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Abstract: In a continuous chemical process, the accuracy and reliability of process 
and analytical measurements creates the basis for control system performance and 
ultimately for product uniformity. Measurement results, whether from fast on-line 
measurement devices or from sample-based laboratory analyses, is the key for 
selecting the method for process control and analysis. Intelligent and advanced control 
methods, exploiting measurements, are of no benefit, if the measurements cannot be 
trusted.  
 
This report presents results from project where target was to develop validation and 
estimation method for combining real-time redundant signals, consisting of sensor 
data, and analytical measurements. The validation of on-line measurement uses less 
frequently updated but more accurate information to validate frequently updated but 
less accurate on-line measurements. Validation and estimation of measurements are 
the keys and prerequisites to efficient calibration of on-line measurement device. An 
estimate of the measured variable is obtained as a weighted average of the on-line 
measurements and laboratory analyses. The weighting coefficients are recursively 
updated in real time when new analyse and measurement results are available. The 
uncertainty of laboratory analysis must be below a specific limit, or the basic 
assumption of laboratory analyse being reliable and used as reference to on-line 
measurement device can not be used. 
 
The calibration and estimation filter has been tested by several data sets collected 
from an operating plant. The calculation of optimal estimate can be used in several 
industrial applications to produce additional information for more precise process 
control. In addition, pre-processed data can be used to calculate a “need for 
maintenance indicator” to warn the operator for sensor breakdowns, wearing or 
deterioration and detect calibration needs. The operator’s workload is thereby reduced 
especially in problematic situations where measurement and validation signals are not 
in convergent, by offering calculated best estimation. 
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1 INTRODUCTION 

Measurements are the key to valid process control in the process industry, where 
effectiveness of production and profitability are closely related to the quality of the 
product, and where quality again depends on process control and hence on 
measurements. The reliability and performance of complex production systems 
depend largely on the accuracy and reliability of measurements while production’s 
economic efficiency depends on effective use of measurements. Process industry 
makes use of both on-line measurements and laboratory analyses to monitor and 
control processes. Such backup system helps the operator to make his decisions by 
combining data from measuring devices.  
 
The objective of this research is to study the validation of on-line measurements. The 
validation of the measurement means to verify the measurement with other 
information or measurements. The practical problem in this study is to validate a 
continuous measurement using the laboratory analysis as a reference signal. The case 
study comes from the field of hydrometallurgy, from an electrolytic zinc production 
line. Validated measurement device data is critical to the operation of a process plant, 
because erroneous data can degrade process performance.  
 
Calculation of an estimate and noticing the deterioration of laboratory analysis are 
essential, when detecting and isolating sensor failures and correcting erroneous 
measurements. As a result of this study, the dynamic validation and optimal 
estimation of the on-line measurement based on laboratory analysis is developed and 
tested with actual mill data.  
 
There are many methods for the measurement validation. The self-validating (SEVA) 
approach provides tools for the single sensor signal validation (Henry, 1993). The 
approach utilizes sensor fault detection and uncertainty estimation to produce 
advanced information about the measurement. Multi-sensor data fusion can be used, 
when multiple sensors are used to measure the same variable (Luo et al., 2002). Thus 
a measurement is validated with other sensor data. Statistical process control provides 
tools for data analysis but can’t be directly exploited, because its basic assumptions 
are that the process is in a stationary state and the measurements do not rely on each 
others (Oakland, 1990). None of the above mentioned methods is directly applicable 
in this application. Having only one on-line measurement eliminates the multi-sensor 
data fusion approach. The approach in this study deviates from the SEVA approach as 
no sensor malfunction detection is necessary and the uncertainty estimation is based 
on process dynamics. However, some characteristics from each of the above 
mentioned methods are adopted and fused to build a validating tool for the 
measurement validation with an infrequent reference signal. 
 
This study converts the measurement validation problem into the calculation of an 
optimal estimate of the measured variable based on the confidence levels of the actual 
and reference measurements. The calculation of the optimal estimate is divided into 
three parts (Figure 1): pre-processing, confidence level estimation and calculation of 
the estimate. The salient features of the method are delineated below. 
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• In pre-processing the faulty measurements are first removed and the static 

error between the measurements and laboratory analysis is compensated.  
• The measurements are divided into three classes (invalid, fuzzy and valid), 

which change according to process conditions. The measurements in the class 
invalid are removed while the class valid measurements are accepted as they 
are. The measurements in the class fuzzy are manipulated according to the 
developed algorithm. 

• The static error is compensated on-line by using averaging. The averaging 
window is chosen so that normal process changes are not handled as the static 
error.  
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Figure 1. Different steps in the signal processing to the optimal estimate. 
 
 
The confidence levels are estimated for both the measurement and laboratory 
analysis. The measurement’s confidence level is determined by two criteria: change 
between measurements and the deviation from the laboratory analysis. The 
confidence level of the laboratory analysis is only time-dependent. The optimal 
estimate is calculated according to an algorithm by using the pre-processed 
measurement, laboratory analysis and the confidence levels. 
 
In the case of a gradual degradation (e.g., a sensor drift), the faulty signal is not 
immediately abandoned but its influence on measurement estimation is diminished as 
its confidence level is a function of change and deviation from the laboratory 
analysis. This is achieved by decreasing the relative weight of the degraded signal. 
When the degradation strengthens, monotonic function diminishes its relative weight. 
Thus, faulty or biased signal will have a smaller bearing on the accuracy of the 
estimation as a result of the adaptively reduced weight. Therefore, the resulting delay 
in detecting a gradual degradation can be tolerated because the weighted estimate is 
practically unaffected. Furthermore, since the weight of a gradually degrading signal 
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is smoothly reduced, the eventual correction of the estimated value (after the next 
laboratory analysis) will not cause any abrupt change in the estimate. 
 
The pre-processing and calculation of the optimal estimate are tested based on 
redundant sensor data of electrolytic zinc production, containing processes from 
dissolution, solution purification and electrolytic reduction. Development and 
validation of the algorithm are presented in the main body of the paper along with 
concluding remarks. 
 
Several factors make it difficult to validate sensor data and to calculate confidence 
levels. Varying time delay between sampling and results accomplishment should be 
taken into account when comparing on-line and laboratory data. The difference 
between slight sensor failures and noisy sensor readings is not easy to verify if the 
time delay is not known.  
 
On-line validation of measurements has definite economic advantages. By validating 
measurements, the whole chain from the sensor to the user will be more reliable. The 
uniformity of quality has also effects on production costs. If quality varies largely, 
large safety margins are needed between the goal and the average quality level. 
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2 MONITORING PROCESSES 

In the measurement process, first measurements are taken, data are collected and then 
turned into information. This process also produces uncertainty, but if we look at 
several measurements, they contain also mutual information (Pyle, 1993) 
 
The knowledge of the process dynamics and frequency of disturbances should shape 
the sampling strategy. In general, a sampling frequency 6-10 time that of a 
disturbance frequency will clearly differentiate disturbances from each other 
(Sanders, 1995). Laboratory analysis frequency, however, is most often based upon 
the ease of obtaining samples and laboratory staffing rather than disturbance 
frequencies. As a result many sample analysis, which have cyclic trends or drifts, 
show up as simple data noise. Information is lost and it is harder to isolate assignable 
causes. 

2.1 Measurements 

Sensors can be roughly divided into critical and advisory. Critical sensors are used 
e.g. for controlling boiling reactors in the power plants or on aircrafts. These critical 
measurements are usually monitored by several direct and indirect measurements and 
complemented with process models and knowledge-based systems. In these cases, 
sensor redundancy is often augmented with analytical measurements that are obtained 
from physical characteristics and/or model of the plant dynamics in combination with 
other available sensor data. Both sensors and analytical redundancies are referred to 
as redundant signals in the sequel. 
 
On the other hand, advisory on-line measurement provides information, which is used 
to support control and to guarantee undisturbed process. These measurements are 
mainly based on laboratory analyses and complemented with on-line sensors. 
 
Laboratory analyses are commonly used in process industry, but the purpose of use 
and criticality of analyses vary. Normally, analyses are used either to monitor the 
process, or to control or validate on-line measurements. If based solely on laboratory 
analysis, process control becomes inefficient because of the infrequency of analyses. 
On the other hand, laboratory analysis improves control when it is used to validate 
and correct on-line measurements. 
 
In a mill environment with several on-line measurement devices, one on-line 
measurement device transmits measurements every few seconds or minutes, whereas 
samples taken from the same place are analysed in the laboratory commonly only 
once or twice in a day. Thus on-line measurements can be averaged, when off-line 
measurements are not duplicated and need to be trusted. For calibration and quality 
assurance, special samples may be collected, but the aim is that continuous 
monitoring of both on-line measurements and laboratory results of normal samples 
would alone be enough for effective process control.  
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2.2 Uncertainty of measurements 

It is typical, that the desired quantity cannot be measured directly (temperature is 
measured from heat expansion, potential difference or from electrical resistance…). 
Therefore, the quantity must be measured indirectly based on the dependency 
between the desired quantity and some measurable quantity. The dependency may be 
chemical, physical or experimentally discovered. Quantities other than the desired are 
usually regarded as disturbing factors, whose effect should be minimized. Indirect 
measurements are compensated so that disturbances are minimized. In practice, 
problems will arise after laboratory scale tests, where all of the disturbing factors may 
not be detected, or the calibration material does not include all the disturbing factors. 
 
Uncertainty of measurement means doubt about the validity of the measurement and 
is defined as a measured parameter. Uncertainty is normally associated with the result 
of a measurement. Another definition is the probability of a reading lying in a given 
range on either side of the mean value. Uncertainty can also be understood as a 
distribution (Weiss & Indurkhya, 1998). The Gaussian distribution is normally used 
to represent the distribution of measurements and uncertainty of measurements 
(Figure 2). 
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Figure 2. Gaussian distribution. 
 
 
Uncertainty tries to quantify errors involved in measurements. The measurement 
errors can be roughly divided into systematic errors and random errors. Systematic 
errors (bias error) can be corrected, whereas a random error can be corrected by 
averaging several values. The magnitude of a random error in a measurement is 
typically represented as the confidence limit = standard deviation (σ) of the 
measurement error. The spread of the limits depends on the amount of random errors. 
Usually, 95 % confidence limits, in the case of the normal distribution (2σ), are used. 
(Pyle, 1993) 
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Methods for dealing with uncertainty include statistical process control, where 
distribution of measurement errors and/or knowledge about process, are used to detect 
significant deviations and uncertainty estimation, where uncertainty is calculated 
according to certain variables. Fuzzy methods are also used to complete statistical 
analysis. Various process control methods can be effective in dealing with uncertain 
measurements, but they can be affected by measurement noise and errors. These 
outliers constitute a challenging problem in uncertain measurements (detecting them 
is much easier for a process engineer than for a computer). For example, outliers 
affect the standard deviation (σ) and the moving (±2σ) limits (dynamic confidence 
limits), allowing greater variations to be accepted in the next time window. This 
problem is further discussed in the chapter 3. Estimation of uncertainty is based on 
variables linked to the measurement like process noise, sensor drift, sensor 
malfunction etc. In the SEVA approach, these factors are combined into a value that 
describes the uncertainty of measurement (Henry, 1993)). It is also proposed that the 
estimation of uncertainty in SEVA approach is augmented with a sensor malfunction 
detection system, where sensor failures are classified and their impacts to signal and 
uncertainty are estimated (Fry, 2002). However, variables like process noise, sensor 
drift or impact of sensor malfunction are not necessarily easily defined. 
 
In this study, uncertainty is not estimated through estimations of certain variables but 
it is associated with process dynamics. This can be done due to the reference signal, 
which is assumed to have very low uncertainty. The reference signal gives not an 
estimate but a real measurand, which can be used to evaluate the accuracy of the 
sensor. The dynamics of the process can be obtained from the data as statistical 
values or from the expert knowledge. In this paper, the term confidence is used 
instead of uncertainty. The calculation of confidence levels are further discussed in 
chapter 5.2.  

2.3 Sensor malfunction detection 

In the process industry, an on-line measurement system is calibrated by using 
standard samples (e.g. weight scaling) or solutions (e.g. pH measurements), or 
comparing the measurements with laboratory analysis. The process is controlled in 
such a way to make reference measurements as accurate as possible with current 
conditions. With the help of a correction factors or functions, the sensor outputs are 
then processed to produce a signal similar to the original one. Self-testing and self-
validating sensors have an internal signal reference, from where a validation signal 
can be fed into the sensor. From time to time sensor output is used to produce an error 
signal. Self-calibration is self-testing with a possibility of making changes in the 
sensor’s transfer curve. However, self-calibration does not eliminate the need for 
traditional calibration. Calibration varies from simple calibration based on one 
laboratory sample to a multisampling and multi-point calibration. The benefits of 
single-point calibration are fast and effective action connected with demand of 
narrow and stable operating range. This restriction does not occur with multi-point 
calibration, but method is limited by high workload. 
 
A major problem in sensor malfunction detection is to distinguish between process 
changes and sensor failures. Especially, in the case of a feedback control, sensor 
failures are often compensated by appropriate control action, which makes it difficult 
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to detect the malfunctioning sensor. In sensor malfunction detection, redundancy, 
knowledge or measurement aberration based methods can be used (Henry, 1993).  
 
In redundancy-based approaches, duplicate measurements or a process model is used 
to generate a residual vector by comparing the measurements from multiple sensors 
or output of the process model and actual measurements. The residuals can be 
examined with many methods to make a decision about the sensor malfunctioning. 
Such methods include multi-sensor data fusion, voting systems, expert systems, 
artificial intelligence, fuzzy logic and neural network approaches (Amadi-Echendu, 
1996). Model based fault detection and identification (FDI) methods are thoroughly 
discussed in survey papers by Willsky (1976), Isermann (1984) and Frank (1990). 
Multi-sensor data fusion is further discussed in chapter 2.4.2. Voting systems require 
three or more measurements of same variable (Willsky, 1976). The deviating opinion 
(measurement) is neglected as the decision is made based on the majority of similar 
measurements. The voting system may include advanced characteristics as the 
differentiation between process upsets and sensor failures may be included in the 
reasoning (Stork & Cowalski, 1999).  
 
Knowledge based FDI systems exploit qualitative as well as quantitative models of 
the system (Frank, 1990). Through the qualitative models, additional information can 
be included into the FDI system. The additional information may include operational 
conditions, fault modes, signal behaviour characteristics due to a certain fault and 
historical fault statistics. The qualitative models are built and manipulated through 
heuristic knowledge. The knowledge based FDI systems are discussed in more detail 
by Isermann (1997).  
 
In measurement aberration approach, single sensor signal is observed to detect sensor 
failure. It is based on the assumption that a true signal has certain properties, which 
remain constant. A deviation in a property indicates a possible sensor malfunction 
(Henry, 1993). The properties can be statistical or based on the signal’s time or 
frequency based behaviour.  

2.4 Measurement validation 

Validation can be described as a method for ensuring measurement’s accuracy. A 
sensor signal can be validated with additional information or by statistical analysis. 
The information may be an infrequent reference signal (laboratory analysis or 
calibration signal) or a signal produced by mathematical process model. Sensor 
malfunction detection is an integral part of sensor signal validation. The information 
from malfunctioning sensor may be used independently or accompanied with other 
information to validate a measurement.  
 
Individual signals in a redundant set may often exhibit deviations from each other 
after a length of time. These differences could be caused by slowly time-varying 
sensor parameters, plant parameters, transport delays, etc. Consequently, some of the 
redundant signals can be detected and deleted by a fault detection and isolation (FDI) 
algorithm (Ray, 2000). 
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On the other hand, failure to isolate a degraded signal could cause an inaccurate 
estimate of the measured variable. For example, plant performance and stability may 
be adversely affected if an inaccurate estimate is used as an input to the decision 
making or control system. Ray (2000) presented a calibration and estimation filter for 
redundancy management of sensor data and analytical measurements. In his 
algorithm, signals were calibrated to compensate their relative errors and the weights 
of individual signals were adaptively updated as functions of the respective failure 
probabilities. 

2.4.1 Sensor signal validation 

The use of process models in validation mainly follows the same idea as in the FDI. 
The self-validating (SEVA) approach incorporates sensor malfunction detection and 
measurement uncertainty estimation to produce a validated measurement (Henry, 
1993). Sensor malfunction detection may be executed by any method described in 
chapter 2.3. In SEVA approach, a corrective strategy is built to compensate the 
effects of the observed sensor failure. 
 
In the static validation, on-line measurements are compared from time to time with 
accurate laboratory analysis. Dynamic validation, however, exploits every 
measurement. In validating on-line measurement by laboratory analysis, we use less 
frequently updated but more accurate information to validate frequently updated but 
less accurate on-line measurements. The methods used in this work consist of the 
calculation of confidence levels followed by data fusion where both signals are 
exploited. With proper data fusion, the advantages of original signals are adopted to a 
reliable continuous-time signal. This sounds easy, but when building an estimation 
algorithm, which works with plug and play- technique, fusing information turns out 
to be a complex task. Type of data varies depending on the source of the information. 
For example, the data may be sparse, noisy or contain varying process delays, and 
laboratory data may have different analyzing delays, which all have an essential role 
in data fusion. 
 
In the case of one on-line sensor, data filtering (or data reconciliation) is based most 
widely on the Kalman filtering technique. This technique has been extended to 
several other applications to improve the accuracy of process variables or for data 
smoothing and parameter estimation. These techniques are developed for linear 
dynamic systems using weighted least squares as objective functions. In addition, 
methods for sensor malfunction detection based upon Kalman filters have been 
developed. Rollins et al. (2002) developed a method to handle biased measurements 
in general fashion exploiting gross error detection approach. By detecting biased 
measurement the accuracy was improved through data reconciliation.  

2.4.2 Multi-sensor data fusion 

Data fusion is a way to carry out dynamic data validation. Data fusion and integration 
are concepts for combining data from multiple sources to provide reliable and 
accurate information (Luo et al., 2002). The objective is to derive more information 
through combining than is present in any individual element of input data. Another 
aspect is to enhance the effectiveness of the sensor system by taking advantage of the 
co-operation of the multiple sensors. 
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Multi-sensor data fusion is used in many military applications including automated 
targeting, battlefield surveillance and guidance, and control of autonomous vehicles 
(Ng & Ng, 2000). Non-military applications include monitoring of complex process 
industry (Stork & Kowalski, 1998), robotics, medical diagnosis, biomedical systems, 
smart buildings and smart transportation systems (Luo et al., 2002). 
 
The methods used in multi-sensor data fusion range from statistical to intelligent 
methods. When information from several sensors is combined, more “complex and 
intelligent” methods should be used (Luo et al., 2002). In this work, data fusion was 
used to combine information from two sources. Pre-filtering and confidence level 
estimation followed by some reasoning was found to be sufficient. 
 
Estimation of best measurement contains three possible ways of obtaining sufficient 
information to build a set of optimal signals. The first technique goes by the official 
title of "sensor redundancy." Critical process variables are monitored through 
independent channels and decisions are made using majority voting principals (Luo et 
al., 2002).  
 
The second approach is based on the estimation of process variables from physical 
and chemical models using energy, momentum or mass balances and chemical 
equations. This method is known as “data reconciliation” or “analytical redundancy”. 
As the third technique, empirical models may be constructed by estimating a function 
from a number of example input - output pairs with little or no knowledge of the form 
of the function (Ikonomopoulos & Van der Hagen, 1996). Problem has different 
names in different disciplines e.g. function approximation, system identification, data 
fusion/multi-sensor fusion, non-parametric regression, inductive learning and 
supervised learning. In the context of signal validation, it is often called as "empirical 
redundancy" in accordance with the previous two terms. One of the goals of 
analytical and empirical redundancy is the detection of faulty measurements. 
Research in these fields of signal validation and fault detection has been extensive 
and summaries can be found for example from Rollins et al. (2002). 
 
Process data validation includes an expert system with rules derived from operator 
experience. The rules include normal operating ranges and minimum/maximum limits 
for each variable. With continuous validation the errors are checked and alarms 
represented to the operator (May et al., 1992). Data reconciliation utilizing process 
model constraints (Narasimhan et al., 2000), is a method used to reduce random 
errors to improve measurement’s accuracy through measurement validation.  
 

2.4.3 Statistical process control 

Several statistical methods are used to improve process performance and quality of 
the outcome. Statistical process control (SPC) comprises a collection of statistical 
tools for data and process analysis as a basis for making inferences about process 
behaviour and about opportunities for improving performance. Basic tools for 
improving quality are process flow charting (tells what is done), check sheets or tally 
charts (how often it is done), histograms (pictures or numeric data), graphs, Pareto 
analysis (priorising), cause and effect analyses (what causes the problems), scatter 
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diagrams (relationships between variables) and control charts (monitoring variation 
and stability over time) (Oakland & Followell, 1990). 
 
The goal of statistical process control is to eliminate variability in the process and to 
find abnormalities in process data. Understanding of all these tools ( ) and 
how to use them requires no prior knowledge of statistics. These simple chart 
techniques have proved powerful in monitoring process performance and in detecting 
abnormal events and their causes. In the SPC, measured and examined factors are 
assumed normally distributed. Unfortunately, data used in this work is rarely 
normally distributed or even close to it. Unfiltered data includes high peaks 
(erroneous measurements), which distort distribution and also increases the calculated 
standard deviation. As a result of these limitations, SPC methods cannot be directly 
adapted to the calculation of the optimal estimation.  

Figure 3

Figure 3. Methods used in statistical process control (Oakland & Followell, 1990). 

 

 

 
 
Statistical process control uses continuous process monitoring to detect significant 
changes and disturbances in the process. However, these techniques do not provide 
explicit methods to adjust the process. Process operators or quality control 
practitioners should have knowledge of how to use feedback or feed forward control 
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and reliable enough measurements as a base of their control actions. In quality 
control, adjustment costs cannot be ignored. If an adjustment is expensive, or frequent 
adjustments are not feasible, it is reasonable to do adjustments only after breakdowns 
or significant deviations.  
 
Statistical process control assumes that: 1) The mean of the process measurements is 
constant; 2) The deviation of the measurements is constant. 3) Measurements are 
independent. In the process industry, these prerequisites may be problematic, because 
the mean and deviation of process measurements varies as a function of time or as a 
consequence of breakdowns. In addition, detecting changes in the mean becomes 
difficult, if the measurements are auto-correlated. Correlation between measurements 
is detected as a trend in the control charts, and that complicates interpretation to 
control the process. In continuous processes, almost all variables have some temporal 
correlation, even if process is under statistical control (Oakland & Followell, 1990). 
 
Statistical process control represents an area of data validation in connection with 
process control applications. Statistical process control is used in sophisticated error 
and outlier detection as well as in data fusion using various averaging methods (Luo 
et al., 2002). Instead of statistical process control, this work deals with problems of 
dynamic signal pre-filtering and confidence based reasoning of on-line measurements 
based on reliable reference analysis. The result introduces a validation and estimation 
tool exploiting confidence levels and pre-filtered measurement for combining both 
laboratory and on-line signals. 
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3 PROCESS VARIABLES AND THEIR PROPERTIES 

Information about processes is gathered by measuring the values of different process 
variables. Every variable has its characteristic features like range and mean. 
Measurements’ quality can be evaluated through these features. The feature that can 
probably be most easily used is the minimum and maximum values of the variable. 
These values can not be misinterpreted as they tell the absolute limits of a variable. 
The minimum and maximum values can be obtained from data or prior knowledge. 
Another important feature of a variable is mean. As the long time mean value of a 
variable should remain almost constant (assuming no changes in process), a shorter 
period mean value fluctuates due to the normal process variations. Standard deviation 
(or variance) tells how widely the measurements are spread around the mean value 
and it should also remain constant during a long time period. Standard deviation (or 
variance) and mean are commonly used as indicators for sensor malfunction.  
 
In this application, the measurement’s validity is not evaluated through standard 
deviation or mean. Instead, the minimum and maximum values are used paired with 
some reasoning. These will be discussed further in following chapters. 
 
Knowledge of the process and measurement data constitutes the key for 
troubleshooting. When sorting out, which measurements are real and which 
erroneous, there is a need to settle out range of each process parameter. Absolute 
limits define values, which are beyond the range of the variable and can be directly 
classified to be incorrect. Fuzzy regions are used to narrow this relatively wide range 
to better respond to different process circumstances.  
 
Knowledge based limits, like maximum changes in the time window, restrict allowed 
changes in the measurements. Information from process measurements should be 
processed to help operators decide on control procedures. A varying standard 
deviation and mean are caused mostly by process changes or sometimes by a 
malfunctioning on-line measurement device. To distinguish between process changes 
and malfunctioning sensor is an essential part of evaluating measurement’s validity. 
 
It is essential here to dynamically validate the on-line measurement devices to rule 
out faults and only afterwards adjust the process. A process is usually thought to be in 
control or out of control, but there are also intermediary stages. A process may be 
getting out of control as a result of wrong actions or getting under control. Varying 
the sample size affects the control limits; more samples in the time window, the 
tighter the limits can be. This is understandable, because reliability increases with the 
increasing sample size. 

3.1 Defining limits 

To illustrate the determination of the limits a data set of measurements and reference 
values was generated (Figure 4). The measurements are based on the sin-function 
with added noise and random spikes. The reference values are generated from the 
measurements with zero order hold function. 
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Figure 4. Generated data set (measurements and reference values) with random 
spikes. 
 

3.2 Absolute limits 

The absolute limits can be determined by using a density function or normal 
distribution. In both cases, the limits are set so that about 95 percent of measurements 
lie between the limits. It is suggested that as much history data as possible is used in 
both cases. 
 

3.2.1 Normal distribution 

The normal distribution is formed by calculating the mean value and standard 
deviation of the data. The mean value can be calculated from: 
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 where σ is the standard deviation. 
 
The normal distribution can be formed with these values by using: 
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When using normal distribution, about 95 percent of the measurements lie between 
limits, if they are set to m ± 2σ (Figure 5).  
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Figure 5. Absolute limits from normal distribution for the data shown in Figure 4. 
 
 

3.2.2 Density function 

To use a density function, the data is divided into classes. The number of 
measurements in each class is calculated and the results are normalized. The 
cumulative sum is taken from the density function in order to determine the limits so 
that about 95 percent of the measurements lie between the limits. The upper limit is 
obtained by finding the location where the cumulative sum exceeds the value of 
0.975. The lower limit can be obtained similarly by finding the value of 0.025. The 
absolute limits for the data in figure 4 calculated with the density function are 
presented in figure 6.  
 
Comparing density function and normal distribution (Figure 5 and  
Figure 6) it can be seen that the upper limit is almost the same despite the method the 
limits were obtained. However, the lower limit calculated from the normal 
distribution is lower than the one from the density function. This is due to the 
assumption that the data is equally distributed around the mean value when using the 
normal distribution. This is not always the case as can be seen from the density 
function ( 
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Figure 6). By using density function, the obtained limits represent better the actual 
process. Moreover, the use of density function is flexible and gives a chance to use 
prior knowledge. It is known that the measurement (in the studied process) is more 
likely to give a spike downwards (zero value) than a spike upwards. It can be 
emphasized by cutting out for example only one percent of the higher values and four 
percent of the lower values still having the original property of 95 percent of 
measurements lying between the limits. 
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Figure 6. Absolute limits from the density function. 
 

3.3 Fuzzy limits 

In the cases of varying process parameters it is natural to consider use of fuzzified 
control limits. For example, if the data range varies greatly (process conditions are 
changed advisedly), real hard limits may be difficult to set. In the developed 
application, the classifier (further discussed in chapter 4.1) requires absolute and 
fuzzy limits. Between the fuzzy and absolute limits lies a fuzzy region where it is not 
certain if the measurement is valid or invalid. In this region, measurement’s weight 
(given as a membership function) decreases from reliable (weight 1) to non-reliable 
(weight 0). 
 
If the fuzzy limits are defined to be constant, the detection of an invalid measurement 
depends on the process conditions. If the measurements drift closer to limits, the 
deviating measurements will more likely lie in the fuzzy region, ( ). In figure 
7, there is a trend of measurements drifting closer to the upper limits. There are seven 
measurements with deviation of about same magnitude (circled). Three first ones 
occur while the measurement is still rather far away from the limits as the four latter 
ones occur as the measurement has drifted closer to the limits. Even though the 
deviations are of about same magnitude the four latter measurements are classified as 

Figure 7
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possible invalids. Keeping this in mind, it is desired that the fuzzy limits are flexible 
and changing with the process conditions. This can be implemented by using standard 
deviation or modified deviation. 
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Figure 7. Constant fuzzy limits with drifting process conditions. 
 
 

3.3.1 Static fuzzy limits 

Static fuzzy limits are defined as a fraction of the variable’s range. Range is obtained 
from absolute limits discussed in chapter 3.2. A 10 percent fraction was found out to 
be appropriate and was used in the developed method. Static limits can be calculated 
from: 
 

      (4) 
)xx(xx
)xx(xx

minmaxmaxfuzmax,

minmaxminfuzmin,

−β−=

−β+=

  
where β is a coefficient describing the width of the fuzzy zone. 

 
As mentioned earlier, the static limits give no useful information about the process. 
They serve only as an indicator of variable approaching the absolute limits and 
possibly getting out of range.  
 

3.3.2 Adaptive fuzzy limits from standard deviation 

To use standard deviation, a time window of reasonable size has to be defined. The 
standard deviation of the window can be obtained by using equations 1 and 2. The 
limits are now set to xref ± 2σw, where σw refers to the standard deviation inside the 
time window. 
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A disadvantage of the use of the standard deviation is that measurements varying 
greatly from the others have a significant effect on the limits. The limits will expand 
greatly and possibly invalid measurements are handled as valid. Figure 8 represents a 
data set, where the data has a lot of greatly deviating measurements (on-line 
measurement device deteriorates and gives unstable signal). Calculated fuzzy limits 
work properly with normal data, but when problems appear limits expand. (The 
absolute limits are calculated by using as much data as possible from the same 
process.) 
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Absolute limit
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Absolute limit
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Figure 8. Fuzzy limits determined by standard deviation.  
 
 
The expanding of the fuzzy limits could be prevented by deleting greatly deviating 
measurements prior to the determination of the fuzzy limits. This, however, requires 
more reasoning and thus the overall system would become all too complex. 
 

3.3.3 Adaptive fuzzy limits from the modified standard deviation 

A better way for defining adaptive fuzzy limits (fuzzy region) is to modify the 
calculation of the standard deviation so that possible outliers have a decreased effect 
on the limits. It can be realized by introducing a coefficient describing the importance 
of an individual measurement based on the deviation from the mean value. The 
modified deviation can be calculated from: 
 

 ∑
=

−α=σ
N

ii

2
im )mx(

N
1       (5) 

 
 where σm is the modified standard deviation, 
  N is the number of measurements in a window and 
  α is a coefficient. 
 
The coefficient ( ), α, is calculated by: Figure 9
 

2
i )mx(ae −−=α         (6) 

where a is a parameter. 
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Figure 9. The determination of the coefficient α. 
 
 
By choosing such a function for the coefficient, introduced a new problem: how to 
define the parameter a. It was found that a good fitting for the coefficient is obtained, 
if xi - m = σd results in α = 0,5. The deviation, σd, is obtained from the density 
function by using the analogy between the density function and standard distribution. 
It can be calculated by: 
 

 
4

xx absmin,absmax,
d

−
=σ  .      (7) 

 
Now, the parameter, a, can be solved from: 
 

 2
d

5,0lna
σ

−= .        (8) 

 
By modifying the calculation of the standard deviation, better results are obtained 
(Figure 10). The significance of one deviating measurement is reduced and changing 
fuzzy boundaries can be applied directly to the measurement without any prior 
reasoning. The absolute limits are still calculated with all the data available from the 
actual process. 
 

 18



Measurement Limits and reference measurement

Absolute limit
Fuzzy limit

Measurement Limits and reference measurement

Absolute limit
Fuzzy limit

 
Figure 10. Fuzzy limits determined by the modified standard deviation. 
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4 SIGNAL PRE-PROCESSING 

The measurements are pre-processed in order to obtain practical signal for the actual 
filtering. The pre-processing is performed by manipulating the measurements that are 
beyond the absolute bounds of the variable’s range (outliers) and by correcting the 
static error between measurement device and laboratory readings. The outliers are 
detected by the classifier (validating) and the static error is compensated by bias 
correction (Figure 1).  

4.1 Classifier 

The classifier detects the outliers and replaces them with an estimate. The output of 
the classifier is a combination of the actual measurement and a reference value. As a 
reference value, two alternatives have been studied. First, an auxiliary measurement 
was calculated based on the previous measurements, Xref=X(k-1). It served as an 
estimate for the next measurement, if there is no change in the behaviour of the 
process. The other alternative is to use the result of the laboratory analysis as the 
reference value, Xref=Xlab. In both cases the output of the classifier is calculated as a 
weighted average of the actual measurement and the reference value. 
 
 Xcl = wmXm + wrefXref       (9) 
 
 where wm and wref are the weights of the measurement and the reference, 
  Xm is the measurement and 
  Xref is the reference value. 
 
The calculation of the coefficients is based on the physical limitations of the 
measured variable i.e. lower and upper limits. If the measurement is between the 
boundaries, the classifier considers it valid and the weight of the measurement is 1. If 
the measurement is beyond the absolute boundaries, the weight of the measurement is 
0 and the weight of the laboratory analysis is 1. Between the valid and invalid zones 
lies a fuzzy zone, where the weight of the measurement decreases from 1 to 0. As a 
result, the weight of the actual measurement can be expressed as: 

      (10) 
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where Xmin and Xmax are the absolute upper and lower limits, 

  Xmin,fuz and Xmax,fuz are the fuzzy upper and lower limits and 
f1 and f2 are the functions describing the behaviour of the weight on 
the fuzzy zone (the membership functions). 
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The weight of the reference value is simply given by: 
 
 wref = 1 - wm.        (11) 

4.2 Bias correction 

Slowly generating errors on the measurement can be detected by monitoring the 
difference between the measurements and laboratory analysis. Two bias correction 
strategies have been studied. The first one uses a constant bias correction between 
laboratory analyses. Bias between the measurement and laboratory analysis is 
calculated each time instant the new laboratory analysis arrives, and used to correct 
drifting, until the next laboratory analysis is available and the new bias can be 
calculated: 
 dbias = Xm(k)-Xl(k)       (12) 
 
When this strategy is used, it is assumed that there are no great and abrupt deviations 
in the measurement device readings. In case of an abrupt change in the time the bias 
correction is calculated, wrong bias correction is used until the next laboratory 
analysis. Slight changes can be ignored, if a short time average is used. This strategy 
also leads to a discontinuity point at the time the new bias correction is calculated. 
The other strategy is to calculate the bias correction on-line. Now, the problem is to 
distinguish between the static error and process changes. The problem can be solved 
by using long time averages leading to a delayed detection of the static error. When 
determining the range of the average, the requisite is that normal process changes are 
not misjudged as static errors but still the bias correction has to be made somewhat on 
time.  
 dbias = mX (k)-Xl(k)        (13) 
 
where mX (k) is a moving average of latest on-line measurements 
 Xl(k) is latest laboratory analysis 
 
So the final output from the pre-processing block of Figure 1 is:  
 
 Xc = Xclassifier + dbias       (14) 
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5 CALCULATION OF OPTIMAL ESTIMATE 

5.1 The use of maximum step 

The maximum step is the characteristic change of the process in a time unit. By 
applying the maximum step, too great and abrupt changes in the measurements can be 
detected and removed. However, slowly generating errors cannot be detected or 
compensated leading to a need for the use of bias correction discussed earlier.  
 
The maximum step can be determined based on the knowledge or data and can be 
expressed: 
 

)1()( −−=∆ kXkXX mm       (15) 
 

When the maximum step increases the filtered signal approaches the original one 
(Figure 11). If the maximum step is determined from data, statistical values may be 
used. The standard deviation of change gives a good first guess for the step size. 
However, the maximum step must be validated by an operator due to the assumptions 
made while using the normal distribution. The assumptions and their consequences 
are discussed in chapter 3.2.1.  
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Figure 11. Original and modified measurement with varying maximum step size. 
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5.2 The use of confidence levels 

The confidence level based filtering includes pre-processing and calculations of 
confidence levels and the optimal estimate. As earlier described, the pre-processing 
provides practical signal for actual processing. The confidence levels are calculated to 
measurement device and laboratory analysis signals. The optimal estimate is then 
calculated using the pre-processed signals and confidence levels. 
 

5.2.1 Confidence level of the measurement 

The confidence level of the measurement is determined by two criteria. The first 
criterion is the deviation of the measurement from the laboratory analysis, d=Xm-Xl. 
The bias correction detects and compensates slowly generating errors from the 
measurement, while this criterion can reveal sudden malfunctions of the measurement 
device. The calculation of the confidence level is divided in three zones: invalid, 
fuzzy and valid. The confidence level based on this criterion can be calculated as: 
 

      (16) 
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where d is the deviation between the measurement and the laboratory 

analysis, 
  dmin and dmax are the absolute boundaries of the deviation, 
  dmin,fuz and dmax,fuz are the fuzzy boundaries of the deviation and 

g1(d) and g2(d) are the functions defining the confidence in the fuzzy 
zone (Figure 12). 
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Figure 12. The confidence level of the measurement is determined using the 
deviation of the measurement from the laboratory analysis. 
 
 
The other criterion is the change in the measurement. This criterion is based on the 
process dynamics and the maximum step described earlier. The calculation of the 
confidence level is again divided into invalid, fuzzy and valid zones: 
 

     (17) 
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where ∆x is the change in the measurement, 

  ∆xmin and ∆xmax are the absolute boundaries of the change, 
  ∆xmin,fuz and ∆xmax,fuz are the fuzzy boundaries of the change and 

g3(∆x) and g4(∆x) are the functions defining the confidence in the 
fuzzy zone (Figure 13). 
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Figure 13. The confidence level of the measurement is determined using the 
deviation between consecutive measurements. 
 
 
The equations can be simplified if the confidence levels are assumed to be 
symmetrical in both sides of the y-axis. The confidence level of the measurement is 
obtained by combining the confidence levels of both criteria: 
 
 Cm = Cm,cr1Cm,cr2       (18) 
 

5.2.2 Confidence level of the laboratory analysis 

The confidence level of laboratory analysis depends only on time. When a new result 
is available, its confidence level is 1. The aging of the analysis is determined by a 
time at which the confidence level decreases to 0. However, the laboratory analysis 
must be trusted (at least a little) always and therefore its confidence level never 
decreases to 0. In this study, a reasonable time for the laboratory analysis to reach the 
zero value is 24 hours. From that, the time-dependence can be solved and the 
minimum value set to 1/24 (Figure 14). The confidence level of the laboratory 
analysis can be calculated from: 
 
 )24

1),(max( 5 tgCl =        (19) 

 
 where, g5 is a function describing the aging of the laboratory analysis. 
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Figure 14. Time-dependence of the confidence level of the laboratory analysis. 
 
 

5.2.3 Confidence level of estimate 

Confidence level of the estimate is simply the maximum of the confidence levels for 
measurements and laboratory analysis: 
 
 ) .       (20) ,max( lme CCC =
 

5.2.4 Calculation of optimal estimate 

In the calculation of an estimate, the pre-processed signal, laboratory analysis and 
calculated confidence levels are used. The idea is that the estimate is trusted always, 
when its confidence level is relatively high. That is why the confidence level of the 
laboratory analysis is decreased by a coefficient (1 – Cm). The estimate can be 
calculated from: 
 

 
lmm
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5.3 Deterioration indicator 

Information produced in the calculation of the optimal estimate can also be used for 
calculation of on-line deterioration (need for maintenance) indicator. Pre-processed 
data sets are combined in the validation block, where difference between on-line 
measurement and laboratory analysis are calculated and changes in the bias error are 
turned to the on-line deterioration indicator. In these cases, drift in the indicator value 
shows e.g. on-going deterioration in the measuring device (Figure 15).  
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Figure 15. Bias error- based deterioration indicator (on the right), calculated from on-
line measurement and laboratory analysis (on the left).  Data set represents one week 
time period from real process. 
 
 
A more sophisticated way to estimate changes in the deterioration indicator is to 
calculate changes in the measurements standard deviation (Figure 16). As long as a 
measuring device works properly, standard deviation should stay nearly constant. 
Standard deviation varies also with process conditions, but according to our 
experience variation in those cases is much smaller. In the case of deterioration, 
standard deviation either grows (measuring device oscillates) or converges depending 
on device.  
 
 

5

10

15

20

5

10

15

20

5

10

15

20

5

10

15

20

5

10

15

20

5

10

15

20

5

10

15

20

5

10

15

20

5

10

15

20

5

10

15

20

5

10

15

20

5

10

15

20

5

10

15

20

5

10

15

20

5

10

15

20

 
Figure 16. Standard deviation- based deterioration indicator (on the right) for same 
data as in Figure 15. 
 
 
Results from the indicator fall into two categories: need for calibration and warning 
for breakdown — depending on how the application is adjusted. Beginning 
deterioration is compensated in the pre-processing and in the calculation of the 
estimate, but after a certain point confidence values and confidence of the estimate 
descends. Warnings may contain information about problems in the measuring device 
(on-line analysis is not reliable and estimate is based mainly to the laboratory 
analysis).  
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6 CASE STUDIES 

This chapter discusses the actual calculation of the optimal estimate for the studied 
on-line measurement and demonstrates problems that possibly occur in pre-
processing.  
 
Optimal estimation of measurements is a data fusion task in which measurement data 
from two sources are continuously evaluated, pre-processed and combined. This 
continuous monitoring makes it easier to compensate for errors and react to the 
diagnosed faults. Calculation of confidence levels is a useful application to validate 
measurements. 
 
Case studies with varying bias error, breakdowns and standard deviation are 
presented in these examples:  

• The first example consists of relatively well working time period, where on-
line signal is slightly biased. Main target is to remove time delay caused by 
laboratory analysis. 

• Second case includes a bias error with occasional zero values in the 
measurement signal. Target is to remove time delay, correct generating bias 
and remove faulty sensor values. 

 
In both case studies, the thickest line represents data from laboratory analysis. On-line 
signal is the lighter and more rapidly changing line. Gray line represents calculated 
estimate. In both cases, the studied time period is one week. 

6.1 Case 1 

Case 1 represents a time period, where problems do not occur. Variations in the on-
line measurement signal are slightly greater than in the laboratory analysis (

). Absolute limits (2σ) are calculated from the data which is collected from the 
same measurement device, only from the longer time period.  

Figure 
17

Figure 
17

 
Adaptive fuzzy limits are calculated in 24 hour time window and they change 
according to the variations in the on-line measurement. In this case, when 
measurement does not include disturbances/breakdowns, only weighted fuzzy limits 
(equation 5) are represented as standard fuzzy limits behave very similarly. Absolute 
limits were not crossed at all and fuzzy limits only in some transition points (

) (filtering corrects values which overlap fuzzy limits closer to laboratory analysis). 
 
Bias correction is done also in 24 hour time window, where the mean is calculated for 
laboratory and on-line signals and difference between them is corrected after every 
new measurement. Doing this, the stepwise change in laboratory analysis does not 
cause abrupt changes in the estimate. 
 
After these corrective actions, confidence levels are calculated (Figure 19) and the 
estimate is formed (Figure 18). As can be seen from figure 18, all the undesired 

 28



properties of the original signal are removed as the estimate still has the same 
characteristics as the original measurements. At the first glance of figure 19, it looks 
like the original measurements should be trusted all the time. It has to be noticed that 
the confidence level is calculated after the pre-processing and does not represent the 
original signal. So, the measurement having confidence level of 1 does not mean that 
the measurement should be trusted as it is.  
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Figure 17. Case 1. Relatively well working time period. 
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Figure 18. Calculated optimal estimate to the case 1. Notice tighter scale in the y-
axis, when comparing to the previous figure. 
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Figure 19. Confidence levels of laboratory analysis and measurement (case 1). 
 

6.2 Case 2 

Case 2 represents a situation, where problems start to generate as the on-line 
measurement drifts further away from the laboratory analysis. After a sudden 
breakdown bias error stabilizes. Standard deviation based adaptive fuzzy limits 
(chapter 3.3.2) expand during the breakdown and return to the realistic level after 24 
hours (Figure 20). In figure 21, the adaptive fuzzy limits calculated with the modified 
deviation (equation 5) are presented. The justification of modified fuzzy limits can be 
clearly seen as modified fuzzy limits stay relatively constant and are not disturbed by 
the breakdown. 
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Figure 20. Case 2 with laboratory analysis, on-line measurement with a small 
breakdown and slowly generating bias and fuzzy limits. 
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Figure 21. Case 2 with laboratory analysis, on-line measurement with a small 
breakdown and slowly generating bias and modified fuzzy limits. 
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Figure 22. Calculated optimal estimate in case 2. Notice different scale in the y-axis, 
when comparing to the previous figures. 
 
 
The calculated estimate is presented in figure 22. Despite the problems, the estimate 
is still reliable and includes the properties of the original measurements. In this case, 
confidence level of the measurement ( ) shows some degradation. Also the 
time gap between laboratory analyses varies which can be clearly seen from figure 
23.  

Figure 23

Figure 23. Confidence levels of laboratory analysis and measurement (case 2). 
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7 SUMMARY AND CONCLUSIONS 

Controller performance is highly dependent on the reliability of measuring devices 
and laboratory analysis. Measured process data is inherently inaccurate. These 
measurement errors can be caused by random noise, deteriorating, malfunctioning or 
miscalibrated instruments.  
 
Data validation method combines information from laboratory analyses and 
measurement device data to calculate the optimal estimate of the actual process 
variable. This reconstructed data is then brought forward to operators or used by the 
controller (the estimate can be applied as a part of advisory or direct control strategy 
depending on the target process). 
  
This paper describes an adaptive calculation procedure for the estimation of the 
measured plant variable as the reference signal is available. The reference signal may 
be analytical (laboratory) measurements and/or other process information that can be 
estimated to be more accurate than on-line measurement. 
 
Used limits in data validation are proven to be critical, since too strict limits give 
laboratory analyses unnecessarily big weight and lose fast and short-time changes in 
the process. On the other hand, limits too wide allow faulty measurement device 
readings to be accepted and used in further process control (measurement device 
malfunctions are not differentiated from process upsets). If a faulty measurement 
device is detected (measurement device readings change more rapidly than process 
dynamics will allow or signal is not inside the area of operation) estimation algorithm 
tends to follow laboratory analysis and only when possible takes advantage from the 
measurement device data.  
 
In the case of classifier, static fuzzy limits are useful, if measurement’s range do not 
vary widely between different process circumstances. In the case of narrow range, the 
absolute limits can be set tight enough and static fuzzy limits are used to smooth 
change between reliable and non-reliable measurement. In the case of varying process 
conditions, adaptive fuzzy limits give more reliable and useful information from the 
variations in the measurement. Especially modified adaptive fuzzy limits are robust 
way to estimate changes in process measurements. 
 
Output of the classifier (weighted estimate of the measured variable) is generated in 
the real time and the admissible range is adaptively adjusted as a function of process 
conditions and the measuring device. The effects of the failures and measurements 
oscillation are taken into account by diminishing their relative weight. Tests have 
been supplemented by simulated sensor failures. Real data sets have been collected 
from an operating plant and supplemented with artificial data. The important features 
of the calculation of the estimate are summarized below: 
 

• A model of the physical process or expert knowledge is not needed for 
successful calculation of the estimate. Only prominent data period of 
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measurement device data and analytical measurements are needed for basis of 
the process parameters (range and maximum step) estimation. 

 
• The pre-processing manipulates measurements that are beyond the fuzzy 

limits of the variable’s dynamic range and by correcting the static error 
between measurement device data and laboratory readings. 

 
• The confidence level of the measurement is determined by the deviation of the 

measurement from the laboratory analysis and by change between individual 
measurements. Respectively the confidence level of laboratory analysis is 
only time-dependent. The weight coefficients of the on-line signal and 
laboratory measurements are adaptively updated. 

 
• The calculation of the estimate tends to trust to the measurement always, 

when its confidence level is relatively high and to use laboratory analysis only 
for the bias correction. 

 
Changes in the deterioration indicator were calculated by using changes in the bias or 
in the measurements standard deviation. Growing or oscillating bias error indicates 
either need for recalibration (measuring range changed) or deterioration in the 
measurement device.  On the other hand, as long as a measuring device works 
properly, standard deviation should stay nearly constant. In the case of deterioration, 
standard deviation either grows or converges depending on the case. Usefulness of 
the deterioration indicator can probably still be improved by fusing bias- error, 
variation in the standard error and total confidence value together. 
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