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ABSTRACT

This paper presents a modified Partial Least-Squares (PLS) method that integrates an bias update scheme and an advanced cross-validation method that takes into account the correlation coefficient (CC) between the observed quality values and the predicted ones as well as into account prediction error sum of squares (PRESS) to determine the optimal number of latent variables. The modified PLS method has a great advantage that it improves the robustness of an inferential model without updating model parameters at short intervals for a very changeful chemical process with frequent changes of the operational condition or disturbance. It has shown that the proposed PLS method has a better performance when it was applied to an industrial chemical process.

INTRODUCTION

In order to control product qualities that fluctuate with large variations even in normal operation regions, inferential sensors are often used instead of direct on-line measurements of controlled variables in process industry. Reasons for the lack of real-time measurement include cost, reliability, and long analysis times or long dead times for sensors located far downstream. In these cases, an inferential model provides an estimate of the process variable which can be used in the design of a feedback controller to provide approximate regulation of the true variable.

Kresta et al. (1994) investigates the use of a multivariate regression method, PLS. It is shown that PLS provides a general method for building empirical inferential models when one has data on a large number of process variables and when these variables are highly correlated with one another. Fujii et al. used PLS method to select the important variables for empirical modeling as well as to build the models for predicting the top composition in a distillation column [Fujii et al., 1997]. Recently, Han and Han developed a hybrid model by combining a thermodynamic compression/expansion model into a PLS model to predict the power consumption/generation rates of an industrial compression/expansion system [Han et al. 2002]. 

However, in the case of chemical processes with frequent changes in operating condition and disturbance, it is necessary to update the PLS model frequently, thus resulting in deteriorating the prediction performance when online measurement data are not enough for modeling. The modified PLS method proposed in this study helps more exact prediction of controlled variables and needs less model updating frequency even under these changeable operating condition and disturbance because it has the following two advantages over the conventional PLS methods. The first one is that the use of the advanced cross-validation method is effective for predicting a sudden drop or jump in controlled variables due to changes in operating condition or process disturbances. The other is that PRESS is reduced by updating the large biases regularly over a specified threshold between the predicted and measured values of controlled variables. In addition, the influences of the selection of samples and variables on the model performance are also investigated to improve the prediction capability of the modified PLS method.

In this article, we will present an application of the modified PLS method to an industrial Terephthalic acid (TPA) manufacturing process to investigate the modified PLS model is much more effective than the conventional PLS methods for early detecting sudden changes of the controlled variable, 4-carboxybenzaldehyde (4-CBA) concentration of the TPA product, and for controlling variations of product qualities. First, we will present brief explanations of the PLS methods and the TPA manufacturing process. Then, the modified PLS methods are elucidated strategic methodology and its principle. Finally, the proposed method is applied to the process to verify the effectiveness of the inferential model used for the real-time quality control.

BACKGROUND ON PARTIAL LEAST SQUARES METHODS

The basic concept of the PLS method is to project the high dimensional spaces of the input and output data obtained from a process onto the low dimensional feature (latent) spaces, thus finding the best relation between the feature vectors on the basis of the multivariate statistical projection techniques. It has the advantage of dealing with singular and highly correlated regression problems over the traditional multiple linear regression methods and gives helpful information such as scores, regression coefficients, and loadings with which one can easily interpret the modeling results. The detail algorithm and characteristic of PLS is represented in a reference [Geladi et al., 1986]. 

MODIFIED PARTIAL LEAST SQUARES

Product qualities in a chemical process are very changeful due to frequent changes in operating condition and inevitable disturbance. Hence, the accuracy of the PLS model for these quality variables is likely to deteriorate soon because of those characteristics of the chemical processes. Therefore, the models for estimating product quality have to be updated frequently to play a major part as an inferential model in the quality control system. Additionally, enough online measurement data are also needed for the good prediction performance of a newly updated model. In practice, however, it is hard to maintain the good prediction capability of the model by its updating since production qualities are analyzed from three times to six times at every day. 

The modified PLS is proposed to compensate the week points of the conventional PLS methods as mentioned above in changeful chemical processes. We will emphasize the following two points with respect to the proposed method: the first one is the advanced cross-validation method and the other is regularly updating the biases. A criterion of the conventional cross-validation method is PRESS that represents the total of the prediction error sum of squares for all samples in sub-groups. Such a criterion for model selection is appropriate when the prediction is concerned with the historical data obtained from a well-defined system with enough observations. However, this criterion is not appropriate for the chemical process with the frequent changes of operational conditions or various disturbance. In order for an inferential model to be used for a quality control, the model should provide good prediction capability as well as the robustness. As a new criterion for the cross-validation, the advanced cross-validation method accounts for the CC between true measurements and predicted quality values in addition to PRESS. The linear relationship between the two ratios can be measured by CC:
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where, 
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 is the mean-corrected value of the ith observation for the kth variable, and n is the number of observations. By increasing the number of latent variables (LVs), CC has been increased at the beginning but it has been diminished at the end. The optimal number of latent variables can be determined to have a maximum value out of all CC or a minimum PRESS value. However, from the results of a validation in the study, the optimal numbers of LVs each from CC and PRESS are not always the same as each other. Therefore, we proposed the advanced cross-validation by defining the new criterion, 
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In addition to the advanced cross validation, a bias-updating scheme has been performed regularly like a degree of difference between true measurements and predicted quality values if the difference is larger than a certain threshold. It is effective for correcting not a trend difference but a biased absolute value of the predicted quality.
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Fig. 1. Scaled cumulative PRESS and CC for selecting LVs for the estimation model.

Table 1. Results from the advanced cross validation method.

	Model
	LVs
	Training Data
	Test Data

	
	
	R2Y
	RMSE
	R2Y
	RMSE

	Model 1
	11
	74.18
	0.0076
	50.02
	0.016

	Model 2
	2
	57.15
	0.0098
	55.62
	0.012
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Fig. 2. Measured 4-CBA concentration vs. predicted ones for the training data.

Fig. 3. Measured 4-CBA concentration vs. predicted ones for the testing data.

CASE STUDIES

Process Description: TPA is a monomer used to manufacture polyethylene terephthalate (PET), which then is formed into films, textiles, bottles, and plastic molds. In all these commercial processes, p-xylene is partially oxidized with air to TPA, and 4-CBA is inevitably formed as an undesirable impurity during the oxidations. The amount of the 4-CBA contained in TPA product determines mainly the quality of TPA because the 4-CBA prevents the TPA from being polymerized stably in PET manufacturing processes. Therefore, TPA manufacturers have been striving to minimize the 4-CBA and its variability in TPA products, through various manners such as modeling, optimizations, controls, and statistical analyses of TPA manufacturing processes [Jaisinghani et al., 1997; Cincotti et al., 1999]. 

Data Preparation and Preprocessing: The real-time database (RTDB) system and the laboratory information management system (LIMS) have been running to collect the measurements on the process and quality variables for the whole process. Since the concentration of 4-CBA varies only due to the oxidations, the data measured only on the oxidation processes are required for modeling and analysis. All the PLS models built here use the historical data measured during the last 2 month operation of the TPA manufacturing process. Statistical outliers were removed from the data set on the basis of principal component analysis [Wold et al., 1987]. Finally, the following two data matrices are prepared for the PLS modeling: the data matrix 1 with the size of 100 observations by 38 variables (37 input variables and 1 output variable) for training, and the data matrix 2 with the size of 100 observations by the same variables for testing. 

Modeling and Discussion: At first, a PLS model is developed through finding the optimal number of latent variables (LVs) based on the advanced cross-validation for 40 subsets of the data. Figure 1 shows that the optimal numbers of latent variables each obtained from CC and PRESS are not the same as each other. Table 1 represents the results of the optimal LVs, the explained variance of quality (R2Y) and the root mean squares error (RMSE) with the both training and test dataset. In the table, the model 1 is developed by the conventional PLS, and the model 2 is developed by the modified PLS using Cr with 
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 of 1. Both Fig. 2 and Fig. 3 show that the target process has very changeful product quality. It shows the tendency that the model 2 built on the basis of the CC criterion have better robustness with a higher R2Y and a lower RMSE for the testing data (Fig. 3) although the model 1 shows better performance in fitting the training data (Fig. 2). It can be confirmed that the model 1 deteriorates gradually with increasing time as shown in Fig. 3.

CONCLUSIONS

A modified PLS method was successfully developed to cope with the problem that the prediction capability of the model deteriorates gradually due to frequent changes in the operating condition of a chemical process. The advanced cross-validation using CC as an additional criterion was effective to improve the robustness of an inferential model. In addition, the bias-updating scheme increases the prediction power of the inferential model. Finally, using the modified PLS method, it was possible to construct a powerful inferential model which was then used for controlling the 4-CBA concentration effectively in the industrial TPA manufacturing.
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