residuals that corresponds to outliers. 

 

Arora and Biegler [13] compared the redescending estimator with least squares and fair 

function and concluded that the first is more robust and has a cutoff point that permits more 

efficient outliers detection. 

 

Wongrat et al. [14] joined the robustness of M-estimators and the relative simplicity of 

genetic algorithm and proposed a modified GA applied to nonlinear data reconciliation, 

which performs well and uses evolutionary technique. 

 

 Although the efficiency of the redescending estimator presented in Arora and Biegler [15] 

and in Wongrat et al. [14] , an important step is the tuning of the robust estimator, especially 

the redescending M-estimator, where the constants of the model should be adjusted to the 

data statistics so as to give a correct and balanced state estimation [15]. 

 

In the DR problem, the use of a robust estimator as objective function, the optimization 

problem can be nonlinear and non-convex and can lead to a local minima and a global 

optimization method may be needed [13]. To handle this situation, another evolutionary 

algorithm - Particle Swarm Optimization (PSO) - has been used successfully by some author. 

 

Prata et al. [16] presented the use of a Particle Swarm Algorithm (PSO) in Nonlinear 

Dynamic Data Reconciliation with Quadratic Objective Function in the Least Square sense 

and applied for an Industrial Polypropylene reactor. The DR method performed well in on-

line and real time scenario and the results shows the procedure was reliable.  

 

Based on the results of the work of Wongrat et al. [14], Valdetaro and Schirru [17] proposed 

to use the three part redescending M-estimator of Hampel with the Particle Swarm 

Optimization Algorithms (PSO) instead of a Genetic Algorithm (GA) to solve a global 

optimization method in data reconciliation problem.  

 



The tuning were made in two steps in a similar way of Wongrat et al [14], using one step to 

adjust the redescending estimator constants and the other for data reconciliation and 

simultaneous gross error detection. The aim was to introduce a method to further use in the 

Thermal Power Reactor calculation and the results were effective with faster calculation than 

the modified GA. Other robust estimator can be used in robust data reconciliation. Prata et. 

al. [18] used the Welsch estimator and PSO for an industrial polypropylene reactor with 

effective results. 

 

Recently, Valdetaro and Schirru [19] presented a novel method based on the minimization of 

the Robust Akaike Criteria proposed by Ronchetti [20] to simultaneously perform the Robust 

Data Reconciliation and Gross Error Detection and the Tuning of the Constants (TC) of the 

Redescending Estimator of Hampel. This method eliminated the two step procedures of 

former methods. This method was applied to a Thermal Reactor Power calculation using a 

simplified heat circuit of a steam turbine plant typical from a PWR NPP [21] and also used 

the Particle Swarm Algorithm in order to perform a Global Nonlinear Optimization.  

 

Given the promising results obtained in Valdetaro and Schirru [19] work in simulated 

process, in this paper we propose to apply the same method of simultaneously perform the 

Data Reconciliation and Gross Error Detection and the Tuning of the Constants (TC) of the 

Redescending Estimator in a Thermal Reactor Power calculation using simplified heat circuit 

of a steam turbine using real data obtained from Angra 2 Nuclear Power Plant and present a 

brief comparison between the this method and the reconciled measurements from Angra 2 

NPP.   

 

The paper is divided in the following parts: In section 2, Data Reconciliation and 

Redescending Estimator are discussed. In section 3 we present the Particle Swarm 

Optimization (PSO) and in section 4 we present the thermal reactor power calculation for a 

simplified heat circuit using real-time data. Finally, in section 5 is for final conclusions. 

 

 

2. DATA RECONCILIATION AND GROSS ERROR DETECTION 

 

A general Data Reconciliation and Parameter Estimation problem is defined as 

 

  

 

            (1) 

 

where, ℑ  is an objective function, which depends on the difference between the 

measurements M
x  and the values of the estimate variable x , p the set of parameters, u the set 

of unmeasured variables, h the set of equalities constraints, g the set of inequalities 

constraints, the L and U indices corresponds to the lower and upper limits of the variables x, 

u and p. 

 

Various DRPE methods assume that the measurements are normally distributed with zero 

mean and known variance. In this case the objective function takes the form: 
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where V is the covariance matrix. Usually, the covariance matrix is not known from the 

process and needs to be estimated. In this case, considering the maximum likelihood 

principle, an equivalent problem is to minimize the function ℑ  below subject to the 

constraints in equation (1).  

 

, 

 

           (3) 

where, Σ is the real unknown covariance matrix and µ is the real mean value from the 

measurements M
x . 

 

Comparing (2) and (3), we note that the DRPE problem is equivalent to find x, the reconciled 

value, which is by (3) the real mean value from the measurements, depending upon estimates 

of process covariance matrix Σ  [21]. 

 

These data in the presence of gross errors or outliers can severely bias the covariance 

estimation and the mean value, which in turn will affect unfavorably data reconciliation. An 

important task to avoid bias on reconciled data is to perform the previous removal from gross 

errors and outliers during DRPE problem. 

 

Basically, gross errors detection is based on the probabilistic distribution function of the 

quadratic form of the objective function, which is a chi-square distribution (χ2
) with r degrees 

of freedom and r is the number of constraints or auxiliary equations [22] and a given 

statistical certainty (e.g., 95%).When a gross error is detected, it should be removed and data 

reconciliation process started again. Due to the sequential characteristics of the method, many 

regression or Data Reconciliation have to be performed until reaches an error free condition. 

 

When data are corrupted by outliers is often difficult to determine a probability distribution 

function and use an estimator that is also derived from a fixed probability distribution [14]. In 

order to circumvent this limitation, robust estimator is used in the objective function as an 

alternative to a fixed distribution estimator, like the quadratic term in eq. (3) because, it is 

largely distribution independent, produces unbiased estimates derived from an ideal 

distribution and it is not sensitive to a wide range of deviations. In fact, robust estimators add 

less weight to outlying measurements, protecting others measurements from being corrupted. 

 

2.1. The Redescending Estimator   

 

One effective and important estimator among several M-estimators is the three part 

redescending estimator of Hampel.  The M-estimator has associated a characteristics function 

ψ, which quantify the effect in the residuals in the estimated data. 

When the function 0→ψ  as ±∞→M
x , the estimator is called redescending and such 

estimator has the property of complete rejection of gross outliers. 

 

Other references concerning the use of redescending estimator in DRPE and gross error 

detection can be seen in Arora and Biegler [13], Wongrat et. al. [14] and Ozyurt and Pike [5], 

Valdetaro and Schirru [17] and Hampel et al. [15]. 
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The redescending estimator of Hampel is as follow: 
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            (4)      

where FH is the redescending estimator used as objective function in eq. (1), iε the data 

residual ( i

M

i xx − ) and a, b, c are the tuning constants satisfying  

 
. 
 

            (5) 

We can note that between the interval [-a, a] the estimator behavior is similar to the least 

squares function. The probability falls rapidly in the intervals [-c,-b] and [b,c]. The 

probability remains almost constant from (-∞,c) and (c,∞). This long tail is responsible for the 

robustness. 

 

Adjusting the constants a, b and c can be considered an drawback from the redescending 

estimator, but at the same time, this adjustment serves to cope with the tuning to the system 

being monitored in order to get the best fit to the data and also detect outliers [14]. 

 

One advantage is that the redescending estimator (4) has an explicit cutoff point, c, i.e., a 

measurement considered to have an outlier if its residual are greater than c, 

 

. 

 

           (6) 

Other estimators do not have such cutoff points, like least squares or Fair function so, for 

outlier detection we thus have to resort to exploratory data analysis before proceeding with 

data reconciliation. 

 

2.2. Tuning the Redescending Estimator  

 

The redescending estimator comes from a broad family of distributions, so it is necessary 

adjust the constants a, b, c in order to fit the corrected data to an individual member of these 

families of probability distribution. 

  

There are some ways to tune the constants of the redescending estimators, but here we give 

emphasis in the adjustments based on Information Criteria, which has shown its effectiveness 

in previous works, e. g., in Yamamura et. al. [12], Arora and Biegler [13], Wongrat et. al. 
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ci ≥ε



[14] and Valdetaro and Schirru [17]. These methods can be classified in respect of the 

reconciliation procedure as:  a) offline tuning or b) simultaneous tuning. 

 

2.2.1 Offline tuning 

 

Arora and Biegler [13] used the Akaike Information Criteria (AIC) [23] and an iterative 

procedure to adjust the redescending estimator constants. Several combinations of a, b, and c 

are considered in order to get a minimum of AIC bounded. Once the minimum is bounded, a 

golden section search is performed to obtain the best a, b, and c that minimizes AIC criteria. 

 

In the offline approach, the constants were chosen in a separate step from data reconciliation. 

After determining the optimal (or sub-optimal) estimator tuning, the DR and GED problem is 

solved finding the solution of a Non Linear Problem (NLP). 

 

Here we use the following relationship for the AIC calculation derived in Yamamura et al. 

[12] with the assumption that the errors are normally distributed and the outliers are removed.  

 

, 

      

           (7) 

 

where M

ix is the ith measured variable, xi  is the estimated value, σi the standard deviation of 

the ith variable, nm the total number of measured data, nout the number of detected gross 

errors. The first term of eq. (7) is the goodness of fit and the second term is the penalty. After 

finding a, b and c optimal, outliers are detected comparing the residual with constant c as 

indicated in eq. (6). 

 

 

2.2.2 Simultaneous tuning 

 

Recently, Valdetaro and Schirru [19] proposed an strategy for simultaneously tune the 

estimator and perform outlier detection and data reconciliation. The method is based on the 

minimization of the Robust Akaike Criteria proposed by Roncheti [20], which is the exact 

conterpart of the Akaike Information Criteria when using M-estimators [15].  

 

The aim of the model selection procedure based on the Robust Akaike Criteria is to minimize 

the AICR index presented below (8). in order to select the model that fits the majority of the 

data, taking into account that the error are not exactly normally distributed [19] [20]. 

 

 

                (8) 

 

 

Valdetaro and Schirru [19] proposed to use the AICR as objective function and put together 

two minimization problem, one the model selection and the other the data reconciliation and 

outlier detection using the three part estimator of Hampel as the M-estimator.  

 

The first part of AICR index or the adjustment part corresponds to the Hampel’s three part 

estimator and used in data reconciliation and outlier detection and the second part is the 
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penalty. The objective function for simultaneous model selection, data reconciliation and 

outlier detection takes the following form [19]: 
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where M

ix
 
 is the measurement and ix~  the values of the estimate variable, FH  is the Hampel’s 

three part redescending estimator and c its  adjustment constants, now treated as variable, σ̂  

some robust estimate of σ, ui the unmeasured variable, h the set of equalities constraints, g the 

set of inequalities constraints, the subscripts L and U corresponds to the lower and upper 

limits of the variables ix~ and ui. nout is the number of outliers plus the number of model 

parameters. The constants a, b and c reflects the proportion given by eq. (5). 

 

It is important to note that even using the offline or simultaneous tuning it is necessary an 

efficient global optimization method to solve a NLP. The method chosed has to deal with 

multimodal solution which consists of several local minima. Here in this paper, the Particle 

Swarm Optimization algorithm will be used due to its characteristics that is: simplicity, based 

on algebraic calculation, do not need information about the process model. 

   

 

3. PARTICLE SWARM OPTIMIZATION 

 

Many evolutionary techniques are motivated by nature evolution, for example, Genetic 

Programming and Genetic Algorithms (GA). Eberhart and Kennedy [24] proposed a different 

algorithm through simulating social behavior similar to a school of flying birds. This 

algorithm is called particle swarm optimization (PSO) and the components or individuals are 

“evolved” by cooperation and competition between themselves [25]. 

 

Each individual act as a “particle” and each one represent a potential solution to a problem. 

For each generation or iteration, individuals adjusts its flying according to its own flying 

experience or own best position and its companions flying experience or the global best 

position.  
 

The particles are manipulated according to the following equation: 

 

 

           (10) 

 

 

                         (11) 

2
)(

2

0),~(

~0),~(

...),
ˆ

~
(min

1
,,~

bc
a

cccb

uuuuxg

xxxuxh

tsnc
xx

F

L

iii

iii

out

noutn

i

i

M

i
H

cux

UL

UL

−=

≤=

≤≤≤

≤≤=

+
−

∑
−

=

α
σ

ininin vxx ′+=′

[ ]




 −+−+=′

in
x

gn
prndc

in
x

in
prndc

in
vw

in
v ..2..1. 21



where c1=2.05 and c2=2.05, two positive constants, rnd1 and rnd2 are random numbers in the 

range [0,1] and w=0.7298, the inertia weight in the first part of eq. (10) [26] [27].  Each 

particle is treated as a point in a n-dimensional space and the ith particle is represented as Xi 

= ( xi1 , xi2,. xi3, ... , xin ).   

 

The best previous position of the individual or the position giving the best fitness value of 

any particle is recorded and represented as Pi = ( pi1 , pi2,. pi3, ... , pin ). The index of the best 

particle among all the particles in the population is represented by the symbol g. The rate of 

the position change (velocity) for particle i is represented as Vi = ( vi1 , vi2,. vi3, ... , vin ).   

 

Equation (10) adjusts the new velocity according to: a) the velocity from the last iteration; b) 

from the difference between the actual position and its own best position (cognition part); c) 

from the difference between the actual position and the global best position (social or global 

part). 

 

The new position is given according to equation (11) and particle seems to fly toward the 

next position. The performance of each particle is measured according to a predefined fitness 

function, which is related to the problem to be solved. 

 

The particle swarm optimizer has been found to be robust and fast in solving nonlinear, non-

differentiable, multi-modal problems.  

 

 

4. THERMAL REACTOR POWER CALCULATION FOR A SIMPLIFIED HEAT 

CIRCUIT OF A STEAM TURBINE PLANT. 

 

In this section the aim is to present a simplified thermal reactor power calculation for a 

simplified heat circuit of a steam turbine plant using real data from Angra 2 NPP. 

 

The example are based on directions of the VDI-2048 standard [22] and mainly on the work 

of Valdetaro and Schirru [19] where the simulated results for simultaneous model selection, 

data reconciliation and outlier detection were effective and the thermal reactor power 

calculation showed promising results in a simulated scenario. 

 

The real-time data from Angra 2 NPP are used with the only intend to evaluate the 

performance and behavior of the method presented in Valdetaro and Schirru [19] in a real 

process conditions. The short term samples used in this example are not appropriate to infer 

any particular condition of Angra 2 NPP and the data herein are for testing purposes only. 

 

 

4.1 Simplified mass balance 

 

Angra 2 is a PWR Nuclear Power Plant with four loops and generates about 1365 Mwe or 

3765 MWt. In the simplified heat circuit the measured variables are: 1) the total steam 

generator 1-4 mass flow (MS);  2) the individual steam generator mass flow (MSG); 3) the 

main feedwater mass flow from main feedwater pump 1 (MFW); 4) the main feedwater mass 

flow from main feedwater pump 2 (Mfw2); 5) the blowdown steam mass flow (mBld); 6) the 

main condensate mass flow (Mc); 7) the steam mass flow from extraction A7, A6 e A5 (mA7 



mA6, mA5); 8) LP extractions mass flow (Mext) 9) mass flow from high pressure condensate 

(MHPC) and 9) the mass flow from high pressure turbine to low pressure turbine (mHPT).    

The mass balance is represented by calculating the main steam mass flow at the high pressure 

turbine in terms of the steam generator mass flow (M1), the feedwater mass flow (M2), and 

the condensate mass flow (M3). The mass flow of the high pressure condensate is also used 

and is equal to the sum of the mass flow of each extraction. 

 

 

                                 (12) 
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                                                       (14) 

 

 

The process constraints are now determined and a vector variable are formed to be used in the 

data reconciliation: 

 

 

 

                          (15) 

 

 

 

In this example, a set of 200 measurements of raw value for each variable taken in intervals 

of 1 minute are used. No outlier were introduced in the system and each run used 280 

particles (np) and 120 iterations (ni) each step for simultaneous tuning.  For the sake of 

simplicity and diminish the number of variables presented, the blowdown mass flow are fixed 

in 10.8 Kg/s for all trains and the mass flow of extraction mA6  are fixed estimated values too. 

These estimated values were calculated as the mean value of all four trains and will reduce in 

8 components the data reconciliation vector X in eq. (15).  

 

The size of measurement horizon is 100 and at each time step, for one new measured value 

read, leads to a ‘drop’ of the oldest measured in the data horizon. Table 1 presents the result 

of the first step of data reconciliation. The mass balance acquires feasibility after iteration 

number 50 and the method calculated the results similar to the classical data reconciliation. 

 

We note that the thermal load from the steam generators ( SGQ& ) is proportional to the 

feedwater mass flow ( )( )fw2fw1 MM +=FWM  and it is given by: 

 

 

         ,                         (16) 

 

 

where hi is the steam generator input enthalpy, ho is the steam generator output enthalpy. We 

assume that the enthalpy is constant for a steady-state operating condition. In the example, 

the steam generator output and input enthalpy are ho= 2773.8 KJ/Kg and hi=935.55 KJ/Kg, 

respectively. 
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Table 1 – Results from the first iteration and the results of classical data reconciliation in the 

last line. 

 

No Iter Mc Mhpc Mfw1 Mfw2 Msg1 Msg2 Msg3 Msg4 ma5 ma6 ma7 c MWt % 

4 1315,3428 647,8471 1073,3778 1047,6288 536,0469 521,5322 525,7899 531,2549 122,7008 273,14 243,3715 3,8477 3887,4 3,3 

10 1326,7450 627,2094 1055,9562 1050,6395 530,2581 518,6706 526,6654 524,9142 121,1546 273,14 226,3462 1,5618 3861,5 2,6 

20 1326,7450 627,2094 1055,9562 1050,6395 530,2581 518,6706 526,6654 524,9142 121,1546 273,14 226,3462 1,5618 3867,9 2,7 

30 1320,3547 627,1570 1050,3222 1048,2052 525,9407 523,8441 528,4446 525,7760 121,1833 273,14 230,7229 1,3153 3867,9 2,7 

40 1321,7372 618,0936 1047,2848 1044,3642 523,0895 524,6639 526,4466 522,5857 121,1062 273,14 225,2253 1,4677 3846,0 2,2 

50 1320,1388 618,5314 1045,7909 1046,2593 521,6799 523,0364 525,4445 521,9169 121,3729 273,14 225,3298 1,4252 3846,0 2,2 

60 1320,2849 618,9812 1045,9044 1045,5387 521,5092 523,5445 525,3578 521,9002 121,4289 273,14 225,6941 1,4264 3847,0 2,2 

70 1320,4403 618,6951 1045,7600 1045,3127 521,5294 523,3641 525,5607 522,1744 121,5773 273,14 225,3262 1,4538 3844,5 2,1 

80 1318,6936 619,1317 1044,9984 1045,2073 521,5055 522,7315 525,8896 521,1120 121,3818 273,14 225,3597 1,4176 3844,2 2,1 

90 1318,4264 618,7742 1044,9797 1044,8017 521,5131 522,5213 525,9200 521,1616 121,4696 273,14 225,3228 1,4191 3844,5 2,1 

100 1318,7207 619,0038 1045,0504 1045,2079 521,4335 522,5636 525,8687 521,1502 121,3671 273,14 225,4870 1,4202 3844,0 2,1 

110 1318,6390 618,7871 1044,6498 1045,1967 521,4194 522,5343 525,8682 521,0568 121,3694 273,14 225,5050 1,4236 3843,8 2,1 

120 1318,6334 619,0327 1044,8015 1045,3147 521,2492 522,6836 525,8619 520,9980 121,4078 273,14 225,5808 1,4225 3843,6 2,1 

Validated 1321,320 621,84 1064,780 1034,190 520,442 512,426 527,350 509,677 121,2227   226,6400   3766,3 0,03 

 

 

The results show that even using a simplified Steam Turbine Plant diagram the estimated 

values are very close of the nominal value (3765 MWt) and to the thermal reactor power 

calculated using the classical data reconciliation method (last line in table 1). 

 

The test were executed offline mode using real time data acquired from the plant and saved in 

a file, later this data was read from a matlab program to execute the simultaneous tuning 

method offline in a Core 2 Duo machine, 1.6 GHz. 

 

 

 

5. CONCLUSIONS  
 

The proposed example performed with real time data for a simplified Angra 2 NPP steam 

turbine plant using the method presented in the work of Valdetaro and Schirru [19] for 

simultaneous model selection, data reconciliation and outlier detection showed that the results 

are closer of the validated result (2.1%). This indicated that this method has potential 

capabilities to be used in a real scenario.  

 

Some practical aspects still should be studied and understood and the difference between the 

calculated result and the validated result can be explained by the simplicity of the mass 

balance used and the absence of energy balance.  

 

Some issues to future work are the better implement a mass and energy balance, even if 

simplified for testing purposed; perform extensive test to evaluate the method performance 

including with other estimators   

 

 



ACKNOWLEDGMENTS 

 

We would like to thanks Eng. Edson Azola and Eng. Marcelo Sampaio from Eletronuclear for 

the helpful comments about plant performance, mass balance and its practical aspects.   

 

 

 

REFERENCES 

 

1. K. Morad, B. R. Young, W. Y. Svrcek,” Rectification of plant measurements using a 

statistical  framework“, Computers and Chemical Engineering, 29, 919–940 (2005). 

2. S. Streit, M. Langenstein, B. Laipple, H. Eitschberger,”A New Method for Evaluation 

and Correction of Thermal Reactor Power and Present Operational Applications”, 

Proceedings of ICONE13 13
th

. International Conference on Nuclear Engineering, 

Beijing, China, may 16-20 (2005).   

3. T.A. Soderstrom, D.M. Himmelblau, T.F. Edgar, “A mixed integer optimization 

approach for simultaneous data reconciliation and identification of measurement bias”, 

Control Engineering Practice, v.9, pp. 869-876 (2000). 

4. I. B. Tjoa, L. T. Biegler, “Simultaneous Strategy for Data Reconciliation and Gross Error 

Detection of Nonlinear Systems”, Computers and Chemical Engineering. v. 15(10), pp. 

679-690 (1991) 

5. D. B. Ozyurt, |R. W. Pike, “Theory and Practice of Simultaneous Data Reconciliation and 

Gross Error Detection for Chemical Process”, Computers & Chemical Engineering, v. 28, 

pp. 381-402 (2004). 

6. M. Kong, B. Chen, X. He, S. Hu,” Gross error identification for dynamic system”, 

Computers and Chemical Engineering, v.29, pp 191-197 (2004). 

7. D. R. Kuehn, H. Davidson, H., “Computer control. II. Mathematics for control”, 

Chemical Engineering Progress, v. 57, pp. 44-47 (1961). 

8. R. W. Serth, W. A. Heenan, “Gross errors detection and data reconciliation in steam-

metering systems”, AIChE Journal, v. 32, pp. 733-742 (1986). 

9. C. M. Crowe, Y. A. G. Campos, A. Hrymak, A, “Reconciliation of Process Flow Rates 

by Matrix Projection I: Linear Case”, AIChE Journal, v. 29, pp. 881-888 (1983). 

10. S. Narasimhan, P. Harikumar, “Method to incorporate bounds in data reconciliation and 

gross error detection - the bounded data reconciliation problem”, Computers & Chemical 

Engineering, v. 17, pp. 1115-1120 (1993). 

11. C. C. D. Pai, G. D. Fisher, “Application of Broyden’s method to reconciliation of 

nonlinearly constrained data”,  American Institute of Chemical Engineering Journal, 

34(5), 873-876 (1988). 

12. K. Yamamura, M. Nakajima, H. Matsuyama, ”Detection of gross errors in process data 

using mass and energy balances”, International Chemical Engineering, 28(1), 91-96 

(1988). 

13. N. Arora, L.T. Biegler, “Redescending estimators for Data Reconciliation and Parameter 

Estimation”, Computers and Chemical Engineering, v.25, pp.1585-1599 (2001).  

14. W. Wongrat, T. Srinophakun, P. Srinophakun, “Modified genetic algorithm for nonlinear 

data reconciliation”, Computers & Chemical Engineering, v. 29, pp. 1059-1067 (2005). 

15. F. R. Hampel, E. M. Ronchetti, P. J. Rousseeuw, P.J., W. A. Stahel, Robust Statistics - 

The Approach based on Influence Functions, John Wiley & Sons, Wiley Series in 

Probability and Mathematical Statistics (1986). 



16. D. M. Prata, M. Schwaab, E. L. Lima, J. C. Pinto, “Nonlinear dynamic data 

reconciliation and parameter estimation through particle swarm optimization: Application 

for an industrial polypropylene reactor”, Chemical Engineering Science, v 64, 3953-3967 

(2009). 

17. E. D. Valdetaro, R. Schirru, “Particle Swarm Optimization applied to data reconciliation 

in nuclear power plant”, Proceedings of International Nuclear Atlantic Conference – 

INAC2009, Sep. 27 to Oct.2, Rio de Janeiro, RJ, Brazil (2009). 

18. D. M. Prata, M. Schwaab, E. L. Lima, J. C. Pinto, “Simultaneous robust data 

reconciliation and gross error detection through particle swarm optimization for an 

industrial polypropylene reactor”, Chemical Engineering Science. 65, 4943-4954 (2010). 

19. E. D. Valdetaro, R. Schirru, “Simultaneous Model Selection, Robust Data Reconciliation 

and Outlier Detection with Swarm Intelligence in a Thermal Reactor Power Calculation”, 

Annals of Nuclear Energy, v 38, pp. 1820-1832  (2011). 

20. E. Ronchetti, “Robustness aspects of model choice”.Statistica Sinica. 7, 327-338 (1997). 

21. R. N. Feldman, “Reconciliação de dados em tempo real para monitoração e detecção de 

falhas em terminal de transporte e armazenamento de derivados de petróleo” , 

COPPE/UFRJ, M.Sc. Thesis, Chemical Engineering Department, (2007). 

22. VDI 2048 Part I, “Uncertainties of measurement during acceptance tests on energy-

conversion and power plants- fundamentals”, (2000). 

23. H. Akaike, “A new look at the statistical model identification”, IEEE Transactions on 

Automatic Control, AC-19(6), 716-723  (1974). 

24. J. Kennedy and R.C. Eberhart, “Particle Swarm Optimization”, Proc. on feedback 

mechanism IEEE Int’l. Conf. on Neural Networks, v. VI, 1942-1948, (1995). 

25. Y. Shi and R. Eberhart, “A Modified Particle Swarm Optimizer”, Proceedings of the 

1998 IEEE Congress on Evolutionary Computation, Anchorage, AK (1998). 

26. D. Braton, J. Kennedy, “Defining a Standard for Particle Swarm Optimization”, 

Proceedings of the 2007 IEEE Swarm Intelligence Symposium SIS 2007, (2007). 

27. J. Kennedy, “Some Issues and Practices for Particle Swarms”, Proceedings of the 2007 

IEEE Swarm Intelligence Symposium SIS 2007, (2007). 

 

 
 


